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To the rebellion of the soul against the intellect...



\Education is the most powerful weapon
which you can use to change the world."

Nelson Mandela



Abstract

Well-being is an important value for people’s lives, and it is crucial for societal progress.
Considering that well-being is a vague and multi-dimensional concept, it cannot be cap-
tured as a whole but through a set of health, socio-economic, safety, environmental, and
political dimensions. The current Ph.D. thesis focuses on the safety dimension, and in
particular on peace, which is an emerging challenge nowadays. Peace is the way out
of inequity and violence, and its measurement is crucial, considering that the world is
constantly under socio-economic, political, and military instability. Novel digital data
streams and Al tools foster peace studies during the last years. Following this direc-
tion, we exploit information extracted from a new digital database called Global Data
on Events, Location, and Tone (GDELT) to capture the Global Peace Index (GPI), a
well-known o cial peace index. Applying predictive machine learning models, we demon-
strate that news media attention from GDELT can be used as a proxy for measuring
GPI at a higher frequency than the o cial yearly index cost- and time-e ciently. Addi-
tionally, we conduct variable importance analysis, and we use explainable Al techniques
to understand better the models’ behaviour, peace, and its determinants. This in-depth
analysis highlights each country’s pro le and explains the predictions, prediction errors,
and events that drive these errors. We believe that novel digital data exploited by re-
searchers, policymakers, and non-governmental organisations, with data science tools as
powerful as machine learning, could maximize the societal bene ts and minimize the risks

to peace and well-being as a whole.

Keywords: Al for Social Good, Machine learning, Novel digital data, GDELT, news,
Explainable Al, SHAP, Well-being, Peace, Global Peace Index
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Chapter 1

Introduction

The global challenges regarding people's well-being that today's society faces are manifold.
In a major attempt to face them, researchers of various disciplines, from psychologists
to computer scientists, governments, non-governmental organizations, and policy-making
centers, are actively working on identifying the most critical societal challenges related
to well-being. This way, they can provide better decision support and solutions that can
drive to higher levels of people's well-being, which is fundamental since a country's level
of well-being re ects its societal progress [1, 2].

Since well-being is a vague and multi-dimensional concept, it cannot be captured as
a whole but through a set of health, socio-economic, safety, environmental, and political
dimensions [3, 4]. Therefore, the scienti c community is focused on carefully specifying its
measurable dimensions [5, 6]. For example, the United Nations Development Programme
(UNDP) introduced the Sustainable Development Goals (SDGs) during the United Na-
tions Conference on Sustainable Development in Rio de Janeiro in 2012 [7]. In total, the
SDGs are 17 universal objectives [8, 9, 10], such as \Good Health and Well-Being", \No
Poverty", "No hunger", "Gender Equality”, \Reduced inequalities”, and "Sustainable
cities and communities”. By realizing these objectives, the global community can ensure
higher levels of societal well-being.

The data revolution and Arti cial Intelligence (Al) play an important role in exploring
well-being and realising the goals set. It is not surprising that the UN underlines that
unprecedented availability of large-scale human behavioral data harnessed with Al tools
can crucially contribute to the investigation of patterns of phenomena related to people's
health and well-being [11, 12]. Data and Al are profoundly changing the world we live
in and are the lifeblood of decision-making. Without data, we cannot know how many
people are born and at what age they die. We cannot know how many men, women,
and children live in poverty and how many children need education. We also cannot



know whether greenhouse gas emissions are increasing or the sh stocks in the ocean are
dangerously low, to name but a few.

It is therefore evident that Al for well-being is an emerging eld. This thesis conducts
complete research on the topic, from exploring the major measurable well-being dimen-
sions to conducting an applied analysis with novel digital data and Al tools. Following
this direction, we aim to demonstrate that novel digital data and Al tools can capture
well-being dimensions and contribute considerably to research with traditional data.

We rst introduce well-being and its two core concepts, objective well-being and sub-
jective well-being. We then perform an in-depth review of the SDGs set by the UNDP,
the Better Life Index (BLI) created by the OECD, and the project named \Benessere
Equo e Sostenibile" (BES) that stands for \Fair and Sustainable Well-being" owned by
the Italian National Institute of Statistics (ISTAT) [13]. We also review existing surveys
and studies (such as the survey by Diener et al. [14]). We identify the most important and
measurable dimensions of objective well-being, such as health and safety, and the dimen-
sions of subjective well-being, such as the social environment. This theoretical analysis
reveals that research in safety, particularly in peace that is interrelated with safety, is
still at the very beginning. Indeed, to date, the use of big data and Al to foster research
in the safety and peace eld is lacking [15, 16], leaving ample space for contribution.
The Expert Panel also con rms this on Technology and Innovation in UN Peacekeeping,
which recognizes the importance of harnessing the data revolution for the bene t of the
international community, safety, and peace [17].

The thesis's core content and most analytical part focus on Al for peace. Armed
violence is constantly on the rise, and it is challenging to prevent it [18]. Since 2011, at
least 100,000 people have been killed in deadly con icts, with the majority of them in
Afghanistan, Iraq, and Syria. Although the rate of major wars declined over the past
decades, the number of civil con icts and terrorist attacks increased in the last few years,
even in developed countries [16]. In addition, the war expenses for the war-torn countries
weaken their economies. For example, since 1996, the Democratic Republic of Congo
has spent on war almost one-third of its gross domestic product [19]. For this reason,
recently, the UNDP included on their goals the SDG 16, i.e., \Peace, Justice, and Strong
Institutions".

O cial indexes created to measure peace usually fail to give an early warning of socio-
economic, political, or military events. Governments and the international community
often have little warning of abrupt changes in peace and safety. For example, the Global
Peace Index, the world's leading measurement of national peace, produced by the Insti-
tute for Economics and Peace [20], is an annual index and, thus, it neglects short-term



uctuations of peace. The reason behind the yearly GPI uctuation is, among others, the
measurement of GPI by institutional surveys and governmental data, which are usually
expensive and time-consuming [4]. Thus the nal estimates are produced only after a
series of yearly revisions.

Consequently, the main objective of this thesis is to demonstrate that an o cial peace
index, such as the GPI, can be estimated with the use of Al and novel digital data at a
higher time-frequency than the o cial index score. Therefore, the main research question
of the thesis is:

A

RQ1: Can we measure GPI through novel digital data and Al tools at a higher time
frequency as compared to the o cial index?

To tackle this task, we exploit machine learning and information extracted from a
digital database called Global Data on Events, Location, and Tone (GDELT) [21]. We
use news media attention from GDELT as a proxy for estimating GPI to complement
the knowledge obtained from the traditional data sources and overcome their limitations.
News media records generally describe a variety of subject domains (e.g., economic events,
political events) and represent a wide range of targets (e.g., opposing politicians) [22].
Considering that GDELT is a free access database updated daily, it can contribute to the
monthly estimation of GPI as compared to the real annual GPI. Besides, GPI through
GDELT is produced at a low cost and time-e cient way, compared to the traditional
methodology.

