
UNIVERSIDAD DE CHILE
FACULTAD DE CIENCIAS FÍSICAS Y MATEMÁTICAS
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Resumen

Las plataformas de redes sociales en ĺınea sirven como importantes fuentes de información
acerca de lo que está pasando en el mundo y cómo la gente reacciona a estos eventos. Dentro
de toda la información útil que los cient́ıficos han extráıdo de estos repositorios, el análisis
de mensajes relacionados con eventos del mundo real son una importante oportunidad para
realizar análisis histórico de noticias. Como los mensajes publicados en estas plataformas
contienen distintos puntos de vista de una noticias, contribuyen con información que quizás
no haya sido publicada por los medios tradicionales. Dentro de los aspectos que se pueden
estudiar de un evento noticioso, las relaciones geopoĺıticas como consecuencia de ellos con-
tienen información valiosa para análisis histórico futuro. En efecto, entender las relaciones
entre páıses, su desarrollo en el tiempo y cómo las personas reaccionaron a ellas es esencial
para comprender el presente.

Sin embargo, extraer información útil desde estas plataformas no es una tarea fácil dada
la creciente velocidad de publicación de sus mensajes, lo no estruturado de su contenido y la
enormidad de repositorios que generan. Por otra parte, para extraer conocimiento nuevo se
necesitan herramientas que permitan la generación de hipótesis nuevas por parte de expertos
en un dominio. Esta necesidad de colaboración entre sistemas computacionales y usuarios
finales hace que el problema tenga dos componentes. El primer componente es que los datos
pueden ser dif́ıciles de guardar, recuperar y procesar sin las representaciones adecuadas de
alto nivel. El segundo componente es que explorar con ojos humanos un gran número de
mensajes puede ser imposible sin las herramientas adecuadas.

El objetivo de esta tesis es abordar estos dos problemas. El primer problema, rela-
cionado con la eficiencia del procesamiento computacional de los datos, se aborda presentando
una representación de alto nivel de eventos noticiosos en su contexto geopoĺıtico. Más es-
pećıficamente, proponemos una representación de eventos consciente del contexto espacio
temporal que incorpora tanto la información de las ubicaciones que están involucradas en el
mundo real como de aquellas hasta donde se propagó el evento. Exploramos la utilidad de
este modelo usando datos de eventos noticiosos extráıdos desde Twitter en una ventana de
tiempo de dos años. Abordamos el segundo problema, relacionado con la exploración de men-
sajes por expertos en un dominio, diseñando herramientas visuales para exporarlas. Primero
diseñamos una interfaz web visual, llamada Galean, que permite a usuarios explorar noti-
cias dada la representación de eventos anteriormente mencionada. Evaluamos esta interfaz
a través de un estudio cualitativo con potenciales usuarios finales y uno cuantitativo con 30
participantes. Dada la retroalimentación recibida en esas instancias, diseñamos y evaluamos
una nueva manera de visualizar datos geográficos y temporales llamada Cartoglyphs.
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Abstract

Online social media platforms serve as important information resources on what is happen-
ing in the world and how people react to these events. Among the valuable information
that scientists have extracted from these repositories, analyzing the messages related to real-
world events presents an important opportunity for historical analysis of news. As messages
published in these platforms contain diverse points of view of a news event, they contribute
with information that might not have been brought to the public by traditional news media.
Among all the angles from which a news event can be analyzed, the geopolitical interactions
among countries as consequence of news events contain valuable information for future his-
torical analysis. Indeed, understanding the relationships among countries, their development
over time and people’s reaction to them is essential to comprehend the present.

However, it is not easy to extract useful information from the messages published in
social media platforms. This is because these messages come at an increasingly fast rate,
their content is unstructured, and they make up huge data repositories. On the other hand,
extracting new knowledge from this data requires tools that allow domain experts to generate
new hypotheses. This need of collaboration between computational systems and final users
makes the problem two folded; on one hand, the data can be computationally difficult to
store, retrieve and process without proper high level representations; on the other hand,
manually exploring a large number of text messages can be unfeasible without proper tools.

The objective of this dissertation addresses these two problems. The first problem, relating
to the computational effectiveness of processing the data, is addressed by presenting a high
level representation of news events by their geopolitical context. More specifically, we propose
a spatio-temporal context-aware event representation that incorporates information about
the locations that are involved in the real-world and the locations to where an event was
propagated. We then explore the usefulness of this model using two years of data of news
events collected from Twitter. We address the second problem of exploration of messages by
domain experts through the design of visual tools. For this component, we first designed a
visual web interface that allows users to explore news events given the proposed model which
we call Galean. We evaluated this interface by conducting a qualitative study with potential
final users and a quantitative one with 30 participants. Given the feedback received in those
instances, we designed and evaluated a new way to visualize geographical and temporal data
called Cartoglyphs.
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acompañaron desde que decid́ı seguir este camino. Primero que nada quisiera agradecer a
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Chapter 1

Introduction

The Internet, beyond connecting computers, connects people: It started with simple text
messages through email, and now continue with a huge variety of tools and platforms. In
particular for this dissertation, we consider social media platforms, where a message published
by a user can reach several other users at once. This type of connection among people allows
information to be rapidly shared. In this work, we use the definition of social media of Kaplan
et al. [93]:

Social Media is a group of Internet-based applications that build on the ideolog-
ical and technological foundations of Web 2.0, and that allow the creation and
exchange of User Generated Content.

There are several social media platforms available, such as Facebook 1, Youtube 2 or
Instagram 3. Twitter 4 is one of such platforms, ranked number 12 in the most visited
websites worldwide in Alexa’s web traffic analysis [10]. Twitter is defined as a micro-blogging
service in which users can create an account and publish messages called tweets. Initially,
tweets were limited to be only of 140-characters long. However, this constraint was changed
on November 2017, now allowing 280 characters. When users publish a message, it will be
broadcast to all their followers (i.e., the users that are subscribed to the account), who can
read it, reply to it or broadcast it further to their own followers. Twitter users mainly use
this platform as an information source instead of a platform for satisfying social needs [105].

The fact that Twitter users utilize this platform as an information source and an infor-
mation broadcaster is reflected in the behavior of users: when a breaking news event occurs
they quickly react by generating content and producing interactions. This reaction facilitates
rapid exchanges in the social network, allowing the quick propagation of news. Indeed, as
expressed by the Twitter web page, usage spikes when something relevant happens in the
world [5].

1https://facebook.com
2https://youtube.com
3https://www.instagram.com/
4http://twitter.com
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In particular, the public access to the platform allows users to disseminate information
without necessarily passing through an editorial review or censorship, in contrast to tradi-
tional media. This concept is commonly known as citizen journalism [101]:

Citizen journalism is any type of journalism engaged in by someone who has not
undergone formal training to be a journalist and, in most cases, is not subject to
oversight or censorship.

As consequence, with these platforms, particularly Twitter, control over information is
more decentralized and democratic [101]. Furthermore, in some occasions the information
published in Twitter can influence how traditional media builds its agenda [139].

The need for means to make sense of this data is reflected in the increasing body of
scientific work directed at understanding social media information. For instance, Liu et
al. [117] used Twitter to create a system that detects real world news events in real time and
computes a score to predict the veracity of the event. As the content published in Twitter
does not pass through any filter, there are several investigations on the credibility of content
propagated on this platform [33, 79, 80]. In addition, researchers have analyzed protests and
other social movements by extracting messages from this platform. Some examples are the
work of Scherman et al. [161], the one from Eltantawy et al. [56] or the one from Blandford
et al. [25].

Geographical features are an important aspect of news. In particular regarding social
media platforms, there are several studies available in the literature about the geographical
propagation of content in Twitter [86, 6, 204]. However, to the best of our knowledge none
have focused on the political relationships among countries that can be extracted in the
messages published in these platforms. The study of the geopolitical characteristics of an
event allows us to understand present tensions or alliances among countries that influence
news. Furthermore, observing geo-temporal patterns of behavior allows researchers to study
news events in depth and predict future relationships among locations, for example. Social
media contains geopolitical information that allows this type of analysis. For example, the
tweet “U.S. warns #NorthKorea against new missile test, plays down talks - and reports
about how they may be planning another missile test soon” published on January 2nd of
2018, suggests a political tension between the United States of America and North Korea
given a news event in the physical world. To understand this event in its historical context, a
person might like to explore past events that describe the relationship between both nations
and to follow its evolution to understand the present. They might also like to explore people’s
reactions in social media and the impact it had in other places of the world. Given this inquiry,
this thesis aims to answer the following main question: is it possible to extract meaningful
information about the geopolitical interaction of countries given news events when analyzing
social media data on a large scale? Given the extremely large volume of the messages
coming from the Twitter streaming, this data becomes very volatile and difficult to analyze.
To answer that question this thesis focuses on researching how to efficiently visualize social
media data in ways that allow for geopolitical analysis of news events, in addition to the
identification of geo-temporal patterns of people’s and news.
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1.1 Problem Statement

The extremely large volume of streaming messages makes information on Twitter very
volatile. In addition, given their unstructured nature it is extremely difficult to gain high
level insight about events, even less about a set of events over time. On the other hand,
understanding patterns in news behavior is impossible without human analysis along with
computer data processing. Indeed, even with high level Data Mining tools or methodologies,
it might not be possible to analyze the messages commenting on a news event in abstract
ways as humans do. We therefore divide the problem of extracting meaningful data in two
main components:

• The data can be computationally difficult to store, retrieve and process without proper
high level representations. In particular, it can be hard to represent Twitter data to
include the geopolitical entities involved in news events in addition to the geographical
places to where they were propagated. Furthermore, it can be a difficult task to contrast
both views.

• Manually exploring a large number of text messages can be unfeasible without proper
tools. Moreover, when analyzing more than one aspect of a news event, it can be
difficult to visualize multiple variables at once. Hence, visualizing geo-temporal change
is not an easy task.

We believe in the importance of finding solutions to these problems in order to contribute
to the historical registry of virtual documents published in social media.

Work Hypotheses and Research Questions

We work under two main hypotheses with their sub-hypotheses:

• H1: The data published in social media platforms contains valuable information about
what is happening in the real-world.

– H1.1: Analyzing data from social media yields historical data about news related
to geopolitical interaction among countries as consequence of news events.

– H1.2: By analyzing social media data one can understand how people reacted to
a news event and the geographical places to which news events propagated to.

– H1.3: By analyzing data from social media one can obtain insight of how events
relate to each other over time.

• H2: Visual representation of news in their geopolitical context allows users to extract
valuable knowledge about the real world.

– H2.1: An expressive visual representation allows users to visually identify and
extract patterns, which cannot be easily found through manual or quantitative
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analysis of the raw data.

– H2.2: An expressive visualization of the geopolitical context of a news event
allows users to extract relationships among events and participating entities.

– H2.3: A simple visual representation of geographical data allows users to extract
knowledge from several points of view of a news event.

The research questions we aim to answer are:

1. Which geopolitical entities participate in real-world events?

2. How do these geopolitical entities interact as consequence of real-world events?

3. How do these geopolitical relationships evolve over time?

4. How do real-world events propagate around the world through social media?

5. What is the reaction of people in social media when a particular geopolitical entity gets
involved in a particular real-world event?

6. What features of a real-world event are important to model in order to retrieve it later
in an effective way?

7. Which visual features allow users to understand a news event in their geopolitical
context and its evolution over time?

8. When considering journalists as final users to conduct this type of analysis, which
features are important in a visual interface supporting it?

1.2 Objectives

The main goal of this thesis is to design a visual representation, and an underlying model
to support it, for news events extracted from social media. The visual interface should allow
users to explore, search, retrieve and analyze news events in their real world characteristics
(the event itself) and their impact on people (social media) through their geopolitical and
temporal context. We extract news events from Twitter’s data repository. The detected
news events are defined as a real-world occurrence that are reflected in social media and
detected by given a methodology. It is important to note that we work with the existing
literature, though our contribution is not about how to detect events from social media. More
specifically, we divide our general objectives (labeled with numbers) and specific objectives
(labeled with letters) as follows:

1. Related to H1: Study, model and analyze the geopolitical context of news events
detected from online social networks and their evolution over time.

(a) Create a high-level contextual event model that considers the geopolitical rela-
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tionships among locations, their impact in social media and change over time.