We perform our analysis for all countries around the world. In particular, our models
exploit the information from GDELT to provide GPI predictions from 1-month-ahead up
to 6-months-ahead. Our results demonstrate that GDELT variables are a good proxy
for measuring GPI at a monthly level. There are country models that show high per-
formance, such as the United Kingdom and Yemen, countries that show medium perfor-
mance, such as Chile and Libya, and others that show low performance, such as Estonia
and Cyprus. The reasons for the low model's performance could be various, such as the
under-representation or over-representation of some countries through the GDELT news
[23].

Furthermore, we deepen our analysis by setting an additional research question:

N

RQ2: Can we explain peace and its determinants for each country?

To tackle this task, we conduct variable importance analysis and use explainable Al
(XAI) techniques [24, 25, 26]. We identify the relationships between the GDELT variables
and peace and explain the models' behavior. This analysis allows us to unveil each
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country's pro le. For example, the most important variables for the United States indicate
a powerful country in military, socio-economic, and political terms. In contrast, the most
important variables for Iceland denote a peaceful country.

Frequent estimation updates of the GPI score through the GDELT database could ag
con ict or war spots months in advance and reveal considerable month-to-month peace
uctuations and signi cant events that would be otherwise neglected. For example, even
though Yemen is a war-torn country, and it is currently at war, it might be the case
that a month is less warn-torn. This uctuation can be easily observed by monthly GPI
measurements and can be di cult to capture by yearly GPl measurements.

Overall, we believe that the research conducted for the purposes of thesis o ers great
value to the scienti c community and especially to researchers interested in the so called
\Data Science for Social Good" (DS4SG) eld or similarly \Arti cial Intelligence for
Social Good" (Al4SG) [27]. Particularly, it can be bene cial to non-governmental organi-
zations, such as the United Nations and its agencies, to organize early peace interventions.
Similarly, this study could be extended to any well-being dimension, to foster well-being
research and decision-making. This way, detrimental societal e ects could be prevented,
and the world could be closer to lasting societal progress.

Structure of the thesis

The present Ph.D. thesis is a cumulative thesis. The content of the chapters are essentially
modi ed versions of papers published in the course of the Ph.D. program [4, 28, 29, 30]. In
what follows, we present the thesis structure and a brief synoptic outline of each chapter.

" In Chapter 2 - State of the art , we introduce the reader to core concepts related
to the topic of the Ph.D. work, and we provide an extensive literature review. We
rstly start from the general concept of interest, i.e., well-being. We introduce the
theory of well-being, present its dimensions, and focus on the safety dimension and
its interrelation with peace. Furthermore, we present the novel digital data used to
measure peace and peace- or safety-related indicators, as well as their advantages
and disadvantages. Last, we present studies that use novel digital data and Al
technologies to study peace.

In Chapter 3 - Setting the stage , we set the stage for the research. We rst
de ne the objectives of our work and formulate the main research question (RQ1)
we attempt to answer. Secondly, we describe the data used for the conduction of
the research, i.e., the o cial GPI (ground truth data), the GDELT data and the
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variables created from the GDELT data (exogenous data), and we discuss which of
these variables could cover the GPI indicators. In addition, we present the predic-

tion models we use for the predictions of the GPI. Last, we introduce the SHAP

methodology, which we use to answer the additional research question (RQ2), to
interpret better our models and explain the results or errors in the predictions.

In Chapter 4 - Measuring peace through the world news we mainly focus on
the RQ1. Particularly, we present the methodological approach used to conduct the
research and the estimation framework we apply to measure and predict the GPI.
Then, we present the models' results and validate the GPI predictions from 1-month-
ahead to 6-months-ahead. We also compare the results between the machine learning
models, and we illustrate that countries demonstrate stable behavior between the
di erent algorithms. Last, we present and interpret the results of country models
which show high, medium, or low performance.

In Chapter 5 - Understanding peace , we mainly focus on the RQ2. In particular,
we conduct variable importance analysis, and we apply explainable Al methodolo-
gies for the high performance models. We show that the most important variables
that the models use for the predictions reveal the pro le of the country, e.g., Yemen
has a war-torn country prole. In addition, the explainable Al techniques con-
tribute to the interpretation of the models' results, explain peace and its determi-
nants throughout the months, and help to understand better the models' behavior,
such as large errors produced in the predictions.

In Chapter 6 - Conclusion , we summarise the main research objectives of the
thesis, the methodologies we use to tackle them, and the main ndings. We also
discuss the advantages and we point out drawbacks and biases of the presented
approach in particular, and for well-being studies in the digital era in general. Last,
we extensively discuss future research lines and conclude the thesis.



Chapter 2

State of the art

2.1 Well-being and the relevant dimensions

The concept of well-being is crucial for the societal progress, despite being vague and not
clearly de ned up to date. Economists and policy-makers have traditionally considered
Gross Domestic Product (GDP) as a good indicator of well-being in society, mainly be-
cause it is linked with the standard of living indicators [31]. However, GDP has been
criticized as a weak indicator of well-being and, therefore, a misleading tool for public
policies [2]. Although GDP re ects current economic activity, it ignores the destruction

of the natural environment, safety, health, and other factors associated to well-being.
Consequently, in 2009, the Stiglitz Commission [32] observed that other tools should be
used, complementary to GDP, for the measurement of well-being. In line with the afore-
mentioned criticisms and suggestions, non-governmental organisations and researchers
with various backgrounds, from economists to psychologists, created alternative ways to
measure well-being. For example, the United Nations Development Programme (UNDP)
created the Human Development Index (HDI) [33], which evaluates the extent people have
a long and healthy life, are knowledgeable and have a decent standard of living. Similarly,
the OECD organisation created the Better Life Index (BLI) [34] which evaluates other
well-being dimensions, such as safety, life-satisfaction, and work-life balance.

Well-being dimensions might be either of objective or subjective nature. Indeed, re-
searchers working on the eld have suggested two type of concepts for measuring the well-
being, i.e., the objective well-being, which is represented by the objective dimensions, and
the subjective well-being, which is represented by the subjective well-being dimensions.
For example, it might be di erent how healthy an elderly is, and how healthy an elderly
feels [35].

Since de ning objective well-being is a challenging task, researchers have focused on



exploring its dimensions rather than its de nition [5, 6]. For example, the Organisation
for Economic Co-operation and Development (OECD) has identi ed 11 essential topics
labeled as OECD well-being framework [3]. Similarly, the United Nations Development
Programme (UNDP) has identi ed 17 sustainable development goals (SDGs) [8]. From the
initiatives mentioned above, it is evident that di erent institutions propose di erent well-
being dimensions, which are sometimes vague and hard to capture. Therefore, as already
anticipated in Section 1, we identify six concrete, objective and measurable dimensions of
well-being: health, job opportunities, socio-economic development, environment, safety,
and politics.