(b) Perform quantitative and qualitative analysis of the proposed context-aware mod-
els in order to study similarities among events and other interesting patterns that
may emerge over time.

(c) Study non-trivial information that can be automatically inferred about the phys-
ical world by automatically analyzing the proposed context-aware models, for
example: information about international relations and the impact that an event
had on people.

2. Related to H2: Create visualization tools that support using the proposed model de-
scribed above.

(a) Identify an effective visual representation of news events that allows users to un-
derstand such events by the countries involved, the countries participating in the
social debate about them, their relations and development over time;

(b) Study the user domain (e.g., journalists) needs and feedback for the visualization
tool.

1.3 Methodology

Given the objectives described previously, we define the methodology as follows.

Methodology for General Objective 1 and Its Specific Objectives:

1. Design a location-aware model for news events using social media data. This model
contemplates the location involved in the physical-world event, the locations to where
the event was propagated in social media, the time of the event, etc.

2. Generate this model using a collection of news events generated using an external
methodology of event detection on social media. This data was enriched by extracting
the geographical data present in the text of the messages discussing the event and the
location of the users who published them.

3. Use an exploratory data mining based approach to identify interesting patterns in the
event collections, such as: sets of similar events, similar countries according to their
participation in common events in time, event tracking in time, etc.
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Methodology for General Objective 2 and Its Specific Objectives:

1. Design and implement a Web based visualization tool that allows for the exploration of
events using social media data. Using the model and data described in the previous step,
the user will be able to retrieve events by date, locations involved, relevant keywords
and/or its scope.

2. Evaluate the initial design using qualitative and quantitative approaches to detect
problems and extract relevant feedback from potential final users.

3. Iterate the design of the visualization given the user studies.

1.4 Contributions

The contributions of this thesis dissertation are summarized as follows:

• A news event representation - to analyze events in their geopolitical and temporal
context we present a news event representation that considers the provenance of an
event and its impact in social media.

• Data insight - by using the event representation presented above, we explore a 2-year
database of news events and visualize relationships among countries and events.

• Galean - A visual interface for representing events by the above mentioned model.
In addition, we also describe two user studies with feedback and comments about the
interface.

• Cartoglyphs - A new way of representing geographical data as cartograms reduced as
glyphs. We present initial designs and an empirical study of their usefulness.

As result of the work conducted in the present dissertation, the following articles have
been published:

• Vanessa Peña-Araya, Mauricio Quezada, Barbara Poblete and Denis Parra, Gaining
Historical and International Relations Insight from Social Media: A Spatio-Temporal
Context-Aware Model for News Events in Twitter. EPJ Data Science 6.1 (2017), 25

URL: https://epjdatascience.springeropen.com/articles/10.1140/epjds/s13688-017-0122-8
Number of pages: 35 (full paper)

• Mauricio Quezada, Vanessa Peña-Araya and Barbara Poblete, Location-Aware Model
for News Events in Social Media, SIGIR 2015, pages 935-938.

URL: https://dl.acm.org/citation.cfm?id=2767815
Number of pages: 4 (short paper)
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• Vanessa Peña-Araya, Mauricio Quezada and Barbara Poblete, Galean: Visualization
of Geolocated News Events from Social Media, SIGIR 2015, pages 1041-1042.

URL: https://dl.acm.org/citation.cfm?id=2767862
Number of pages: 2 (demo paper)

• Jazmine Maldonado, Vanessa Peña-Araya and Barbara Poblete, Spatio and Tempo-
ral Characterization of Chilean News Events in Social Media. SIGIR 2015 Workshop on
Temporal, Social and Spatially-aware Information Access (TAIA15), August 13, 2015,
Santiago, Chile.

URL: http://research.microsoft.com/en-US/people/milads/taia15-5.pdf
Number of pages: 4 (workshop paper)

• Vanessa Peña-Araya, Jorge Bahamonde, Barbara Poblete and Benjamin Bustos:
Cartoglyphs: Reducing the World to a Glyph for Quick Exploration and Comparison
of Spatio-Temporal Change. Poster session at IEEE Conference on Visual Analytics
Science and Technology (VAST). IEEE, 2016.

URL: http://ieeevis.org/year/2016/info/overview-amp-topics/posters
Number of pages: 2 (poster paper)

Papers currently under revision:

• Vanessa Peña-Araya, Barbara Poblete and Benjamin Bustos, Cartoglyphs: Studying
the Use of Glyphs to Visualize Geo-Temporal Evolution Over Time. We are currently
working on a revised version to submit to the Sage Information Visualization journal.

1.5 Thesis Summary

This dissertation is structured as follows:

• Chapter 2: Background, in which we describe relevant concepts for the present
thesis.

• Chapter 3: Literature Review, describes research work relevant to this work, re-
lated to event modeling and geo-temporal visualization.

• Chapter 4: Geo-temporal Representation of Events Extracted from Social
Media, details the event definition for geo-temporal analysis and the exploratory anal-
ysis conducted with it.

• Chapter 5: Visualization of News Events by their Geo-temporal Repre-
sentation, the prototype of the visual interface that implements the proposed event
representation is presented, including details about its system architecture, its interface
components and its validation.
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• Chapter 6: Cartoglyphs: Visualizing Geographical and Geo-temporal Data
with Glyphs, describes the proposed new visualization to display geographical data
as glyphs for a simplified view of the world. It also contains the details about the
conducted evaluation of proposed glyphs design.
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Chapter 2

Background

In this section we describe important concepts that easily explain the present dissertation.
In particular, we focus on the following areas:

• Twitter, mainly as this social media platform is used as the data source of the news
events used for analysis.

• Document representations in order to understand the methodology to extract new
events from Twitter and related literature.

• Geographical data related concepts, as this dissertation focus on the spatio-temporal
aspects of news events.

2.1 Twitter

Twitter is an online social media service in which users can create a profile and publish
messages called tweets in their timeline. The timeline of a user contains all the messages
published by him or her. These messages can be public or private, depending on the user
preferences. Twitter users connect to each other by following other users in asymmetrical
relationship: a user can follow another without their reciprocity. If a user’s account is public,
all the messages published in his timeline can be read by his followers. There are several
characteristics of Twitter that differentiate from other social media services:

• Twitter messages were originally constrained to 140 characters. As of November 2017,
the limit is now 280 characters.

• Each message contains medatada, such as the date when it was published, the user who
did it, the location of the user who published it, among others. In addition, a tweet
can contain media such as videos or images.

• A tweet can be a reply to another tweet, usually containing the user or users who
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participate in the conversation.

• A tweet can be a retweet, which is a report or forward of a message published by another
user.

• A user can mention another user by using @username, which is notified to the mentioned
user.

• Tweets can contain hashtags, which are words or phrases used to represent a topic. A
tag is composed by a # as prefix and then the word or phrase, like #BlackLivesMatter.

To collect tweets, Twitter provides an API [178], which provides developers a way to
get a sample of tweets in real time. The returned sample is a percentage of the tweets
publicly available that were recently posted. Another way is to search for tweets with certain
characteristics, such as those containing particular keywords or that they were published
from a bounded geographical area. A tweet message is described by 31 features, a summary
of a selected set of them is in Table 2.1. The data about the user who published a tweet is
composed of 37 data attributes, from which a subset of them are described in Table 2.2.

Table 2.1: Subset of relevant features available for a Twitter message

Feature(s) name(s) Description

id A unique identifier which can be used to access to a tweet via
url, as in https://twitter.com/user_name/status/id.

text The actual content of the message.

coordinates If available, the geographical coordinates from where a tweet
was published

user id The unique identifier of the user who produced the tweet

lang The language in which a tweet is published.

created at The date and time in which a tweet was published.

2.2 Document Representation

To contextualize the extraction of topics or events from data streams, in this section we de-
scribe some of the most commonly used models to represent documents and related concepts.

Text documents are not immediately readable by computers because natural language is
complex and diverse. Because of this, the transformation from a human readable format
to a structured model that a computer can interpret requires preprocessing the text of the
document. One of the first steps in this transformation is tokenization, which is the process
of cutting the text into words or sentences called tokens. Sometimes at this step some
characters can be removed, such as punctuation or stop words. Later, to group words that
contain similar information, there are processes like stemming and lemmatization. Stemming
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Table 2.2: Subset of relevant features available for a Twitter user

Feature(s) name(s) Description

user id The unique identifier of an user.

name The name of the user by their own specification.

verified A verified Twitter account will be marked with a official blue
verified tick badge. This verification is usually sought by those
who are at risk of being impersonated, such as celebrities or
public figures. This field indicates whether a user has been
verified or not.

geo enabled Indicates whether or not the user had indicated that her or
his tweet can be geotagged.

location The location the user provided in text, if available.

protected Indicates whether or not the user decided to protect their
tweets, in which case they are not publicly available.

is the process of reducing a word to its root. For example, the words fishing and fisher
could be reduced to fish. However, this process does not always yield correct answers. For
instance, jumping and jumpiness could be reduced to jumpi instead of jump. On the other
hand, lemmatization is the process of determining the lemma of a word based on its intended
meaning. The words paying, paid, and pays will be lemmatized to pay, which is their lemma.

After a document has been preprocessed, it is possible to convert it to a selected model.
One of them is the bags-of-words model, which represents a document by its words and their
frequency. For example, the sentence “The quick brown fox jumps over the lazy fox”, can be
represented as:

d = {“the′′ : 2, “quick′′ : 1, “brown′′ : 1, “fox′′ : 2, “jumps′′ : 1, “over′′ : 1, “lazy′′ : 1}.

It is important to note that this model does not focus on the order or the semantics of the
words. The n-gram model is similar to the bag-of-words model, but instead of considering
the frequency of each word, it considers the frequency of n consecutive words on a document.
The previous example could be converted to n-grams like:

d = {“The quick′′, “quick brown′′, “brown fox′′, “fox jumps′′,

“jumps over′′, “over the′′, ‘the lazy′′, “lazy fox′′}

Then, the probability of occurrence is computed for each n-gram. For instance, in a
document written in English it will be more likely to find the sentence “good morning” than
“morning good”, so the first one should have a higher probability of occurrence than the
second one. In this sense, it stores part of the context in which some words appear together,
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allowing the estimation of the occurrence probability of a given sentence. These two models
are related, as the bag-of-words can be thought as a particular case of the n-gram model in
which n = 1. The intuition for using these models for clustering or classifying is that similar
documents have similar content. For example, if we compare the bags of words produced by
each the books of The Lord of The Rings saga, they should have similar vocabulary among
them. On the contrary, if we compare them with those of the Twilight novel series they
should be different.

Another document representation is the vector space model, which is an algebraic model
used to represent documents as vectors. In particular, given a bag of words, it is possible to
create a vector space representation of the document in which each word is a feature. More
specifically, each word in the vocabulary represents an axis which defines a |V |-dimensional
space. In this space, each document is positioned in this space given the weight associated to
each word, which can be computed by a function. The intuition of this model is that similar
documents will be closer in the space of the vocabulary. Formally, a document in this model
can be defined as:

d = (wt1, wt2, ..., wt‖V ‖)

The function that computes the weight of a term (wi) in a document can be one that
returns a binary value indicating whether is present in the document or not, or one that
returns the frequency of its appearance. The frequency of a term indicates how important a
word in a text is. However, raw frequency might be inadequate. For example, two documents
of different length could not be compared adequately as the words in the longer one will
probably have a higher frequency just because of its length. In other words, we could not
say that a particular term t is more important in one of those documents compared to the
other as their frequency is not comparable. To address these type of problems it is common
to normalize the frequency of a document.

The tf-idf statistic, short for term frequency-inverse document frequency, is commonly
used to normalize the terms on a text. The objective of this statistic is to measure the
importance of a term. The higher its frequency on a document, the higher its value will be,
but is offset by the frequency of the term in the set of the corpus. As its name suggests, it is
composed of two statistics: tf (term frequency) and idf (inverse document frequency). The tf
statistics can be computed directly as the number of times a word appears in the document.
However, considering the previous example in which long documents will usually have a
greater number of words, another function to compute term frequency is by normalizing
frequency of the most occurring term:

tf(w, d) =
freq(w, d)

max{freq(w′, d) : w′ ∈ d}

On the other hand, the idf statistic measures how important the word is in the complete
set of documents being analyzed. That is, it gives rare terms a higher importance than those
that appear too frequently in the whole set of documents (D) to consider.
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idf(t,D) = log
|D|

1 + |{d ∈ D : t ∈ d}|

Finally, the tf-idf is computed as:

tf − idf(t, d, D) = tf(t, d) · idf(t,D)

Once the document is represented by a model, we can measure its similarity compared to
other documents. As mentioned earlier, as the space model represents documents as vectors
in space, the more similar they are, the closer they should be. The Euclidean distance is one
of the metrics that can be used to measure the distance of two documents. It determines the
dissimilarity of two documents: the greater the value of the metric, the farther they are in
space. We compute this measure for documents a and b as:

d(a, b) =

√√√√ ‖V ‖∑
i,j=0

(ai − bi)2

Another commonly used metric is the cosine, which looks at the angle formed between
two vectors. It indicates the similarity between two documents and is defined as:

cos(a, b) =
a · b
‖a‖‖b‖

The main difference between both is that euclidean distance considers the length of the
vectors and cosine focuses on their direction. However, if the vector representing a document
is normalized, then both measures should be similar.

2.3 Geographical Data Related Concepts

Related to the goals of this thesis, it is relevant to define spatio-temporal, and geopolitical :

• Spatio-temporal or geo-temporal: regarding space, as a physical extent in all
directions, and time.

• Geopolitical: related to the geographical and political factors that can influence to
a location’s power and relationships with other locations. Commonly, countries are
considered as the administrative level for geopolitical analysis.

Regarding the process of extracting geographical data, the following concepts are pertinent
to this dissertation:
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• Geoparsing: the process of converting unstructured text containing name or descrip-
tion of places into unambiguous geographic identifiers such as coordinates or metadata.

• Geotagging: the process of adding geographical metadata to media, such as photo-
graph or video. This term also refers to the process of obtaining geographical coordi-
nates from non-coordinate geographical information such as address.

• Toponym: the name of a place or a name related to a name of a place.

• Toponym extraction: the process of extracting name of places from text, usually
unstructured text.

• Toponym resolution: mapping an identified toponym to an structured representation
of the geographical place that is referred to.

In particular, when dealing with big volumes of data, the processes of toponym extraction
and resolution are aimed to be conducted automatically. For this goal there are several
libraries available such as CLAVIN [24] or geodict [187].
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Chapter 3

Literature Review

Our research on modeling and visualizing news events extracted from social media in their
geo-temporal context corresponds to two research areas: Data Mining and Information Visu-
alization. In this section we review relevant work in both these areas. Regarding the first one,
we briefly discuss some relevant definitions of event and review research on event detection
in text streams. Later, we describe in depth research on how social media has been used to
analyze historical events. In addition, we discuss how this data has been modeled to achieve
this type of analysis. Regarding the visualization aspect of this thesis, we first concisely de-
scribe related concepts about geovisualization. The following sections, detail research about
general geotemporal visualization designs and on visual interfaces specifically designed to
display social media information in their geotemporal context. Finally, we dedicate a section
to glyphs and their use for displaying geotemporal data.

3.1 Data Mining related Work

3.1.1 Event Definition

The word “event” can be defined in different ways. Some generic definitions, like the one
from the Online Oxford Dictionaries, define an event as “a thing that happens or takes place,
especially one of importance” [138]. Others define it as something that happens or unfolds at
a particular time and place [13, 199]. Regarding news events, Sayyadi et al. [160] define them
as “any event (something happening at a specific time and place) of interest to the (news)
media”. In the context of social media, Dou et al [185] define “event” as:

An occurrence causing change in the volume of text data that discusses the asso-
ciated topic at a specific time. This occurrence is characterized by topic and time,
and often associated with entities such as people and location.

In later work, they stated that “Collectively, events serve as a succinct summary of social
media streams. Individually, event and its sub-events, reveal the evolution of certain social
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phenomena over time” [53]. For the present thesis we consider that an event is observed
given a disturbance in the social streams, reflecting that something happened at a particular
time and place, and that was sensed and shared by the online social networks users.

3.1.2 Detecting Events from Social Media Data

Detecting topics in streams of traditional type of articles have been studied for years. In
particular, in the Topic Detection and Tracking (TDT) project [12] researchers have studied
the appearance of new topics in continuous news-streams, tracking their evolution and reap-
pearance. At the beginning of the study, the project focused only on “topic” detection, but
the concept was changed to “event”, meaning something unique that happens at some point
in time [12]. TDT focuses on two kinds of event detection: retrospective event detection and
on-line new event detection. Retrospective event detection focuses on finding unrecognized
events in a previously collected corpus of stories. This is done by grouping stories together
that refer to a same event, assuming that each story describes one event at most. On the
other hand, on-line new event detection is the task of identifying a new event from a contin-
uous stream in real time. Each story is processed in sequence as they appear in the stream
and the system decides whether it describes a new event or not. The system has all the
stories processed before, but does not know the stories that will appear next [13].

Given the large amount of data generated from online social networks, much of the at-
tention from the scientific community is now focused on their study. Working with social
data streams represents an interesting challenge as it not only requires dealing with text pro-
cessing but also with the network of users [7]. In particular, detecting events from Twitter
gave rise to new problems since tweets are short in length, have an unstructured nature and
are published by an heterogeneous group of people. These challenges have been addressed
in the intensive research on event detection from social networks data, particularly from
Twitter [18, 42, 83].

3.1.3 Quantitative Historical Event Analysis

We provide a revision of the literature on quantitative history research applied to event
analysis and social media. Quantitative history is an approach to historical research that
makes use of quantitative and digital tools [195]. To the best of our knowledge, our work
is the first at the time of its writing (March 2018) to make use of social media data for
quantitative historical research.

Prior work used digitized newspapers and books for extracting quantitative knowledge [129,
113, 35]. Michel et al. [129] built a corpus of 5 million books and analyzed them using word
frequencies to investigate cultural trends, and called this type of study “Culturomics”. Lee-
taru [113] performed a large-scale study of 30 years of digitized newspapers, described in
the previous section. Chadefaux [35] used a dataset from Google News Archive to predict
military conflicts.
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A different line of research covers digitized writings and the Semantic Web. Suchanek
and Preda [165] proposed the study of “Semantic Culturomics”, in which the analysis of
newspapers should go beyond the study of word frequencies in order to integrate knowledge
bases (such as DBPedia [46]) to answer complex user queries. Additional research has used
knowledge bases along with human writings, such as newspapers [88, 152]. Meroño-Peñuela
et al. [126] provide a survey on this topic.

Compared to prior work, our approach is the first to consider user-generated information
networks, such as online social networks, which are a growing data source at much larger
scale. We consider that social media can provide additional and novel information to that
found in news articles and books. User-generated content reflects social opinions and points
of view related to current world-events. This content is generated in real-time, it is not
edited and does not depend on the editorial lines of formal news outlets. We believe that
these unique characteristics make social media a challenging and valuable source of historical
information. Our approach incorporates the content of social media platforms about real-
world news, as well as aggregated geographical information that conveys the importance and
scope of these events.

3.1.4 Event Models Using Social Media

There is a lot of research in social media event analysis that has been directed towards the
creation of event models for specific tasks such as summarization and characterization of
events in social media streams.

For example, in the area of automatic text summarization, Chakrabarti and Punera [37],
used hidden Markov models to represent sub-events, within a broader event that is described
using Twitter data. This model identified sub-events based on the burstiness of the input
data stream and the word distribution of the main event. Another approach was presented
by Quezada and Poblete [150], which focused on automatic summarization of multimedia
content by using social media posts as surrogate text for multimedia documents. A similar
approach was used by Alonso et al. [14], which was based on the social signature of documents
(that is, the set of keywords of social media messages that point to a document), to augment
the document information.

The behavior of people surrounding an event is an important subject to study. Kalyanam
et al. [91] studied how exogenous events, in this case real-world news, propagate in social
media. In their work, they modeled news events based on the interarrival time between social
media posts, without considering any of the geographical information associated to the event.
Their goal was to model the intensity of the user activity that is triggered by a real-world
news event.

The sentiment is also a studied aspect about human behavior of an event. In a different
type of study, Leetaru [113] performed a large-scale analysis of 30 years of digitized news
articles. The author computed sentiment scores and geolocation for each article. The study
indicated that some critical events in the past, such as social revolutions, could have been
forecasted by looking at sentiment scores over time. In addition, the author performed
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community detection on country graphs by analyzing news in which two or more countries
were involved. In this sense, our approach is similar, because we model countries in terms of
their co-occurrence in news. However, our work focuses on automatic information extraction
from online social streams and on the creation of a more general representation. We do not
focus on the analysis of sentiment of edited content from formal news media outlets, but on
the interactions between locations, based on the aggregated reactions and opinions of users
of social platforms. Related to this work, Castillo et al. [33] study the related sentiment to
the credibility of the information that is published in social media.

Finally, it is also important to mention that some research includes temporal features
to, for example, detect events based on the temporal dynamics of their mentions in social
media [78], and also for event categorization [151].

3.1.5 Geo-temporal Event Models Using Social Media Data

Several studies are available on the geographical and temporal characteristics of an event
from social media. However, not much work has focused on high-level event modeling with
context information of its spatio-temporal features. For example, in the work of Kamath et
al. [92], Twitter hashtags (i.e., user-generated string prefixed by # that users add to tweets
as a way to associate it with an event or a topic) were analyzed in a large-scale study of
the spatio-temporal dynamics of memes. In this work a hashtag was represented as a tuple
consisting of the coordinates of the hashtag’s location over time. They used a simple model to
find interesting insights about the adoption and spread of memes in social media. Memes are
information which emerges from social networks and spreads in a viral way. However, meme
dissemination does not necessarily resemble how other types of information will propagate,
such as information about events that originate outside the network (i.e., exogenous events).

Certain studies focused specifically on the task of detecting events and tagging their rele-
vant geolocations. In particular, some works targeted the detection of localized events [189,
3, 183, 110, 104], others, the detection of global events [157], and the detection of critical
events [156, 47]. Dong et al. [50], specifically, considered that events had different tempo-
ral and spatial scales and proposed a multi-scale event detection approach for social media.
This approach focuses on detecting and reporting events with geolocalization. Our current
approach differs from existing work, in that we create an aggregated representation of the
information about real-world events, producing a high-level representation that includes the
event’s geographical context, which is extracted from social media. In addition, we enrich the
information about an event by using the locations of the users that post information about
it.

Wang et al. [185] visualized topics based on the extraction of geographical entities from
tweet text. They did not use this information to establish the location of an event, but
rather for event exploration. SensePlace2 [121] is a Visual Analytics tool that allows users to
explore a set of tweets and models them by showing two geographical types of information:
the locations from where users discussed the topic and the locations being mentioned in
tweets. However, unlike our work, this information was only used at single tweet level, and
not at event level.
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In the domain of cyber-physical systems, events are viewed as conditions of interest [168]
within a cyber-physical system, or as the co-occurrence of two people in the same physical
place [108]. In general, events are modeled according to the state of the objects in the system,
considering attributes, time and location. The work presented by Tan et al. [168] bears
certain similarities with our own, in the sense that they considered an event to encompass
multiple information about a condition of interest in the system (in our case in the online
social network), including time and physical locations. In addition, the authors defined
different kinds of temporal and geographical scopes for their events, which are similar to
our definition of event impact. The main difference is that our approach aims to capture
high-level information of how a complex exogenous event, such as a news event, is perceived
by social network users in an aggregated way. Therefore, we focus on geopolitical divisions
as units of aggregated spatial information and on representing geopolitical interactions.

Despite that the idea of adding spatio-temporal context to social media data is not novel,
to the best of our knowledge our work is the first that formally introduces protagonist and
interested locations in a high-level event representation. The novelty of our approach relies
on the extension of the notion of spatial context, first by associating real-world news to one
or more protagonist locations, and second by associating real-world news to the locations
where they generated interest. In addition, our work does not focus on event detection,
classification or summarization, as most of the prior work on event analysis does.

3.2 Information Visualization Related Work

In this section we focus on literature related to this dissertation from the Information Visu-
alization research area. We first describe some studies that focus on the theoretical aspects
of geo-temporal data visualization. Later we review some general techniques to visualize ge-
ographical and geo-temporal data. We then proceed to describe some research that visualize
geo-temporal data from social media. Finally, we review some work related to glyphs and
how can they be used for displaying geographical data.