On the contrary, subjective well-being, also called happiness, is commonly de ned
as the degree to which an individual assesses the overall quality of her life-as-a-whole
favorably [36]. This might as well be di erent as compared to GDP, which cannot be
representative of societal happiness. Indeed, GDP explains only a small proportion of its
variations on humans [37] and might be di erent from people's perceptions of their well-
being [38]. Subjective well-being is traditionally captured through studies based on data
collected by self-reports. These studies highlight ve main dimensions of subjective well-
being: the role of human genes, which is fairly heritable [39, 40, 41, 42, 43, 44, 45, 46, 47];
universal needs, meaning basic and psychological needs [48, 49, 50]; social environment,
such as education and health [51, 52, 53, 54, 55]; economic environment, including a lot
of research on income [56, 57, 58, 59, 60]; and political environment, such as democracy
and political freedom [61, 62].

Taking into consideration the multi-dimensionality of both objective and subjective
well-being, studies are usually focused on exploring one of the dimensions (e.g., [63, 64, 65,
66, 67]). This approach is also followed for the purposes of the current thesis. Speci cally,
this thesis aims to explore safety, an objective well-being dimension.

2.2 Safety and its interrelation with peace

Safety is one of the most essential objective well-being dimensions for a democratic society
[4]. Particularly, nowadays that the world is under socio-political instability and under
constant con icts, safety is a core element for people's well-being. According to BLI, the
safety dimension covers the risk of people being physically assaulted or falling victim to
other types of crime. Crime may lead to loss of life and property, as well as physical
pain [68]. For example, based on the latest OECD data, the average homicide rate in the
OECD countries is 3.6 murders per 100,000 inhabitants [68]. Besides, the Italian BES
project [13] suggests that safety is characterized by two determinants, i.e., criminality



and violence. Particularly, the concept of safety covers substantially the targets \Reduce
violence everywhere", \Combat organized crime and illicit nancial and arms ows", and
\Strengthen national institutions to prevent violence and combat terrorism and crime",
which are created to promote the SDG 16 [69], i.e., peace justice and strong institutions.
Thus, considering that peace is associated with a world free of violence and war [70],
where individuals live in a safe environment, the concepts of safety and peace can be
addressed with interrelation.

In particular, according to Galtung [70] a common conception of peace is Negative
Peace, or actual peace. Negative peace is the absence of violence and the absence of
war. Achieving negative peace is often the rst goal for maintaining a peaceful society,
as outright violence is an obvious indicator that a society is not peaceful. In addition, it
is negative because something undesirable stopped happening (e.g. the violence stopped,
the oppression ended). Researchers, policymakers and peacekeepers use this de nition
as agship for developing and measuring peace indicators [71]. For example, the Global
Peace Index (GPI), the world's leading measurement of national peace produced by the
Institute for Economics and Peace (IEP) measures negative peace [20] (we describe GPI
in detail in Section 3.2.1).

Similarly to most o cial well-being related indexes, such as HDI and BLI, the GPI is
captured by o cial data, like surveys and governmental data, economic data, police data,
etc. Likewise, researchers study peace or peace indicators related to violence with the use
of o cial data. For example, Brackner and Ciccone [72] use o cial con ict, economic, and
environmental data to examine whether civil wars outbreaks are more likely due to certain
economic conditions in Sub-Saharan African countries. Hegre et al. [73] use demographic,
mortality, and other o cial data to predict changes in global and regional incidences of
armed con ict for the 2010{2050 period. Furthermore, Chadefaux [74] uses nancial data
of government bond yields to show, among others, that wars involving democracies lead
to greater market shocks.

However, traditional data might bring biases and limitations. For example, although
data collected through surveys have been proven to be valid, they are costly, time-
consuming [75, 4], and might include errors brought from social desirability biases due
to participants' inaccurate answers [76, 4]. In addition, socio-economic data and other
governmental data are hard to collect, not yearly updated and could have a lag of up to
two or three years. Thus, they might not be accurately representing the corresponding
year of the peace measurement.

As con icts and violence become increasingly complex, policymakers and peacekeepers
search for novel approaches to tackle the growing challenge. The revolution of digital



data and Al may help overcome the aforementioned di culties providing cost-e cient,
time-e cient, and almost real-time estimates of peace. In other words, novel digital
data harnessed with Al techniques are powerful tools to measure peace or peace-related
indicators, produce early warnings of peace changes, and complement the estimations
produced from o cial data. The crucial role of the novel digital data and Al was also
highlighted by the United Nations, in 2014, that recognized the importance of harnessing
the data revolution to put the best available tools and methods to work in achieving the
SDGs [77]. However, the application of new technologies and novel data in the peace area
is, in comparison to the rest of SDGs, still in an early phase.

2.3 Peace in the digital age

In line with the UN strategy, independent researchers explore data-driven and technol-
ogy{based solutions for the pursue of peace. Similarly to other well-being dimensions,
safety, peace or peace-related indicators are captured by social media data, mobile phone
records, GPS data, web search queries, crowdsourced data, and news data.

Social media data

Social media platforms such as Twitter, Facebook, and Instagram can be considered
a digital database of information about online users, hence rendering individuals' online
activities accessible for analysis. Given this enormous potential, researchers, governments,
and corporations are turning their interest on social media to understand human behavior
and interactions better [78]. Among all social media, Twitter is the most popular, since
it provides public access to data through APIs with the least restrictive policy. The
Twitter APIs return information about locations, date of the event, interactions with
other users, or tags inserted in the tweet. Twitter also returns some information about
the user pro le. However, despite their indubitable usefulness, social media data may also
encounter some concerns [79]. First of all, they may re ect social desirability biases, since
individuals manage their online pro les [80]. Besides, social media users may not be as
representative of the general population as traditional anonymized self-reports conducted
through a chosen representative sample [65].

Social media data are primarily used to assess indicators related to peace since they
render individuals' online activities accessible for analysis. For example, Curiel et al.
[81] collect Twitter data in 18 Spanish-speaking countries in Latin America and classify
the tweets as crime-related or not. By comparing the number of tweets related to crime



against the number of murders from o cial data they demonstrate that tweets re ect the
fear of crime. Chen and Neill [82] use Twitter data and propose a methodology that can
forecast with high accuracy and lead time civil unrest events. Similarly, Spangler and
Smith [83] analyze Twitter data to explore public dissent and civil unrest. Particularly,
they demonstrate that the estimates of public dissent in Canada and Kenya can predict
civil unrest events days before they occur in both countries. Additionally, Twitter data
are used to study early detection of the global terrorist activity [84]. For example, Az-
izan and Aziz [85] collect Twitter data to study terrorism. Speci cally, applying machine
learning techniques on users' tweets they sense their act leading to terrorism. Moreover,
Zeitzo [86] uses Twitter data and other social media sources to analyze the short-term
dynamics of the Gaza Con ict (2008{2009). He measures changes in Israel's and Hamas's
military response dynamics. Particularly, he demonstrates that both sides responses to
provocations increase shortly after the ground invasion. Additionally, after the UN Secu-
rity Council vote, Israel's response decreases, whereas Hamas's slightly increases. Siapera
et al. [87] analyze tweets posted in the period of the Operation Protective Edge (July
2014). Specically, they use data mining and sentiment analysis techniques to identify
and understand how the Gaza attack over the summer of 2014 was mediated. Also, Tucker
et al. [88] analyse Twitter data to study public violence and private con ict in Boston.
Zeitzo et al. [89] use Twitter data to demonstrate that some foreign policy networks,
such as English and Farsi Twitter networks can accurately re ect policy positions and
salient cleavages. Zagheni et al. [90] use Twitter data for users in OECD countries from
May 2011 to April 2013. They present an approach which can be used to predict turning
points in migration trends and understand the relationships between internal and inter-
national migration. In addition, Kadar et al. [91] use Foursquare data to describe urban
crime. Furthermore, Zagheni et al. [92] query data from the Facebook's advertising plat-
form to show the feasibility of nowcasting stocks of migrants within and across countries
and discuss the limitations of the data. Finally, Mazoyer et al. [93] have created a French
corpus of 38 million tweets, from July to August 2018, annotated for event detection
tasks, such as conict, war and peace, crime, and justice.

Researchers do not exclusively use social media data to study peace, but also a com-
bination of o cial and Twitter data. For example, Chen et al. [94] use Twitter data
combined with o cial weather data, to predict the time and location in which a specic
type of crime will occur in Chicago in the United States. In addition, Alexander et al.
[95] combine Facebook and surveys data and propose a statistical framework to produce
timely nowcasts of migrant stocks from Mexico, India and Germany, by state in the United
States.

10



Mobile phone records

Mobile phone records collect geographical, temporal, and interaction information on mo-
bile phone use [96, 97, 63, 64, 98, 99, 100], hence providing a comprehensive picture of
human behavior at a societal scale. Each time an individual makes a call, the mobile
phone operator registers the connection between the caller and the callee, the duration of
the call, and the coordinates of the phone tower communicating with the served phone.
Researchers use mobile phone records since they o er an additional advance; that is the
calling and texting activity of users, because they guarantee the repeatability of experi-
ments in di erent countries and on di erent scales given the worldwide di usion of mobile
phones [101]. Note that mobile phone records su er from di erent types of bias [102, 103].
For example, the position of a user is known at the granularity level of phone towers, and
only when they make a phone call. Moreover, phone calls are sparse in time, i.e., the
time between consecutive calls follows a heavy tail distribution [104, 105]. In other words,
since users are inactive most of their time, mobile phone records allow reconstructing only
a subset of a user's behavior.

Particularly, many researchers study peace by analysing mobile phone records, usually
in combination with traditional data as well as novel digital data. For example, Bogo-
molov et al. [106] use mob records for 3 weeks from the 9th to the 15th of December
2012, and from the 23rd December 2012 to the 5th of January 2013, in combination with
demographic data from December 2012 to January 2013, to predict crime in the city of
London. Experimental results show 70% of accuracy in predicting whether an area could
be a crime hotspot or not. Wu et al. [107] combine mobile phone data with o cial data,
such as poverty and unemployment statistics, to study mobility-based crime predictions.
Speci cally, they present a novel model that utilizes domain knowledge about biases in
reported crime data to characterize and enhance fairness and accuracy in mobility-based
crime predictors. In addition, Ferrara et al. [108] use mobile phone records to deeply
understand hierarchies within criminal organizations, discover members who play central
role and provide connection among sub-groups. Their work concludes illustrating the
adoption of our computational framework for a real-word criminal investigation. More-
over, researchers combine social media data with mobile phone records to infer migration
events and population movements [109]. For example, Chi et al. [110] use four years
of mobile phone data from Rwanda's near monopoly mobile phone operator, and three
years of Twitter data to study migration. In particular, the researchers propose a new
segment-based approach to measuring migration.
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GPS data

GPS data can track the movements of the individuals [111, 112, 113, 114] providing
time and location coordinates information, which can be used to link locations with
environments and to calculate the speed of movements [66]. For insurance reasons, some
vehicles have on-board devices that record the vehicle's position at regular intervals and
sends it to a GPRS server [115, 97]. GPS data can also cover rural areas, as opposed
to other data, mostly collected among citizens of urban areas [116]. Comparing to the
traditional data, usually extracted by self-reports assessed with questionnaires, GPS does
not bring any biases and misclassi cation, [117, 116], as it eliminates the social desirability
usually brought by self-report participants [118, 119]. Another advantage of GPS data is
that they provide real-time monitoring.

However, while there are studies based on GPS data covering hundreds of thousands of
individuals [115], most of the GPS studies are conducted with a few participants [120, 116],
usually due to privacy issues. Apart from this drawback, when a GPS is used indoors, the
spatial accuracy of the measurements is fairly detected [121], which might create problems
in research.

GPS data are used for a variety of peace-related studies, such as crime, safety, civil
unrest, protests, to name a few. For example, Robinson et al. [122] collect GPS, ac-
celerometer and personal data to study the relationship between the spatial distribution
of crime incidences and moderate-to-vigorous physical activity (MVPA) among adoles-
cents in Massachusetts between 2011 and 2012. Applying correlation and regression anal-
ysis they demonstrate that a strong positive association between crime and adolescent
MVPA. Daviera etl al. [123] collect GPS data for eight days in the city of Chicago, as
well as subjective and objective data. Conducting analysis of geo-narratives they show
that perceptions of safety and danger are related to environmental, social, and temporal
cues. Moreover, Robinson et al. [122] collect GPS, accelerometer and personal data to
study the relationship between the spatial distribution of crime incidences and moderate-
to-vigorous physical activity (MVPA) among adolescents in Massachusetts between 2011
and 2012. They demonstrate that a strong positive association between crime and adoles-
cent MVPA. Daviera etl al. [123] collect GPS data for eight days in the city of Chicago,
as well as subjective and objective data. They show that perceptions of safety and danger
are related to environmental, social, and temporal cues. Ariel et al. [124] use GPS data
to replicate ndings published from US o cial research on the e ect of hot spots policing
for the prevention of crime in England and Wales and demonstrate that victim-generated
crimes increase in both the near vicinity and in catchment areas.
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Web search queries data

Web search queries data report the frequency of speci c terms over time, entered into a
web search engine from users to satisfy their information needs. Data are represented as
time series of the frequency. Comparing to other data sources that require customized
and often complicated collection strategies, search data can be collected for many domains
simultaneously. They can also be easily analyzed across several countries or regions in
real-time. Search data are often helpful in making forecasts. However, their utility for
predicting real-world events is based on convenience, speed, and exibility and has less to
do with their superiority over other data sources. Goel et al. [125] provide a useful survey
in this area and describe some of the limitations of this data source. First, for di erent
domains, the size of the relevant population varies considerably, along with di culty in
identifying relevant queries. Additionally, in speci c domains, searching may be more
closely tied to the measured outcomes than in others.