3.2.1 Geovisualization

Geovisualization is a research field that integrates approaches from visualization in scientific
computing (ViSC), cartography, image analysis, information visualization, exploratory data
analysis (EDA), as well as GIS [118]. It represents geographical data through visual tools
for exploration, analysis, synthesis and presentation, for theories and methods development.
With its base on cartography and map design, nowadays geovisualization is an area of activity
that leverages geographic data resources to meet a very wide range of scientific and social
needs.

There are several works that focus on the theoretical issues about geovisualization. For
example, Andrienko et al. [15] reviewed existing techniques to extract properties of spatio-
temporal data and the exploratory tasks they can potentially support. Regarding the first,
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they classify spatio-temporal data in three main types:

• Existential changes: which refers to entities appearing or disappearing (e.g., news
events)

• Changes in spatial properties: location, shape, size, orientation, etc (e.g., soil
erosion)

• Changes of thematic properties expressed through values of attributes: qual-
itative changes and changes of ordinal or numeric characteristics (e.g., population in-
crease o decrease).

In particular, they denote “events” as spatial objects undergoing existential changes, and
distinguish them between momentary and durable events. Each of the previously described
kind of data can be represented using different visualization techniques. For example, exis-
tential changes can be represented as nodes on a map and their appearance or disappearance
when changing time values, like VisGets [51]; changes in spatial properties can be depicted
with animation as weather forecasts; and changes of thematic properties can be illustrated
by assigning different color shades to the inner shape of countries on a map to represent their
population [118].

On the other hand, a visualization tool must enable users to conduct specific tasks. Re-
garding the tasks that can be conducted in spatio-temporal visualization tools, Adrienko
et al. refers to the work of Peuquet [144] about the three basic questions a geo-temporal
visualization can answer: what?, referring to objects to analyze; when?, referring to the time
objects are valid, and where?, referring to the location or space where objects are. A user
can conduct the task of finding one of them, by using the combination of the other two:

• when + where → what : Describe the objects or set of objects that are present at a
given location or set of locations at a given time or set of times.

• when + what → where: Describe the location or set of locations occupied by a given
object or set of objects at a given time or set of times.

• where + what → when: Describe the times or set of times that a given object or set of
objects occupied a given location or set of locations.

Nowadays, several taxonomies can be found in the literature that describe more detailed
tasks for geographical and temporal data. For example, Roth [155], empirically derived
interaction primitives for geovisualization. In particular, he describes five objectives three
broader user goals and three operand primitives: space-alone, attributes-in-space and space-
in-time. On the other hand, Nusrat et al. [135] describes a task taxonomy focused specifically
on cartograms.
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3.2.2 Geographical and Geo-temporal Visualizations

Maps are the most commonly used visual representation of spatial data, which aim to reflect
the real-world as much as possible. Symbols can be used to show additional information in
maps, such as arrows to depict flow[145]. A map can be modified to represent other vari-
ables, such as Choropleths do, by representing data coloring or applying texture to regions.
Cartograms are maps in which distances or areas are distorted in proportion to a variable of
interest. There are several techniques to generate cartograms, which can be broadly catego-
rized into four types [135]: contiguous, non-contiguous, Dorling [52], and rectangular [180].
Other abstract ways of displaying geographical data are bar charts, line charts and scatter
plots[1], however these representations do not preserve geographical topology.

Including time in the analysis as a variable can increase the difficulty for designing an
effective visualization. Several techniques are available in the literature depending on the
task at hand. For instance, if the task is to compare how much time a car will take driving
between two points in a city, there are some approaches that will distort the distance to
reflect effective time used. Traffigram[87] is an example of this type of visualization, where
a map is distorted to align its point to temporal equidistant contours from an origin.

A particular task involving geographical an temporal data is analyzing how geographical
data varies over time. This is a common type of analysis performed on geo-temporal data.
Roth [155] defined this task as an operand primitive called space-in-time and described it
as interactions with the geographical component of the map, to understand how it changes
over time. Two very popular techniques to do this kind of analysis are small multiples and
animation. For example, in the work of Johnson et al. [90], several cartograms are displayed
in sequence to depict the evolution of the Internet in the world between 1990 and 2013. On
the other hand, animation is used to smooth the transition between views of geographical
data in the work of Craig et al. [43]. Animation is not only used as transition between time
frames, but also in combination of symbols to depict change. For example, in the work of
Kim et al. [98], they include animated particles to create flow maps that are used to display
geotemporal data without trajectories.

There are several sophisticated techniques that aim to show how geographical data changes
over time. For example, the Space Time Cube [102] displays geographical information as a
2D map and displays change over time using the z-axis. The Space Time Cube has been
used in several different areas such as analysis of earthquakes in the context of transient
events [69], visualization of patterns of crime cluster [132], and analysis of dynamic lightning
data [142]. Other works use pattern mining to extract relevant information, like Yusof et
al. [203], where they used pattern mining algorithms to extract wind sequential patterns for
visualizing them using a 3D wind rose and a space-time cube.

3.2.3 Geo-temporal Visualizations Using Social Media Data

There are several visualization tools that show where a news event has happened or from
where social media users are commenting on it. In this section, we review the tools that are
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relevant for our work, mainly focused on what type of geographical information they convey
and what users can obtain from them.

If an event is represented as a set of documents, then one way of understanding this event
is by using the documents metadata. There are several visualization tools based on this idea
which show the geographical distribution of documents, allowing users to answer specific
questions. Some examples are TwitInfo [123], Jasmine [189], and others [89, 149, 84, 44,
36]. Some systems provide filters for users to select documents published from particular
places at particular times. For example, ScatterBlogs2 [27] is a visual analytics system for
understanding messages from Twitter that allows users to interactively filter messages by
their geographical and temporal context, using the coordinates from where the message was
emitted. Also, Bosch et al. [57] created a system that aims to help users analyze social media
using various sources, including search and filtering features for messages in their spatial
and temporal dimensions. Other work, such as the one from Zhang et al. [205] visualize
other characteristics of a topic or news event such as the sentiment analysis. By using an
approach based on quantum mechanics, they propose an Electron Cloud Model (ECM) to
visualize the evolution of sentiment analysis for news events from micro-blog data. Then
they use map representation to observe the distribution of sentiment and retweets within
Chinese regions. All of these systems use a map to display the geographical distribution of
messages, (or of users) in order to describe a topic or event. al. [103]. Whisper [32] uses a
different metaphor: by representing messages of an event as seeds of a sunflower, a user can
follow how information disseminates by viewing the locations from where people commented
on an event, or from where a message was re-posted. In contrast to these approaches, which
are centered on user messages, our visual tool focuses on the characteristics of an event as a
whole, providing details (messages) on demand.

There are also visualization systems for describing events. Visgets [51] provides a visual
interface to represent entities from different data sources, such as the ACM WWW proceed-
ings or the social news site Global Voices Online [71]. A user can search and filter entities
by time, space and keywords. Visgets represents entities by their geographical location using
entity metadata. LeadLine [185] is an interactive visual analytics system that supports the
exploration of events detected automatically from news and social media. The LeadLine
system extracts places mentioned in messages to identify where a piece of news was relevant.
Event Registry [58] is a system that monitors media sources to detect news events in more
than ten languages. It also presents a map visualization that displays each event as a bubble
over the location where it happened. In the work of Kraft et al. [103], they use a 3D represen-
tation of the world to display the amount of times some locations (e.g. cities) are mentioned
in tweets in order to understand the “where” of a news event. Our approach complements
these systems by leveraging event information and the impact that its information had in
social media.

SensePlace2 [121] is a web system that shows locations mentioned in tweets and the
locations from where these tweets were published. From that point of view, SensePlace2 is
a system that allows users to ask: “what places are involved in an event and from where are
people commenting on it?”. Therefore, it is the most similar system to the work presented
in this paper. However, as the authors of SensePlace2 described in their own work, the main
limitation of their tool is that it focuses more on the dimensions of the events rather than
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on the events themselves. Our work complements SensePlace2 by: 1) focusing on overall
event information, 2) by allowing users to explore relationships among countries, and 3) by
showing the user if news events are local or international. Another system that is similar to
ours is The News Co-occurrence Globe [70], which displays the co-occurrence of countries in
news media reports on a 3D map. However, it does not currently provide the functionality
to put focus on events. Our work allows the user to focus on events to see how relationships
between countries are created and evolve over time.

In summary, to represent events in their geo-temporal context, most visualization systems
either show the geographical distribution of the documents that discuss news events, or the
information about the event itself. However, these approaches are limited if the user needs
to retrieve news events or ask complex questions such as where did event x happen?, how
did people around the world react to event x in social media?, did event x impact only locally
or did it have global impact?, which countries showed the most interest in event x? or have
other countries also been involved in similar events to x?. In particular, to the best of
our knowledge, our is the first approach to consider that events can be related to multiple
locations, reflecting interactions between geopolitical entities. Overall, our tool is the first to
allow historical news exploration and retrieval that considers the temporal and spatial context
of the user and of the event. In addition, providing the means for manual exploration of vast
amounts of contextualized events described using social media data.

3.2.4 Glyphs for Multivariate and Geographical Data

A glyph can be broadly defined as a visual representation of a data unit, for which its
graphical attributes have been mapped from the attributes of the data record [186]. More
narrow definitions describe them as small independent visual objects that depict a data
record. These objects are positioned in space, as visual signs that differ from other types
of signs such as icons or symbols [26]. Glyphs are commonly used to represent multivariate
data, in which each attribute of the data is mapped to a visual variable of the glyph such as
shape, color or size. By displaying several glyphs, each of them representing an individual
data record and grouping those with similar characteristics, a user can observe patterns in
the data.

Using glyphs for representing multivariate data can have several benefits. Bürger and
Hauser[63] describe the ability of glyphs to incorporate multiple dimensions at once. In
addition, they discuss that it is possible to combine them with other visualizations. However,
as stated by Borgo et al.[26], some studies indicate that only well designed glyphs are actually
useful. Indeed, several guidelines or considerations have been proposed in order to provide
principles that lead to effective glyph designs. For example, Chung et al. [40] describe eight
design principles for the creation of sortable glyphs: typedness, visual orderability, channel
capacity, separability, searchability, learnability, attention balance, focus and context. Karve
and Gleicher [95] identified three considerations for designers of complex and compound
glyphs: integral-separable dimension pairs, referring to the integration of multivariate visual
variables; natural mappings, which denotes the need of a clear relationship between the
visual attributes and the data attributes; and the perceptual efficiency of the encoding, which
regards with the most efficient choice of a visual variable for a particular type of attribute.
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Lie et al. [115] propose guidelines for glyph-based 3D data visualization.

There are several generic glyph designs such as star glyphs, Chernoff faces [38] or the
autoglyphs [21]. On the other hand, more specific designs have been used for applications in
medicine [137, 128], network security [140], sports [114], among others.

Particularly regarding geographical data, glyphs are commonly used as symbols over maps
to display one or more variables. For example, Lucchesi et al. [120] used them to display
uncertainty of poverty level, Sanyal et al. [158] for displaying meteorological uncertainty in
combination with spaghetti plots, and Villanueva et al. [182] for representing stream data
for Smart Cities (like pollution). On the other hand, other techniques combine arrow glyphs
with color to represent magnitude and direction of a vector field [29]. However, despite
being a popular way to display multivariate data, they have not been commonly used as the
visual representation of a geographical location. In this thesis we present a new way of using
glyphs for geographical data, which represent the world as a reduced visual element for easier
comparison of several time frames.
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Chapter 4

Geo-temporal Representation of
Events Extracted from Social Media

1

Twitter provides excellent conditions for social behavior analysis, as well as comparative
historical research, among many other social and scientific disciplines. In particular, the field
of comparative historical research examines historical events in comparison to other historical
events to gain general knowledge that goes beyond a particular event [190]. So far, historical
research had been restricted to traditional archival data and historians’ written account of
past events. Despite the usefulness of historical information extracted from social media,
there is not much research addressing the topic of retrospective analysis of this data. Social
media in general, and Twitter in particular, produce huge volumes of streaming data that
is volatile, which most likely explains why existing research concentrates mainly on event
detection, either targeting events in general or focusing in particular type of vents such as
natural disasters.

To represent events from data extracted from social media, several work in the literature
describe them by their more representative words [143]. Additionally, some of them include
the date when they were detected, or even the date an event is expected to happen [151].
Some include Twitter-specific features such as hashtags, retweets or followers [147, 20]. When
considering the geographical characteristics of an event, most event representations either fo-
cus on the geographical propagation of messages discussing it [92], or the location where an
event happened [157, 112, 184, 4], in which case only one is usually considered. These repre-
sentations are normally directed to understanding particular events more than the political
and historical implications of them.

To include the political aspect of the geographical features of an event, we present a novel
high-level event representation, called spatio-temporal context-aware event representation.
The main purpose of this representation is to provide means to gain insight about real-world
news from social media as well as from the relations between locations and impact that these
events induce. Specifically, we formally define our event representation and describe how it
can be used to study relations among locations.

1The contributions of this chapter were made in collaboration with PhD Student Mauricio Quezada Veas
and was published in the work of Peña-Araya et al. [141].
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We consider that the physical location where an event happened in the real world and
the propagation of messages discussing it in social media are pieces of information that are
incomplete in isolation. For this reason our event representation incorporates these two
types of spatial data about an event: 1) locations directly involved in the real-world event
occurrence (i.e., the main places that are mentioned in messages about the event), which we
refer to as protagonist locations, and 2) locations from where social network users comment
on the event (i.e, the places where users that comment are located), which we refer to as
interested locations.

Let us consider the earthquake that took place in Nepal in April, 2015 [193]. For this
event, most of the messages mentioned Nepal, which indicated that this was the location
where the event had taken place. Therefore, if we consider locations at a country level,
Nepal can be regarded as the protagonist location of that event. However, the users that
posted the messages about Nepal were distributed all over the world, indicating that this
event had global impact. Furthermore, some countries had more users interested in the event
than other countries, such as, neighboring countries and countries with citizens among the
victims. These would be considered as the interested locations of that event. It is important
to note that the protagonist locations not necessarily involve the physical locations where an
event happened. For instance, let us consider the soccer match in the FIFA World CUP of
2014 between Costa Rica and Greece on June 30th, 2014 [64]. For this event, most messages
mainly mentioned both countries so they can be considered as the protagonist locations, while
Brazil, the physical country where the match took place, was not mentioned enough to be
considered a protagonist.

Our work is based on the hypothesis that by adding geo-temporal context to news events,
such as protagonist and interested locations, and the time at which it occurred, we can
discover new information based solely on social media data. In particular, the application of
our event representation allows us to find relationships among events and among locations,
such as:

(i) event similarity:

• based on their protagonist locations, i.e., retrieve all the events that occurred
in certain location, or that directly involved similar groups of locations;

• based on the locations that are interested in the event, i.e., retrieve all of
the events that produced the similar interest in other locations.

(ii) location similarity:

• based on events in which a location is protagonist, i.e., retrieve the locations
that are protagonists in the same events;

• based on their interest in events, i.e., retrieve sets of locations that showed
similar levels of interest in the same events.

(iii) any combination of the above.

These similarity relationships along with temporal context can facilitate the implemen-
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tation of novel information retrieval tasks. These tasks include: event search, event under-
standing, geopolitical analysis, international relations analysis (when considering locations
at a country level), historical comparative analysis, among others.

4.1 Event Representation Definition

We represent an event as a complex information unit that encompasses all of the available
social media content associated with a certain news topic, as well as its aggregated spatial
and geographical information.

In particular, we incorporate information about the locations involved in the event occur-
rence, and the locations of the users that post messages about the event. This representation
is solely based on the social media activity surrounding the event in the online social network,
without including any external information sources.

Specifically, we define two types of spatial contexts, which we call:

1. protagonist locations, which are the locations involved in the event, and

2. interested locations, which are the locations from where users comment on the event.

For example, let’s consider the news about Chile and Peru’s maritime dispute at The
Hague in The Netherlands [19]. If we define locations at country level, then this is an event
for which Twitter users mention mostly three countries when discussing the event: Chile,
Peru and The Netherlands (other mentions are negligible). Hence, according to our definition
this event is considered to have three protagonist locations. However, users that comment
on this event are located mostly in: Chile, Peru, Argentina and Bolivia. Therefore, the event
is considered to have four interested locations.

More formally, we define an event E as a tuple of the form:

E = (K,D, T,P, I) (4.1)

where K is a set of keywords, which succinctly describe the news topic, D is the date of
the event detection, T is a set of tweets about the event, published by users of online social
networks. In addition, consider L = {l1, l2, . . . , l|L|} to be the set of existing locations. We
augment the information about the event by explicitly including its spatial context with
the vectors P and I, which correspond to the protagonist and interested location values,
respectively, for the event E. This is, the j-th dimension of vector P contains the number
of times that the location lj is mentioned by the tweets in T . On the other hand, the j-th
dimension of vector I contains the number of tweets in T that were posted by users in the
location lj.

As our event representation should allows us to analyze the political aspects of the ge-
ographical features of an event, we consider locations as categorical entities that have a
geographical reference. In other words, we consider that a location can be of any type of
geopolitical division granularity, such as a city, a region, a country, a continent, etc, instead
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of the coordinates of a point or area. For example, if we focus on the country administrative
level, we will consider that set L is composed by all the countries of the world. On the other
hand, if we work on the regional administrative level of Chile [196], the possible protagonist
or participants locations would be among the 15 regions of that country.

Using the information introduced by vectors P and I we can derive the scope of an event
E from two perspectives, provenance and impact, defined as follows:

• Provenance: Indicates whether an event is local, regional or global in terms of the
locations it involves. We consider an event to be of local provenance if it involves only
one protagonist location. We consider an event to be of regional provenance if it involves
two or more protagonist locations that are all from a same region (e.g., for countries,
this means neighboring countries or from a same continent2). We consider an event to
be of global provenance if it involves two or more protagonist locations in which at least
one is not from the same region. Vector P contains this information for a given event
E.

• Impact: Similar to provenance, this vector indicates if an event is local, regional or
global in terms of how many locations show interest in it. We consider an event to
be of local impact if it generates conversation from users in only one location (i.e.,
one interested location). We consider an event to be of regional impact if it generates
conversation from users in more than one interested location, all from the same region.
We consider an event to be of global impact if it generates conversation from users in
more than one interested location in which at least one of those locations is not from
the same region. Vector I contains this information for a given event E.

For example, the message “Australia confirms signals detected by China ‘consistent’ w/
#MH370 black box”, discussed an event in which Australia and China are involved. There-
fore, Australia and China can be considered as protagonist locations in this event. On the
other hand, this particular news event was discussed extensively by users located in several
countries, including: USA, Canada, Colombia, U.K., India, Nigeria, South Africa, Indone-
sia, Australia, France, Germany, China and Italy. Therefore, this is an event that had global
provenance (i.e., more than one protagonist location from different regions) and global impact
(i.e., more than one interested country from different regions). It should be noted that there
can be different levels of “global impact”, depending on how many different locations show
interest in the event (e.g., high-impact global world events will spark conversation in many
countries).

For the context of this thesis, we work with locations at the country administrative level.
Therefore, at times we use the concepts of “locations” and “countries” interchangeably. In
particular, in the following section, we define a representation for relations among locations,
which we exploit to gain data insight about international relations, as described in following
chapters.

2According to the division that considers 7 continents: Asia, Africa, Europe, North America, South
America, Antarctica and Australia.

28



Representing Relations Among Locations

The spatio-temporal context-aware event representation allows us to extract different types
of relationships among locations for a given event collection. In particular, we define a
protagonist-interest vector pi for a location lj, which represents the interest that other loca-
tions have in events that have lj as a protagonist. We define pi for lj as:

pi(lj) =
[
w(lj, l1), w(lj, l2), . . . , w(lj, l|L|)

]
(4.2)

where,

w(lj, lk) = f(# of events that have lj as protagonist in which lk shows interest), ∀ lj, lk ∈ L
(4.3)

Likewise, we also define the co-protagonist vector cp for the location lj as follows:

cp(lj) =
[
w′(lj, l1), w

′(lj, l2), . . . , w
′(lj, l|L|)

]
(4.4)

where,

w′(lj, lk) = f(# of events lj as protagonist in which lk is also a protagonist), ∀ lj, lk ∈ L
(4.5)

The relationships between locations, given by pi and cp, allow us to identify similarity
relationships among locations, such as:

• Locations that produce similar interest: from pi we can extract sets of locations
(countries) that are similar, based on the level of interest that they produce in other
locations (countries). For example, they can be obtained using k nearest neighbors or
by clustering locations’ pi vectors.

• Locations that are protagonists of the same events: from cp we can identify
which locations (countries) are similar, based on their interactions (i.e., they are pro-
tagonists of the same event) with other locations (countries). For example, they can
be obtained using k nearest neighbors or by clustering locations’ cp vectors.

The weights, w(lj, lk) and w′(lj, lk), are expressed as a function f(xj,k), where xj,k corre-
sponds to # of events in which lj and lk interact. In particular, for the visual tool described
in Chapter 5, users have expressed the preference of visualizing the absolute number of
events in which two countries interact (i.e., f(xj,k) = xj,k). Nevertheless, there are other
cases in which the analyst could prefer the weights to reflect the fraction of events in which
two countries interact in relation to the total of events for one of the two locations (e.g.,
f(xj,k) = xj,k/max (# of events in which lj or lk participate)). This can be useful in cases
that the number of events in which different locations participate are very concentrated on
specific locations. We explore cases such as these in following chapters that describe the data
insight we extracted using the model.
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We note that weights can also be expressed as functions of the # of tweets or the # of
users, and in addition, the proposed representation allows us to also specify interest-interest
and interest-protagonist vectors, in a similar fashion to pi and cp. However, we do not focus
on these variations at this moment.

4.2 Exploratory Analysis Using the Event Representa-

tion

We present an exploratory data mining analysis that uses the information provided by our
spatio-temporal context-aware event representation. We describe our empirical findings,
which illustrate the usefulness of our proposed event representation. This analysis considers
the location context of events at the country-level geopolitical division. This allows us to
explore the international interactions given by our current dataset. One of the first steps
to conduct this analysis was to consider that some countries could be more represented
than others in our dataset which is explained in the next section. Later, we describe the
geographical coverage of events and the international relationships that were generated as
consequence of these events.

4.2.1 Empirical Setup

We provide an overview of the data extraction methodology that allowed us to generate the
dataset used for the exploratory analysis presented in this chapter. This setup is divided in
two main components: the news events extraction and the geographical context extraction.
Both are responsible for the creation of the input dataset from which the event representation
is created in the following step. Given that event detection and extraction are beyond the
scope of this thesis, we chose to rely on an existing approach that retrieves a set of events that
are comprehensive and cohesive enough to test our event representation. Nevertheless, we
acknowledge limitations in the type of events collected by this setup, discussed in Section 4.3,
but we believe that these limitations do not affect the generalization of the results of the
proposed event representation.

News event extraction setup. The news event extraction module corresponds to that used
by Kalyanam et al. [91], which consists of an ongoing process that periodically retrieves tweets
about real-world news. We provide an overview of this process, which produces coherent sets
of tweets about news topics, although with certain degree of noise that is well tolerated by
our system. In particular, this is a two-stage iterative process that consists of 1) news topic
identification (i.e., detection), and 2) event tweet extraction. We describe them briefly next
(more details on this method, including the validation of the cohesiveness of the resulting
events can be found in Kalyanam et al. [91]):

1. Topic identification. This approach does not detect events directly, but rather re-
stricts itself to topics that have been posted on Twitter by mainstream news media
accounts. The system periodically (each hour) retrieves headlines posted on Twitter
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by a set of seed news accounts, which must be provided. Using association rule analysis
over the set of headlines collected in the cycle, the system outputs high-support sets
of keywords ({K1, K2, . . . , Kn}). These sets of keywords constitute terms that were
posted together in a headline by more than one news outlet within an hour.