In particular, researchers use Google Trends to study peace-related indicators. For
example, Qi et al. [126] show that a simple low-level indicator of civil unrest can be
obtained from online data at an aggregate level through Google Trends or similar tools.
The study covers countries across Latin America from 2011 to 2014 in which diverse civil
unrest events took place. In each case, they nd that the combination of the volume
and momentum of searches from Google Trends surrounding pairs of simple keywords,
tailored for the speci c cultural setting, provide useful indicators of periods of civil unrest.
Similarly, Qi et al. [127] study online search activity from Google Trends surrounding the
topics of social unrest over several countries in Latin America during 2011{2014. They
nd that the volume and momentum of searches surrounding mass protest language, can
detect { and may even pre-empt { the macroscopic on-street activity. They also nd that
the most crucial search keywords di er subtlety from country to country, even though
the language may be the same. They explain this by the fact that civil unrest is a
time-varying coordinated interaction between individuals, groups, or populations within
a given cultural and socio-economic setting. Muchow and Amuedo-Dorantes [128] use
data on calls for service dispatched to LAPD patrols from 2014 through 2017 to assess if
heightened awareness of immigration enforcement, as captured by a novel Google Trends
index on related searches, is associated with reduced calls to report domestic violence in
predominately Latino non citizen neighborhoods. They show that domestic violence calls
per capita dropped in LAPD reporting districts with a higher concentration of Latino non
citizens as awareness about immigration enforcement increased.
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Crowdsourced data

Crowdsourced data is another promising data source. In 2008, Kleemann and Rieder [129]
have de ned crowdsourcing as the \the intentional mobilization for commercial exploita-
tion of creative ideas and other forms of work performed by consumers". In other words,
crowdsourcing involves obtaining work, information, or opinions from a large group of
people who submit their data via the Internet, smartphone apps, etc. Naturally, crowd-
sourcing brings several advantages. Crowdsourcing can provide researchers with a huge
amount of data, which can be accessed quickly and at a relatively low cost. Besides,
comparing to traditional research (such as studies using traditional surveys), the use
of crowdsourcing can provide researchers with data from samples that are more diverse
[130]. However, crowdsourcing yields various challenges. Firstly, it may bring relatively
low-quality results, e.g., a participant of a crowdsourced study may intentionally give
wrong answers. Secondly, mobile platforms pose new challenges for crowdsourced data
management.

Researchers use crowdsourced data to study various concepts related to peace. For
example, Goodney Lea et al. [131] collect data through the Safecity.in crowdsourced
platform to map violence against women in 2012 in response to a brutal attack on a
woman in India who was out with her boyfriend at 8.30 p.m. They identify patterns,
categorize the assaults by location and type and propose a crowdmapping tool which it
can allow contribute to danger awareness and women empowerment. Palakodety et al.
[132] use YouTube data for analyzing the international crisis between India and Pakistan
for the dispute over Kashmir. In particular, they argue, among other, the importance
of hope-speech detection, which automatically detects web content that could play a
positive role in di using hostility on social media triggered by heightened political tensions
during a conict. Ozkan et al. [133] use crowdsourced police-involved killings data from
FatalEncounters.org, as well as media data, to control whether police killings is counted
and reported correctly in the aforementioned uno cial data, as compared to o cial data in
the city of Dallas. Results mostly show consistency between all data sources. Additionally,
Rumi et al. [134] use crowdsourced check-in and real-time emergency and propose a model,
which is e cient in preventing crime events and robust to emergency situations.

News data

Last, news data contain information extracted from newspapers around the world. They
generally describe a variety of subject domains (e.g., economic events, political events),
represent a wide range of targets (e.g., opposing politicians) [22] and are continuously
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updated, containing even archived historical news of the last decades. Nevertheless, news
data contain three main biases [135]. The gatekeeping bias, i.e., the editors or the jour-

nalists decide on which event to publish; the coverage bias, related to the coverage of
an event (e.g., western countries are over-covered, whereas African countries are under-
covered); the statement bias, when the content written by the journalist, even if tried to

be objective, is favorable or unfavorable towards certain events.

Researchers combine news data, such as ACLED [136] and GDELT [21], with other
o cial data to capture peace indicators [137, 138]. For example, Ide [139] uses ACLED
data to assess of the impact of COVID-19 on armed con ict based on data from the rst six
months of 2020. He shows, between others, that the armed con ict in Colombia between
the government and the Egrcito de Liberacon Nacional de-escalated considerably after
the pandemic struck the country, whereas in India it seems that the rebels use the lack of
state presence and economic deprivation caused by a heavy lockdown to recruit for future
o ensives (Bhardwaj, 2020, Kujur, 2020). Hossain et al. [140] use news data to present,
among others, an approach to converting predictions of the proposed models to real-world
warnings. Particularly, they extract features from the Arabia Inform news articles [141],

a corpus of news documents originating from North Africa (MENA) countries to predict
violent events in the Middle East and MENA region over a year from 1 August 2016 to
30 September 2017. For evaluation they use manually curated violent MANSA events,
called the gold standard report (GSR), which is provided by the Center for Analytics at
New Haven. [140].

The Global Data on Events, Location, and Tone database (GDELT) is a major news
data source that describes the worldwide socio-economic and political situation through
the eyes of the news media, making it ideal for measuring well-being and peacefulness [21].
GDELT is mainly used to explore social unrest, protests, civil wars and coups, crime, mi-
gration, and refugee patterns. For example, Qiao et al. [142] use GDELT to build a
framework that predicts indicators associated with country instability. The framework
utilizes the temporal burst patterns in GDELT event streams to uncover the underly-
ing event development mechanics and formulates the social unrest event prediction in
ve countries in Southeast Asia. Galla and Burke [143] use themes and events from the
GDELT database associated with social unrest. They apply machine learning techniques
to identify regions at state and county level in the United States where social unrest might
occur in near future. Alsagabi et al. [144] use GDELT data to predict the crime distribu-
tion over Saudi Arabia and to provide the indicators of speci ¢ areas which may become a
criminal hotspot. Their main goal is to demonstrate that their suggested feature selection
is more accurate than others, using the example of the Saudi Arabia. Joshi et al. [145]
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created Social Unrest Reconnaissance Gazetteer (or SURGE), a Webbased application
that provides an open system to visualize and integrate spatio-temporal data about social
unrest events in South Asia. The system displays eight categories of unrest for India,
Pakistan and Bangladesh, based mainly on the GDELT database and the Global Terror-
ism Database (GTD). This is an important system since it contributes, between other, to
deeper analysing the data, nding patterns, trends and outliers, but also visualising and
communicating important information. Qiao et al. [146] use GDELT data to predict so-
cial unrest events in Thailand. Particularly, they suggest a new more e ective framework
which extracts historical events captured from GDELT to characterize the transitional
process of the social unrest events' evolutionary stages, uncovering the underlying event
development mechanics and formulates the social unrest event prediction.

As discussed above, GDELT is also used for the exploration of severe internal and
external conicts. For example, Keertipati et al. [147] use GDELT data to study the
Sri Lankan civil war, and the 2006 Fijian coup. Speci cally, they demonstrate that the
data extracted from news items can capture the global events accurately. Therefore, they
create a framework which can e ectively identi es signi cant con icting events. Yuan et
al. [148] use cooperative and con ictual scales of event data from GDELT to investigate
the interactions between the USA, Russia and China after the end of the Cold War and
particularly in two periods: from January 1991 to September 2001 and from October 2001
to December, 2016. Their results provide insights into the direct interactions between the
three dyads and helps the scientic community to understand their interactions better
in the post-Cold War period. As an example, the United States was always an essential
factor in a ecting the interactions between Russia and China in both periods, but China'’s
behavior only played a limited role in in uencing the interactions between the United
States and Russia dyad. GDELT is also used from researchers who study violence related
issues. For example, Yonamine [149] uses GDELT data to forecast future levels of violence
in Afghanistan. He demonstrates that the forecast accuracy decreases as the degree of
geo-spatial aggregation increases, i.e., forecasts at the district-month, province-month and
country-month level. He also observes that a major spike in violence during a specic
period of time in a speci ¢ sub-state location is followed by a rebound-e ect. Merari and
German [150] are motivated to use the GDELT data to discover violence-related issues
in Iraq, due to the lack of open governmental data. Analysing the data they discover
violence-related social issues in terms of refugees, humanitarian aid, violent protests, ghts
with artillery and tanks, and mass killings. They also created a software which software
classi es the zones of Iraq with available or unavailable data by using the latitude and
longitude values of the area they focus their study. Qiao et al. [126] use GDELT data

16



to detect protest events. Particularly, they demonstrate that their suggestion of a novel
graph-based framework can more e ectively detect the \Occupy Wall Street” in New York
and the \Occupy Central" in Hong Kong as compared to baseline models. Keneshloo et
al. [151] use GDELT data to forecast domestic political crisis in Brazil, Colombia, Mexico,
Argentina, and Venezuela. The data are collected from January 2003 to December 2013.
The researchers demonstrate the use of frequent subgraph mining to identify signatures
preceding domestic political crisis, and the predictive utility of these signatures through
both qualitative and quantitative results. Lastly, news data from GDELT are combined
with other data sources, such as socio-economic indicators to study various peace related
indicators. For example, Ahmed et al. [152] use GDELT data combined with socio-
economic indicators to study migration. GDELT data help capturing information about
policy changes, such as the close of the Hungary border and other external events provided
from the news data. The authors use the European refugee crisis as a case study to present
a system for scenario analysis and forecasting of mass migration. the mobility Beine
et al. [153] combine refugee data with GDELT data to study the mobility of refugees
across provinces in Turkey. Applying standard econometric techniques they demonstrate
that non-refugees move further and more frequently compared to refugees, and that the
standard determinants of mobility for immigrants also apply for refugees, i.e., income
of the origin province, distance between provinces and network e ects. Bertolini et al.
[154] combine housing market data with GDELT data to conduct exploratory analyses
to illustrate the possible research avenues. Particularly, they show there is a positive
correlation between events and refugee call volume while the housing data reveal that
real estate prices did not increase as much as expected with the increase, even in the
Southeast, the region with the largest relative number of refugee in ows.

Carammia et al. [155] combine GDELT with Google Trends, and o cial migration
data to study the asylum applications lodged in countries of the European Union by
nationals of all countries of origin worldwide. Their approach monitors potential drivers
of migration in countries of origin to detect changes early onset, models individual country-
to-country migration ows, estimates the e ects of individual drivers, provides forecasts
of asylum applications up to four weeks ahead, and assesses how patterns of drivers shift
over time.

However, despite the aforementioned studies, the peace and security pillar is still in
the early stages of exploring data-driven and new technology{based solutions. Up do data
most studies using novel digital data focus on exploring peace-related indicators, and do
not study peace as a composite concept. Furthermore, the existing studies focus their
analysis at a country level, and not at a global level. Therefore, this thesis is di erent
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from previous work in two important aspects. First, GDELT news data are harnessed
with Al techniques to estimate a composite peace index as GPI, which covers domestic
and international conicts, safety and security, migration phenomena, etc. The wide
variety of GDELT event categories can cover most GPI indicators. Second, we perform
our analysis at a global scale to study peace over all countries in the world.

We believe that the news data contribute to the advances made through this research
since they hold two considerable advantages for peace-related studies as compared to the
rest of the data (Table 2.1). Firstly, news data can cover all countries in the world. For
example, GDELT covers all countries since 1979. This allows researchers to conduct peace
and safety analysis at a global scale. Secondly, available news databases usually cover a
pre-de ned wide variety of socio-political events. For example GDELT covers more than
200 event categories. Therefore, they can be powerful in covering many peace and safety
GPI indicators. Last, GDELT database is preferred from ACLED database due to its
time and geographical coverage. GDELT covers all countries since 1979, whereas ACLED
is limited. It covers Asia since 2010, the Middle East since 2016, and Europe since 2018.

Table 2.1 provides a summary of the novel digital data sources used for peace studies,
highlighting the pros and cons of each one.

world wide di usion, repeatability

Data Source Pros Cons
. . not publicly available,
. temporal and social dimensions, .
mobile phone records sparsity,

geographically imprecise

GPS

coverage of rural areas,
unbiased and classi ed,
real-time monitoring

privacy issues,
indoor spatial inaccuracy

Social Media

measuring social dynamics,
publicly available

privacy issues,
overrepresentation,
social desirability bias

Web Search

publicly available,
speed, convenience,
exibility, ease of analysis

population size varies
across domains,

hard identifying
relevant queries

Crowdsourcing

large number of data,
speed,
relative low cost

risk of low-quality results,
trade-o between quality and cost

News

variety of subject domains,
range of targets,

all countries coverage,
archived historical news

gatekeeping bias,
coverage bias,
statement bias

Table 2.1 Pros and

cons for each data source used for the measurement of well-being

dimensions, including safety and peace.
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Chapter 3

Setting the stage

3.1 Problem formulation

a country j, with each Y; 2 R. In addition, let X1 = X ";:::;x{";:::; X" g denote

a set of monthly exogenous GDELT variables of event counts for a country j. We aim
to de ne a function f1(:), which measures the GPI at a monthly frequency and produces
corresponding GDELT variablesfX [} ;:::; X"\ g as input. The function is constructed
taking into account both the historical observations of GPI, as well as the exogenous
GDELT variables up to time t.