In this particular setup, the seed set of news accounts correspond to 55 well-known
international news media outlets (with verified accounts). These accounts are mostly
from English-speaking sources based in the United States and Great Britain, such as
@BreakingNews, @CNN, @NYTimes, @Jerusalem Post, @AJEnglish, @NDTV, etc.3

2. Data collection. This stage iteratively takes the keyword-sets produced in (1), and
uses each keyword-set K ∈ {K1, K2, . . . , Kn} to query the Twitter Search API in order
to retrieve tweets T from regular users that also contain the keyword-set (i.e., that
are commenting on the same news topic as the headlines). The search is done within
the same hour in which the headlines were retrieved, removing tweets that where more
than a few hours old, narrowing down the number of tweets that do not belong to the
news topic due to the temporal relevance of the event. In principle, each keyword-set
K is considered to be related to a unique news topic E. However, several keyword-sets
could be referring to a same news topic (within one cycle or across several collection
cycles), therefore an additional step is applied to merge one or more set of tweets into
one within a one-day time window.

Geographical context extraction setup. We create a methodology for extracting the
protagonist and interested locations, as well as their frequency for an event E with a set of
tweets T .

Recognizing the protagonists locations is directed towards understanding semantically
where an event happened and/or which countries were involved in that event. To extract
the location of an event, most of the existing research rely on two main sources: document
metadata [159, 156, 3] or the document content [99]. One of the main problems with using
the metadata of documents to geolocate an event is that the distribution of users who produce
them can be biased. Therefore, events that occur in locations with less adoption of Twitter
could be incorrectly geolocated. In particular, we believe that for general news events, user
locations can be more useful for descriptive purposes than for geolocation extraction. On
the other hand, when considering the content of documents to extract locations, it is hard
to disambiguate toponyms (location names) within short text as they do not contain enough
contextual information. Indeed, although there are several geotagers that extract locations
from text [74, 188, 94], additional techniques must be applied to resolved them like, for
example, using external information from sources like Wikipedia or ontologies [31].

In order to extract the protagonist locations reliably from social media data, which is by
nature noisy, we need to analyze the complete set T of tweets for an event E. Let’s consider
the messages from Figure 4.1.a. In this case the word “Cleveland” can be incorrectly resolved
as the area in northeast of England when analyzed in isolation. If this happens, the event
could be incorrectly modeled as an international news as some tweets will refer to England

3Each Twitter account can be accessed in https://twitter.com/accountname, where accountname is
the name of the account.
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and some tweets will refer to the United States.

To overcome this problem, we implemented a methodology that resolves toponyms by
extracting its contextual information from within the message itself, as well as the text
contained in all of the tweets in T in E. The methodology is summarized in Figure 4.1. We
start by extracting toponyms from each tweet ti, grouping toponyms that co-occur in the
same message, and computing their frequency of appearance. For example, in Figure 4.1a, t4
contains both “Cleveland” and “US”, therefore we group them together, shown in Figure 4.1b.
Then, the methodology links groups of toponyms that share a location name, shown in
Figure 4.1c. Then, each toponym that resolves to a valid geographical location is merged
into one toponym, (Figure 4.1d), and this final toponym is resolved to a location l. Next,
location l is assigned to P in E if its frequency is greater than the defined threshold k (see
Section 5.2).

t
1
: Ariel Castro has reportedly been found

        

    dead in his Cleveland prison cell

t
2
: Ariel Castro hangs himself in prison in

          

    Orient,Ohio! 

t
3
: There are reports out of Ohio that

            

    Cleveland ARIEL CASTRO [ ]…

t
4
: Cleveland kidnapper Ariel Castro found

           

    dead in jail cell, US media reports
…

Cleveland, 

Ohio, 

US

(a) Tweets (b) Toponyms and frequency (c) Toponyms linking (d) Merge

Ohio 
 –

Cleveland

Ohio
Cleveland

-
US

Cleveland
Ohio 

 –
Cleveland

Ohio

Cleveland
-

US

Cleveland

Figure 4.1: Event geotagging methodology. (a) Given the set of tweets containing location
names, (b) it first recognize them and extract the frequency of their appearance, (c) it later
recognize those locations that have toponyms in common and link them. (d) Finally it merge
those that correspond to the same location.

Both the toponym extraction and resolution phases are carried out using the off-the-shelf
geoparser, CLAVIN [24]. This geoparser identifies location names in unstructured text and
resolves them against a gazetteer to produce data-rich geographic entities. The gazetteer is
downloaded from GeoNames [72].

Empirically, we observed that the precision and recall of the locations considered to be
protagonist of an event depends mostly on a ratio, which we call α. For an event E that
contained more than one location, we defined α as the minimum percentage of tweets that
must refer to a location li in relation to the most mentioned location lmax, in order for li to
be included in P or I vectors. Figure 4.2 shows an empirical analysis of the effect of α on the
precision, recall and F1 metrics of protagonist locations on a sample of 100 events. Precision
and recall were estimated based on a manual assessment of the protagonist locations of those
events. Based on this variation α can be set as the value that provides the best tradeoff
between F1 and recall (α = 19% in our experiment).

In order to obtain the set of interested locations of an event E, we access the GPS coordi-
nates of each tweet in T , or if this not available, the location of the user’s profiles information
associated to the tweet. The location of the user can be either GPS coordinates, set by
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Figure 4.2: Mean and standard deviation of multi-label scores of accuracy, precision, recall
and F1 measure by α ratio for 100 randomly selected events from our dataset.

the user’s mobile phone, or natural text. (e.g., “Santiago, Chile”). If GPS coordinates are
available the corresponding location is resolved in using the geodict library [187]. Otherwise,
if the user has provided natural text as its location information we resolve it using CLAVIN.

Dataset Description. Using the previously described data extraction techniques, we col-
lected a dataset of news events spanning from August 2013 to June 2015. This dataset
consisted of 20,066 news events, which contained 193,445,734 tweets produced by 26,127,624
different users.

We note that our event representation and applications are independent of the data ex-
traction methodology. Therefore, in order to improve the representativeness of our event
collection in the future, less biased methods of event extraction can be used, such as auto-
matic event detection techniques [127, 39] and/or the integration of more comprehensive sets
of seed news sources, as done for Chilean news analysis by Maldonado et al. [122].

4.2.2 Country Representation Bias

This process was based on a seed set of internationally renowned news media accounts that
publish information in English. This introduced a certain bias in our event collection towards
events that took place in English speaking countries, and towards including more tweets in
English than in other languages. For example, for the event “correspondents dinner” our
current method will mostly retrieve tweets in English from users world-wide. On the other
hand, an event described with a set of keywords which includes “Barack Obama” will retrieve
tweets in several languages.

These biases must be taken into consideration because they can limit the representative-
ness of the findings yielded by our data mining analysis. Nevertheless, we believe that they
do not invalidate our results, which show the perspective of a subset of the social network
that is centered on news reported in the United States and Great Britain. Therefore, our
results reflect the world-view of these two overly represented countries in particular, and of
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(a) The United States is a protagonist country of the majority of the
events, followed by Great Britain, India, Ukraine, Russia, Australia,
Syria and Iraq. A darker color corresponds to a higher level of protag-
onism.

(b) The United States is the country that showed the highest level of in-
terest in other events, followed by Great Britain, India, Canada, Nige-
ria, Indonesia, Australia, and South Africa. A darker color corresponds
to a higher level of interest.

Figure 4.3: Summary maps of interest and protagonists.

English-speaking users in general. Furthermore, other studies using the full Twitter stream,
such as that of Poblete et al. [148], show a similar data distribution to ours, indicating that
this type of bias could be inherent to Twitter itself.

Furthermore, an in-depth exploration of the bias in our dataset showed that the number
of tweets produced during an event did not depend on the number of seed accounts that
covered that event. Our analysis showed that only 13.5% of the users in the entire collection
had actually reposted a tweet from the seed news media accounts, which gives the overall
impression that these accounts did not influence much the amount of interest expressed by
users. Also, we found no relation between the number seed accounts that shared an event and
the number of countries that participated in the event in terms of provenance or of impact.

As mentioned in Section 4.1 we used a normalization for vectors pi and cp, defined
in Equations 4.2, 4.3 and 4.4, 4.5, respectively. This normalization allows us to compare
protagonist-interest and co-protagonist vectors in a way that mitigates the bias of overrep-
resented countries. In particular, for the pi vector we defined w(lj, lk) as:

w(lj, lk) = f(xj,k) =
xj,k − µ(x·,k)

σ(x·,k)

and for cp we defined w′(lj, lk) as:

w′(lj, lk) = f(x′j,k) =
x′j,k
x′j

,

where xj,k was the number of events that have lj as protagonist in which lk is interested; x·,k
is the vector containing the number of events in which location lk is interested, ∀lj ∈ L; µ
and σ are the mean and standard deviation of the distribution of events, respectively; x′j,k
is the number of events for which both lj and lk were protagonists, and x′j is the number of
events that had lj as protagonist.
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Fig. 11: Relative co-protagonism measure of selected countries.
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Fig. 12: Bias present in the amount of tweets and users posting them per country.

In terms of protagonism, we found countries that are similar, meaning that they are protagonists in the same events.
Similarity, in this case, was computed by applying Jaccard similarity between each pair of countries, where each of them
is represented by the set of events in which both are protagonists. The Jaccard similarity between two sets s1 and s2 is
defined as J(s1,s2) = |s1\s2|

|s1[s2| . We filtered out the countries are protagonists in less than 130 events (corresponding to the
80-th percentile of events for which a country is protagonist).

In order to study the capacity of our similarity metric to detect significant relations between countries, we analyzed
its distribution. We fit it to a theoretical probability distribution using the R package fitdistrplus 5 and we found the best fit
to be a Gamma distribution with parameters shape = 0.8721 and rate = 85.7683. Based on this analysis, if S is a random
variable with Gamma distribution representing the similarities between countries, we defined a similarity between two
countries x and y as significant if that similarity was among the 95% largest, i.e., if P(S < simx,y) > 0.95. In this way,
the similarity threshold was found to be Jaccard = 0.032. It is important to note that this threshold is parameterizable at

5 https://CRAN.R-project.org/package=fitdistrplus

Figure 4.4: Relative co-protagonist measure of selected countries.

4.2.3 Geographical Coverage

We started by characterizing the spatial distribution of our collection to describe its represen-
tativeness in terms of geographical coverage. In terms of protagonist locations, the United
States and Great Britain were the protagonists of the majority of the events, followed by
India, Australia, Ukraine and Russia (Figure 4.3.a). The median number of events in which
countries were protagonist is 18.5, indicating that only a few countries were the protagonists
of the majority of events. Figure 4.3.a shows the distribution of the number of events in which
countries were protagonists. When we computed the cp(ci) vectors for selected ci countries
(Equation 4.4, normalized by the number of events in which a country ci is protagonist), we
observed that the United States and Great Britain were the protagonists of the majority of
international events (Figure 4.4). There are some exceptions, such as Ukraine, which had
only Russia as the co-protagonist of many of its international events (Figure 4.4.d).

In terms of worldwide interest, the countries that displayed interest in most events were
the United States, Great Britain and India (Figure 4.3.b). In addition, these countries also
contributed the most tweets (Figure 4.5.a).

We determined the location for 37.3% of the users (9,738,538 out of 26,127,625 users).
These users were mostly distributed among the United States and Great Britain, followed
by Canada, Indonesia and India (Figure 4.5.b).
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Figure 4.5: Description of the bias in the number of tweets and users, per country.

4.2.4 International Relations Exploration.

We explored the dataset in order to identify similarity between countries according to the
events in which they are co-protagonists and the interest shown towards these events by the
rest of the countries in the world. We found that applying standard similarity metrics over
the data in the event representations, yielded relationships between certain countries that
resemble intense historical interactions and/or geographical proximity.

In terms of protagonist locations, we found countries that were similar, meaning that they
were protagonists of the same events. In this case we used the Jaccard similarity between
each pair of countries as our similarity measure, representing each country by the set of events
in which it was a protagonist. The Jaccard similarity between two sets x and y is defined as
simx,y = |x∩y|

|x∪y| . We filtered out the countries that were protagonists of less than 130 events

(corresponding to the 80-th percentile of events for which countries were protagonist).

We studied the distribution of our similarity metric, in order to determine which relation-
ships between countries were significant. We fitted the similarity to a theoretical probability
distribution using the R package fitdistrplus 4 and we found that the best fit was a Gamma
distribution with parameters shape = 0.8721 and rate = 85.7683. Based on this analysis,
if S is a random variable with a Gamma distribution representing the similarities between
countries, then we defined the similarity between two countries x and y as being significant
if its value was in the 95-th percentile of the distribution, (i.e., if P (S < simx,y) > 0.95).
Using this criteria, we determined a similarity threshold of sim∗ = 0.032, above which we
considered its value to be significant. This threshold can be parameterized at the 80-th, 90-
th, or 99-th percentile, as the researcher finds appropriate. Table 4.1 shows the top-20 most
similar countries based on this similarity, making it to the 97.181 percentile of our dataset.

We found that Israel and Palestine were the most similar countries, followed by Russia and
Ukraine, North Korea and South Korea, Great Britain and the United States, and Iraq and
Syria (Table 4.1). Their similarities are higher than the 99.25% of the pair-wise similarities
in our dataset. There are real-world historical and geographical relations between those
countries that can account for these similarities (for example, the Ukrainian crisis [192],
or the Israeli-Palestinian conflict [191]). On the other hand, some of the similarities can

4https://CRAN.R-project.org/package=fitdistrplus
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Country i Country j x′i x′j Similarity Percentile

Israel Palestine 561 360 0.2863 99.969
Russia Ukraine 823 921 0.2094 99.906
North Korea South Korea 158 179 0.1866 99.843
Great Britain United States 4,015 10,162 0.0966 99.248
Iraq Syria 654 647 0.0833 99.092

India Pakistan 1,561 453 0.0753 98.998
Iran Israel 496 561 0.0698 98.841
China Japan 646 354 0.0605 98.340
France Germany 627 371 0.0583 98.184

Argentina Brazil 130 236 0.0578 98.152
Australia Great Britain 974 4,015 0.0577 98.090
Brazil Germany 236 371 0.0575 98.058
Syria Turkey 647 198 0.0536 97.964

Iran Iraq 496 654 0.0512 97.777
Australia Malaysia 974 262 0.0492 97.682
Argentina Germany 130 371 0.0481 97.620
Australia India 974 1,561 0.0475 97.495

Germany Greece 371 155 0.0457 97.401
Canada Great Britain 715 4,015 0.0444 97.275
Egypt Libya 316 253 0.0440 97.213
Great Britain India 4,015 1,561 0.0436 97.181

Table 4.1: Most similar countries in terms of being protagonists of the same events (co-
protagonist vector), using Jaccard Similarity. x′i is the number of events in which country
i was a protagonist.

be explained by the preponderance of certain events, such as the 2014 FIFA World Cup.
These results indicate that there is information in Twitter data about real-world geo-political
interactions which can be further studied using our event representation.

In Figure 4.6, we present three graphs where countries represent nodes and edges are
weighted based on the Jaccard similarity. As we increase the threshold to connect two
countries with an edge, communities of countries emerge. For example, in Figure 4.6.c, it is
possible to identify a group consisting of Germany, Mexico, Brazil, Argentina, Netherlands,
Spain and Italy: countries whose teams participated in the 2014 FIFA World Cup. Also, it
is possible to observe edges among Malaysia, Indonesia, China and Australia, reflecting the
disappearance of the Malaysia Airlines flight MH370 on 2014. Those two long-term events, for
instance, sparked several events in our dataset, and the interactions between the protagonist
countries are reflected in our analysis.

We further explored trends of co-protagonism by analyzing the similarity of countries over
time. Given two countries, we computed their Jaccard similarity based on the events of a
time window of one week. Figure 4.7 shows the time series between United States and Great
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Country i Country j x′i x′j Distance

Turkey Indonesia 198 172 1.1442
Yemen Turkey 202 198 1.3416
Afghanistan Turkey 323 198 1.5304
Libya Turkey 253 198 1.6050

Egypt Palestine 316 360 1.6496
Malaysia Turkey 262 198 1.8096
Japan Spain 354 258 1.8327
Italy Japan 315 354 1.9018

Brazil Spain 236 258 1.9060
Germany Pakistan 371 453 2.0674
Israel Syria 561 647 2.4463
Russia Ukraine 823 921 2.5557

Nigeria Pakistan 412 453 2.5822
Canada China 715 646 2.6025
Iran Syria 496 647 2.6838
Iraq Iran 654 496 2.9270

France Canada 627 715 3.7859
Australia France 974 627 4.1398
India Australia 1,561 974 4.8339
Great Britain India 4,015 1,561 41.7719

Table 4.2: Pairs of countries that had the closest pi vectors according to the Euclidean
Distance. x′i is the number of events in which country i was a protagonist.

Britain, Malaysia and Australia, and Russia and Ukraine. Each of those pairs of countries
showed different characteristics in terms of how their similarity evolved over time. The US
and Great Britain did not show notorious bursts of similarity over time, although they had
high overall Jaccard similarity (Table 4.1), showing that although they were co-protagonists
in several events, there was not a particular situation that suddenly increased their similarity
in a narrow time span. On the other hand, Malaysia and Australia showed a burst starting in
March 2014, shortly after the disappearance of the Malaysia Airlines flight MH370 (similar
patterns arose when inspecting the relationship with Indonesia and China). Finally, Russia
and Ukraine showed high values of similarity over time, starting roughly in December 2013
and those patterns were maintained throughout 2014. This scenario correlates well with the
case study reported in Section 5.3.1.

Another aspect that we explored was the interest that different countries had in events
that occured in different geographical regions. In other words, we explored the protagonist-
interest relationship between countries. To do this, we represented each country ci as its
corresponding pi(ci) vector (Equation 4.2).

We adjusted the original representation of the protagonist-interest vectors (Equation 4.2)
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(a) Similarity graph with threshold 0.01 (percentile 71.312) (b) Similarity graph with threshold 0.032 (percentile 95.052)

(c) Similarity graph with threshold 0.06 (percentile 98.309)

Fig. 13: Similarity graphs of countries using Jaccard similarity as the weights of the edges. Each node is a country and an edge between two
nodes corresponds to the Jaccard similarity between those two countries. An edge is present if the similarity is higher than the given threshold.
The node size and color represents the amount of events in which each country is protagonist, and the thickness of and edge represents the
similarity.

aforementioned adaptation, we applied Euclidean distance to find the country c2 with the closest pi vector to another
country c1 (Table 2). Given that there are countries with few events in which they are interested in, or in which they
are protagonists, we only report the countries that have been protagonists in at least 167 events (the average amount of
events per country being protagonist).

We see that Turkey has strong ties with other countries, by being very close with several other countries according to
protagonist-interest relations, such as Indonesia, Yemen, Afghanistan, Libya, and Malaysia. Moreover, Italy and Japan,
Brazil and Spain (and also Brazil and Germany) appear as similar countries; these similarities can be explained by the
events triggered in the 2014 FIFA World Cup. Notably, Russia and Ukraine are highlighted again, showing not only that
they are protagonists roughly the same events, but also that they are seen with similar interest by the rest of the world,
making more evident the impact the Ukrainian crisis had on the news. We also note that most of these countries are close
geographically, and mostly Asian countries. We argue that these results are another sign of the bias in our dataset: the
perspective of international news as seen by English-speaking countries.

Finally, we explore events with highest impact, considering international and local events. For this analysis, we did
not separate international events into events of regional or global scope, in order to find the events with highest impact.
We manually inspected the events having the highest impact by filtering out countries that had interest that was lower
than the 99-th percentile (leaving 0.27% of the total events), and then considering events with the largest amount of
interested countries, as well as the smallest (international and local events, respectively).

We observe that events with highest overall impact cover several topics, but the most recurrent are sports and en-
tertainment. Events like the death of actor Robin Williams caused the most international impact, being commented by
202 countries. This is followed by sports events, such as the 2014 FIFA World Cup, the 2013 Super Bowl or the boxing
match between Floyd Mayweather and Manny Pacquiao (Table 3). Other events with high impact include New Years
Eve for 2013, the shooting in the Charlie Hebdo newspaper office in Paris, and the Grammy Awards in 2015. We also

Figure 4.6: Similarity graphs of countries using the Jaccard similarity as the weight for the
edges. Each node is a country and an edge between two nodes corresponds to the Jaccard
similarity between those two countries. An edge is present if the similarity is higher than
the given threshold. The node size and color represents the number of events in which each
country was a protagonist, and the thickness of and edge represents the similarity.

in order to mitigate the data bias, which was reflected in that some countries were overly
represented, because they produced much more tweets than others (Figure 4.5.a). Hence,
instead of counting the number of events with cj as a protagonist, for which ci expressed
interest, we prefered to measure the interest of ci in cj as the difference between the average
number of events of other countries in which ci was interested, with respect to the number
of events of cj in which ci was interested. In other words, our original interest measure was
normalized by the average interest shown by ci in other countries. Using this new interest
measure we applied Euclidean distance to find the country c2 with the closest pi vector to
another country c1 (Table 4.2). Given that there were countries that expressed interest in
only a few events, or that were protagonists themselves of very few events, we only report the
countries that were protagonists of at least 167 events (i.e., the average number protagonist
events per country in our dataset).

We observed that Turkey had strong ties with other countries, being very close with
several other countries according to protagonist-interest relations, such as Indonesia, Yemen,
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(a) United States and Great Britain.
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(b) Malaysia and Australia
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(c) Russia and Ukraine.

Figure 4.7: Timeseries of the Jaccard similarity between co-protagonist vectors of selected
pairs of countries over time. The value of similarity is computed for all the events in the
given week. Data from October 2014 and December 2014 was not available.

Afghanistan, Libya, and Malaysia. Furthermore, other similar countries were Italy and Japan,
Brazil and Spain (and also Brazil and Germany); these similarities are be explained by the
events triggered in the 2014 FIFA World Cup. Notably, Russia and Ukraine standout again,
showing not only that they were protagonists of roughly the same events, but also that they
were seen with similar interest by the rest of the world, making the impact that the Ukrainian
crisis had on the news more evident. We also noted that most of these countries are close
geographically, and as well as other countries, mostly from Asia. We argue that these results
are another sign of the bias in our dataset: the perspective of international news as seen by
English-speaking countries.
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Figure 4.8: Protagonist-interest plots for selected countries. Each plot shows the level of
interest (y-axis) displayed by the other counties of the world (listed along the x-axis) in the
events of the featured pair of “protagonist countries”. Country labels in the x-axis have been
omitted for readability purposes.

Table 4.3: Events with most international impact, measured as the number of countries which
showed interest higher than the 99-th percentile of overall interest.

Event Description Tweets Users Outlets Countries

Death of actor Robin Williams (2014) 1.8M 1.3M 48 202
FIFA World Cup final between Germany and Argentina (2014) 494K 385K 40 144
FIFA World Cup starts (2014) 476K 358K 45 143
Super Bowl starts (2015) 1.1M 849K 35 130
New Year’s Eve (2013) 325K 279K 31 127
Soccer Player Luis Suarez is suspended from World Cup (2014) 213K 157K 38 106
Charlie Hebdo shooting in Paris (2015) 629K 328K 50 102
Grammy Awards (2015) 682K 432K 31 97
Boxing match between Mayweather and Pacquiao (2015) 779K 522K 37 97

Finally, we explored events with the highest impact, considering international and local
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Table 4.4: Events with most local impact, measured as the number of tweets coming from
events with only one interested country, whose interest is higher than the 99-th percentile of
overall interest. All events happened on 2015.

Event Description Tweets Distinct Users Outlets

US Supreme Court ruled in favor of same-sex marriage 51K 50K 7
Delhi Legislative Assembly election 35K 13K 3
Labour party said it will scrap the non-domiciled tax status 32K 15K 10
Tornado strikes Texas 31K 6K 4
TV appearance of Delhi chief minister candidate Arvind Kejriwal 30K 10K 1
Hillary Clinton announces presidential bid 30K 30K 3
Football player Cardale Jones announces he is returning to school 28K 22K 3

events. For this analysis, we considered all international events (regional and global). We
counted the number of different interested locations for each event, however only consider-
ing interest measurements within the 99-th percentile of the dataset. From this analysis we
were able to observe that the events with the highest overall impact covered several topics,
and that the most recurrent events were sports and entertainment. Events like the death
of the actor Robin Williams caused the most international impact, with a large number of
tweets from 202 countries. This was followed by sports events, such as the 2014 FIFA World
Cup, the 2013 Super Bowl and the boxing match between Floyd Mayweather and Manny
Pacquiao (Table 4.3). Other events with high impact included New Year’s Eve for 2013, the
Charlie Hebdo shooting in Paris, and the Grammy Awards in 2015. We also observed that
the coverage of different news outlets was higher for these events. On the other hand, events
with local impact consisted mostly of political events, such as political elections and debates,
with the exception of a natural disaster and a sports event. We observed that in this case the
coverage of different news sources was lower in relation to high impact international events,
as well as the number of tweets involved.