Below follows Section 3.2 which presents an exploratory analysis and more details on
the data-preprocessing for the objectives of this study. In particular, Section 3.2.1 focuses
the GPI data, Section 3.2.2 focuses on the GDELT data, and Section 3.2.3 presents the
matching of the GDELT data with the GPI indicators.

3.2 Datasets

3.2.1 Global Peace Index (GPI)

The Global Peace Index (GPI) [156], created by the Institute for Economics and Peace
(IEP), measures the relative position of countries' peacefulness. The index ranks 163
independent states and territories according to their level of peacefulness. GPI data are
available from 2008 until 2020 at a yearly level (see, e.g., GPI report 2020 [20]).

The GPI is constructed from 23 indicators related to Ongoing Domestic and Interna-
tional Con ict, Societal Safety and Security, and Militarisation domains [20]. In particu-
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lar:

~ Ongoing Domestic  and International Conflict includes: \Number and du-
ration of internal conicts", \Number of deaths from external organized con ict",
\Number of deaths from internal organized con ict", \Number, duration and role
in external con icts", \Intensity of organized internal con ict", and \Relations with
neighbouring countries".

Societal Safety and Security encompasses: \Level of perceived criminality
in society”, \Number of refugees and internally displaced people as a percentage
of the population” , \Political instability”, \Political Terror Scale", \Impact of
terrorism”, \Number of homicides per 100,000 people”, \Level of violent crime",
\Likelihood of violent demonstrations”, \Number of jailed population per 100,000
people”, \Number of internal security o cers, and police per 100,000 people".

Militarization contains: \Military expenditure as a percentage of GDP", \Num-
ber of armed services personnel per 100,000 people”, \Volume of transfers of major
conventional weapons as recipient (imports) per 100,000 people”, \Volume of trans-
fers of major conventional weapons as supplier (exports) per 100,000 people”, \Fi-
nancial contribution to UN peacekeeping missions"”, \Nuclear and heavy weapons
capabilities”, and \Ease of access to small arms and light weapons".

For the construction of each GPI indicator presented above data are derived from
o cial sources, such as governmental data, institutional surveys, and military data. The
indicators are then weighted and combined into one overall score which is the composite
GPI. Although the actual values of each indicator are not available and we therefore
cannot reproduce them, the weights for the GPI indicators can be retrieved from the GPI
reports [20]. The score for each country's composite GPI is continuous, normalized on a
scale of 1 to 5, where the higher the score, the less peaceful a country is.

Figure 3.1 presents the o cial GPI around the world for 2008 (Figure 3.1a) and for
2020 (Figure 3.1b). Least peaceful countries are colored with darker red, whereas more
peaceful countries are colored with lighter yellow. For example, from 2008 to 2020 Russia
remains one of the least peaceful countries, whereas Canada remains one of the most
peaceful. In addition, we observe that throughout the years peace around the world
deteriorates, particularly in African and Middle East countries. For example, peace in
Libya considerably deteriorates with the years.

For the purposes of this study, we increase the frequency of GPI from yearly to monthly
data using linear interpolation. Every yearly GPI value is assigned to March of the
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(&) O cial GPI in 2008 for all countries around the world. The least peaceful countries are
colored with dark red and the most peaceful countries are colored with light red.

(b) O cial GPI in 2020 for all countries around the world. The least peaceful countries are
colored with dark red and the most peaceful countries are colored with light red.

Fig. 3.1 O cial GPI around the world. O cial GPI in 2008 (a) and in 2020 (b)
for all countries around the world. The least peaceful countries are colored with dark red
and the most peaceful countries are colored with light red. We observe that throughout
the years the peace deteriorates around the world.

corresponding year, since most of the annual GPI indicators are measured until this
month. The linear upsampling is an assumption, since the monthly data generated do
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not correspond to the real monthly GPI. However, considering that monthly data are not
available, linear upsampling is the simplest assumption. After upsampling, from 13 yearly
values (2008 - 2020), we obtain 145 months in total (March 2008 - March 2020).

The reason for increasing the frequency from yearly to monthly is that a month might
contain some important events that are distorted from the yearly index. In other words,
the yearly GPI data might not indicate abrupt peacefulness changes that happen at a
higher frequency because these changes are usually smoothed out on the yearly GPI
value. Therefore, monthly GPI estimations could reveal events neglected from the yearly
GPI. At the same time, we do not increase the frequency at a weekly or daily level to keep
a trade-o between the noisy GDELT information and the o cial GPI. Daily or weekly
estimates could indicate uctuations that would not signi cantly change the stability of
the country for weeks or even months after taking place.

Fig. 3.2 Monthly Global Peace Index for Belgium from 2008 to 2020. In March
2016, the terrorist attack took place in Belgium, and as a result the GPI increases

To further explain the reason of our choice to increase the GPI frequency at a monthly
level, we present Figure 3.2 and Figure 3.3. These plots show the monthly GPI for Belgium
and Yemen, respectively, from 2008 to 2020.

In Figure 3.2, we annotate the terrorist attack that took place in Belgium in March
2016, which brought a deterioration in the peacefulness level of the country, increasing
GPI from 1.47 to 1.536. However, this is depicted in the real yearly GPI only a year
later, in 2017. On the contrary, when we introduce the monthly GPI score, we expect our
model to depict the increase more timely, just one month after the attack.
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In Figure 3.3, we annotate the start of the Civil War in Yemen in September 2014,
which brings a deterioration in the peacefulness level of the country, increasing GPI from
2.735 to 2.84. Since the real GPI is only published once a year, it seems that the increase
starts from March 2014, i.e., six months before the actual event. With the use of the
monthly GPI score, we expect our model to capture this change in the GPI on time, just
one month after the start of the Civil War.

Fig. 3.3 Monthly Global Peace Index for Yemen from 2008 to 2020. In Septem-
ber 2014, the Civil War started in Yemen, and as a result the GPI increases.

In other words, these beforehand or delayed changes of the GPI are caused by the
fact that peace uctuations are depicted on the annual GPI, updated the following year.
As a consequence, a monthly system that adequately corresponds to the peacefulness
uctuations has the potential to quickly inform the placement of peacekeepers and the
deployment of non-governmental organization (NGO) resources, making it potentially
easier to save lives and prevent devastation [157].

3.2.2 GDELT data

GDELT (Global Database of Events, Language, and Tone) [21] is a Google-supported
and publicly available digital news database related to socio-political events. It is a
collection of geopolitical event data extracted from international English-language news
sources, such as Associated Press, The New York Times, Agence France Presse, Associated
Press Online and Google News. Particularly, GDELT data records provide information
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on events from digital news articles identi ed with the Tabari system (Textual Analysis
by Augmented Replacement Instructions system) [158]. The Tabari system is applied
to digital news articles to extract all events contained in each article. The system uses
pattern recognition to identify di erent events and assigns the corresponding code to each
event. Events are coded based on an expanded version of the dyadic CAMEO format, a
con ict, and mediation event taxonomy [159]. Speci cally, the system extracts, among
others, the verbs that identify the action performed that determines the event code [160].
The subsequent are pieces of articles provided as examples to show how Tabari system
identi es and codes events from article phrases:

" \...Senior Hungarian and Romanian o cials agreed on Wednesday that their coun-
tries should cooperate to encourage Romanian refugees in Hungary to return home...".
In this phrase the event identi ed is coded as \Express intent to cooperate” (030),

\...Palestinians of the Israeli-occupied West Bank shunned work on Monday to
protest at settlement of Soviet Jewish immigrants on Arab land...". In this phrase
the event identi ed is coded as \Conduct strike or boycott" (143),

\...One Serb policeman was murdered in an attack on a police patrol by Kosovo
Albanians near the border with Kosovo, state agency Tanjug reported Sunday...".
In this phrase the event identi ed is coded as \Use conventional military force"

(190).

\...Switzerland said today it had expelled two Soviet diplomats based in Geneva
for spying, adding to a long series of espionage scares...". In this phrase the event
identi ed is coded as \Reduce or break diplomatic relations (161)".

In total, GDELT compiles a list of 200 categories of events, from riots and protests to
peace appeals and diplomatic exchanges, from public statements and consulting to ghts
and mass violence [159]. The GDELT event categories we use are related to 20 topics, as
described below. For each topic, we provide a short description and a few examples of
event categories:

" Make Public Statement refers to public statements expressed verbally or in
action, such as \Make statement”, \Make pessimistic comment", and \Decline com-
ment".

" Appeal refers to requests, proposals, suggestions and appeals, such as \Appeal for
material cooperation”, \Appeal for economic cooperation”, and \Appeal to others
to settle dispute”.
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Express Intent To Cooperate refers to o er, promise, agree to, or otherwise
indicate willingness or commitment to cooperate, such as \Express intent to engage
in material cooperation” and \Express intent to provide material aid".

Consult refers to consultations and meetings, such as \Discuss by telephone™ and
\Host a visit".

Engage In Diplomatic Cooperation refers to initiate, resume, improve, or
expand diplomatic, non-material cooperation or exchange, such as \Sign formal
agreement" and \Praise or endorse".

Engage In Material Cooperation refers to initiate, resume, improve, or ex-
pand material cooperation or exchange, such as \Cooperate economically" and
\Share intelligence or information".

Provide Aid refers to provisions and extension of material aid, such as \Provide
economic aid" and \Provide humanitarian aid".

Yield refers to yieldings and concessions, such as \Accede to requests or demands
for political reform”, \De-escalate military engagement”, and \Return, release".

Investigate  refers to non-covert investigations, such as \Investigate crime, cor-
ruption" and \Investigate human rights abuses".

Demand refers to demands and orders, such as \Demand political reform” and
\Demand settling of dispute".

Disapprove refers to the expression of disapprovals, objections, and complaints,
such as \Criticize or denounce" and \Complain o cially".

Reject refers to rejections and refusals, such as \Reject request or demand for
material aid" and \Reject mediation".

Threaten refers to threats, coercive or forceful warnings with serious potential
repercussions, such as \Threaten with military force" and \Threaten with adminis-
trative sanctions".

Protest refers to civilian demonstrations and other collective actions carried out
as protests such as \Demonstrate or rally" and \Conduct strike or boycott".
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Exhibit Force Posture refers to military or police moves that fall short of the
actual use of force, such as \Exhibit military or police power" and \Increase military
alert status".

Reduce Relations refers to reductions in normal, routine, or cooperative rela-
tions, such as \Reduce or break diplomatic relations" and \Halt negotiations".

Coerce refers to repression, violence against civilians, or their rights or properties,
such as \Arrest, detain" and \Seize or damage property".

Assault refers to the use of di erent forms of violence, such as \Conduct non-
military bombing" and \Abduct, hijack, take hostage".

" Fight refers to uses of conventional force and acts of war, such as \Use conventional
military force" and \Fight with small arms and light weapons".

Engage In Unconventional Mass Violence refers to uses of unconventional
force that are meant to cause mass destruction, casualties, and su ering, such as
\Engage in ethnic cleansing" and \Detonate nuclear weapons".

The Tabari geocoding post-processing system is also enabled to georeference each event
back to the speci ¢ country (geographic landmark) it is associated with [160]. In addition,
the database o ers various information for each coded event, such as the date and the
URL of the news article the event is found in. In this thesis, we use GDELT 1.0, which
is updated on a daily basis. Therefore data are available at a daily frequency. Historical
data are also available since 1979 [160].

For example, in Figure 3.4, we present an example of the number of events related to
engagement in political dissent, such as civilian demonstrations, derived from the GDELT
news on the United States, from the middle of December 2020 to the middle of January
2021. We also present three examples of news articles published on the 6th and 7th
of January, from which the events are extracted. The plot depicts a noticeable rise in
these events on the 6th of January 2021, the day of the \Storming of the United States
Capitol", and a peak of news related to the topic on the 7th of January 2021. Therefore, it
is demonstrated that GDELT news can depict the worldwide sociopolitical and con ictual
reality with a small lag, i.e., a day.

For the purposes of the current thesis, several variables are derived from GDELT
database. These variables correspond to the total number of events (No. events) of
each available GDELT category at country and monthly level. On average, the number
of variables per country is 87, varying from 25 to 141. This indicates that some event
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Fig. 3.4 Number of political dissent events in the United States. Daily number of
political dissent events (blue curve) derived from the GDELT news in the United States,
from the middle of December 2020 to the middle of January 2021, and three examples
of news articles published on the 6th and 7th of January. GDELT depicts a noticeable
rise of the events related to political dissent on the 6th of January 2021, the day of the
\Storming of the United States Capitol", and a peak of news related to the topic on the
7th of January 2021 (vertical dashed red line).

categories may not be present in the news of a country. To extract the GDELT variables
the BigQuery [161] data manipulation language in the Google Cloud Platform is used.
Listing 1 (3.1) presents the query used for the extraction of the variables.

Listing 3.1: Query for the extraction of GDELT variables.

SELECT ActionGeo_CountryCode ,MonthYear,EventBaseCode,
COUNT(EventBaseCode) AS No_events,

FROM “gdelt-bqg.full.events'

WHERE (MonthYear>200802) AND(MonthYear<202010)

AND (ActionGeo_CountryCode <>"null")

GROUP BY ActionGeo_CountryCode ,MonthYear,EventBaseCode
ORDER BY ActionGeo_CountryCode,MonthYear,EventBaseCode

Speci cally, the used attributes in the listing represent:
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