4.3 Known Limitations

The main limitation of this exploratory analysis is the event extraction methodology we used
to collect events from Twitter. Indeed, the news event extraction methodology relies on
the headlines published by news media accounts, which provides good precision in terms of
reporting events that did in fact exist in the real-world, but might omit informative events
that did not receive media coverage. Therefore, the current data extraction approach can fail
to retrieve events such as citizen movements and other important events that were informed
only via social networks. In addition, in the current data extraction setup the initial seeds for
the event collection came from a reduced list of news media accounts, with limited country
coverage and languages. Although the news event dataset likely represents a great majority of
the news events and related tweets posted on Twitter, the collection will miss the long tail of
events that had impact in other less represented countries worldwide. Another relevant aspect
to consider about bias is the demographics of Twitter users. Some studies have shown that
the population of Twitter users is biased towards certain characteristics. For example Mislove
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et al. [130] analyzed a sample of users from the United States and concluded that Twitter
users were mainly men and were non a random sample in terms of race or ethnic groups.
Other researchers have reached similar conclusions regarding the unbalanced population of
Twitter users from other countries, like Italy [179] and Great Britain [125]. Nevertheless,
our event representation allowed us to observe political relationships among countries that
happened in the physical world by only analyzing social media data.

Finally, we note that although our proposed event representation can be considered gen-
eralizable to other social media platforms, we have not validated it on other sources of
information besides Twitter. It is not certain that for other social media platforms we will
have enough information, regarding user location and data availability, in order to produce
accurate event representations.

4.4 Summary

In this chapter we presented a spatio-temporal context-aware representation for news events
in social media In particular we introduced two types of geographical contexts for events:
1) protagonist locations, and 2) interested locations. The first corresponds to locations,
in this case geopolitical divisions, that were involved in the event itself, and the second
corresponds to locations where the event’s information had the most impact. By considering
both contexts, we defined two types of geographical scope for news events: provenance and
impact.

In addition, we presented an exploratory analysis with our event representation used on
almost two years of news events collected from Twitter. With this analysis we observed that
our event representation allows us to study the geographical features of a news event from two
complementary perspectives that merge the physical world and its reflection in social media.
We also observed that this representation allowed us to study how international relationships
develop and how they evolve over time.
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Chapter 5

Visualization of News Events by their
Geo-temporal Representation

As expressed earlier, understanding patterns can be impossible without the collaboration
of human and data mining techniques. Indeed, computer-based data visualization provides
means for people to view and interact with data that can lead to abstract interpretations
that could not be possible with computers alone. As stated by Munzner [131]:

visualization is suitable when there is a need to augment human capabilities rather
than replace people with computational decision-making methods.

Visualization of social media data has been extensively studied in recent years, due to the
huge volume of data produced in these platforms by users. The interest produced by the
events portrayed in social media has given rise to a large body of visualization research on
how to portray events from different perspectives. For example, several works in the literature
focus on the representation of events as their most representative keywords and how they
evolve over time using river metaphors [200, 116] or other kinds of visual summaries [16].
Other approaches use more than one perspective at a time, including multiples views like
TwitInfo [123] that incorporates overall text sentiment, shared photos like the work of Dörk
et al. [54] and videos that elicit conversation in Twitter like in the work of Diakopoulos
et al. [49]. When considering the geographical aspects of an event, several works focus on
either showing the geographical distribution of messages over a map [123, 84, 106] or the
locations where the event occurred, like Event Registry [58]. SensePlace2 [121] is one of
the few examples that includes both the geographical distribution of messages and locations
of the event. Nevertheless, as far as we are aware of, none of the exiting tools include the
political links generated by the interaction of locations in the physical world.

In this chapter we present Galean, our prototype of a visual interface to explore and
retrieve news events based on our proposed spatio-temporal context-aware event represen-
tation. Given that our model is focus on understanding the relationships between events
and locations, it does allow users to explore international relationships among countries. We
present our system’s interface and high-level architecture. We show the usefulness of our
tool by presenting two case studies, and by evaluating its effectiveness for new Information
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Retrieval tasks, such as: retrieving events that have particular countries as protagonists, and
following international relations among countries over time.

5.1 Interface Design

Galean’s interface design is based on the Visual Information-Seeking Mantra: Overview first,
zoom and filter, then details-on-demand [162]. Its interface (Figure 5.1) is composed of
three main components: (i) filters and search (Figure 5.1.a, top section); (ii) a list of events
and the main map (b and c in the middle section of Figure 5.1); and (iii) the timeline
(Figure 5.1.d, at the bottom). A video demonstration of this tool is available at https:

//vimeo.com/150260355. In addition, a prototype of Galean focused only on Chilean news
is available at http://galean.cl. In the future, the international version of Galean will be
made available in the same location as the Chilean version.

Next, we describe the interface and its components in detail.

Filter by country: Filter by scope: Filter by words:

All AllMay 6, 2014
Selected date:
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Nigeria: 18244

Number of tweets:

32061

×

sell, northeast, help, girls, 
kidnapped, nigerian, haram, 
team, gunmen, abducted, 
boko, nigeria

advisory, climate, harms, 
house, driver, americans, 
financial, white, changes, 
change
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14436

13040

N° tweetsKeywords

Events for May 6, 2014: Date:

By date By date range

Search Clear Help
(a)

(b) (c)

(d)

(e) Local events

(g) Global
events

(f) Regional
events

Figure 5.1: Galean overview. (a) Filters and keyword search options are in the top section.
In the middle section, (b) a list of events by date and date range, and (c) the main map.
(d) The timeline at the bottom shows the volume of news events over time. (e), (f) and (g)
indicate local, regional and global events respectively.

Overview first: Main map and timeline. The main map, table of news events and
timeline provide a simple overview of thousands of tweets about news events. The main map
shows events in their geopolitical context, represented as bubbles placed over the country or
countries of their provenance. If the event is located in a particular city within the country,
the bubble is placed in the city. On the other hand, if only country level information is
available for the event, the bubble is placed on the country’s capital. The size of each
bubble represents the relevance of the event, measured by the volume of tweets associated
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with it. Purple bubbles (Figure 5.1.e) represent events that are of local provenance (i.e.,
events in which only one country is the protagonist). Green bubbles (Figure 5.1.f) represent
regional provenance (i.e., more than one country is involved in the event, but all of them
correspond to the same continent). Orange bubbles (Figure 5.1.g) represent events which are
of global provenance (i.e., more than one country is involved in the event and they belong
to at least two different continents). If the cursor is placed over a bubble, a pop-up appears
with information about the event. When the cursor is placed over green or orange bubbles
– regional or global events– links appear to indicate the other countries that are relevant for
that event. For example, in Figure 5.1 we observe several local events in the United States
in May 6, 2014, indicated by purple bubbles located on this geographical area. In particular,
the event with the highest impact is located in the West Coast. Some regional events (green
bubbles) are located in South Korea and Brunei, and some global events (orange bubbles)
are located in India, China and the United States. In addition, we highlight a global event
that links the United States and Nigeria, which corresponds to the United States’ intentions
to send aid to Nigeria in response to the kidnapping of a large group of schoolgirls claimed
by Boko Haram, in 2014 [194].

To the left of the main map, the interface contains a list of events displayed by their
most representative keywords and number of tweets. The timeline at the bottom shows the
overall distribution of events over time, providing a historical overview of events per date.
It is built as a focus-plus-context component of all the news events from the database. If a
date is selected, the main map is updated showing only the events of that day. The map and
timeline were implemented using Leaflet [109] and D3.js [45], respectively.

Figure 5.2: Galean interface after applying filters on protagonists countries and keywords. It
retrieves and displays events related to the kidnapping of Nigerian schoolgirls by the Boko
Haram terrorist group.

Zoom and filter. If the top filters of the interface are applied, the map, the list of events
and the timeline are updated according to these filters. Events can be filtered by (i) whether
they have one or more protagonist country, (ii) the scope of their provenance (local, regional
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or global, defined in Chapter 4), and/or (iii) by keywords. In particular, if more than one
protagonist country is selected then the system retrieves only events in which those countries
interact. For example, we can explore how the relationship between the United States and
Nigeria evolved over time, based on the schoolgirls kidnapping by selecting both countries
in the country filter and the word boko in the search box. After applying the filters, the
timeline only shows events that meet the requirements imposed by them. By manually
inspecting some dates in the timeline, we can retrieve several events related to that topic.
For instance, in Figure 5.2, Galean shows in its timeline which events satisfy these criteria,
particularly displaying a related event on January 13, 2015.

Event
Info

News
Tweets

User
Tweets

Tweets from all countries

RT @AP: White House says a U.S. team 
will head to Nigeria to help in the search 
for kidnapped schoolgirls: http://t.co
/vNrI5ppiXT

@NewsHour -

1096 tweets from Nigeria

State Department: US plans to send
team to Nigeria in response to
schoolgirls' kidnapping - @Reuters
 http://t.co/zERamNY6uj

- 2014-05-06 17:04:10 @BreakingNews

Nigeria 'welcomes US help' in hunt for
 kidnapped schoolgirls http://t.co
/UvOauW3iWn

- 2014-05-06 17:05:50 @itvnews

2014-05-06 17:41:25 

(a) (b) (c)

Figure 5.3: Details on demand for the news event about the intentions of the U.S. to send
aid to Nigeria during the schoolgirls kidnapping (May 6, 2014). It shows the (a) geographical
distribution of tweets, (b) additional information of the news topic divided into categories,
and (c) tweets related to the event.

Details on demand: selecting a news event. To inspect a particular news event in
depth, the user can click on its corresponding bubble in the map or on the list of events that
is displayed. When an event is selected, shown in Figure 5.3, the map is updated to show a
choropleth of the geographical distribution of tweets according to the countries that display
interest in the event (countries from which users post tweets about the event). The event’s
protagonist countries are highlighted with a darker outline. Additional information for the
event can be found at the right-hand side of the map. This information consists of a general
event summary and of event tweets, categorized by source (i.e., regular Twitter accounts or
news outlet accounts), shown in Figure 5.3.b. By selecting these different sources, users can
view a set of headlines for the event (i.e., when selecting news outlet tweets), or compare
the people’s perspective against that of the media. Finally, if a country is selected from the
choropleth, tweets will be filtered to show only those coming from the selected country in
chronological order.

In particular, Figure 5.3 shows that most of the tweets related to the schoolgirls kidnapping
come from the United States, Nigeria, Canada and Great Britain. In particular, the tweets
shown in Figure 5.3 reflect the media’s reaction to the event.
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It is important to mention that our event exploration tool does not provide event ranking
nor tweet ranking functionalities at the moment. The tool displays all of the events that
match the user-defined spatio-temporal filters, and tweets are listed in chronological order.
Ranking at the moment is not within the scope of our work, but it could be interesting to
address in future versions.

5.2 System Architecture

We present a general overview of the architecture for generating our event representations
in order to use them in our application. The architecture, shown in Figure 5.4, consists
of the following three parts: “input”, “event representation generator”, and “visualization”.
The first component, (1) “input”, is not part of the contributions of this dissertation, and
is currently fulfilled by using existing methods, which can be replaced transparently as long
as the requirements detailed next are met. On the other hand, the other two components,
(2) “event representation generator” and (3) “visualization”, are the core of our contribution
and therefore essential to our system.

(1) Input 

(2) Event representation
generator (3) Visualization

metadata

metadata

metadata

News Event
Extractor

Geographical 
Context

Extractor

Figure 5.4: Framework consisting of three parts: 1) input, which collects data related to
news event activity from social media and extracts its geographical information; 2) the event
representation generator, which generates our representation of the input events and 3) the
visualization, which consumes these events. Our contribution is related to the two latter
modules, the first module can be replaced according to the task and/or state-of-the-art.

Given an input from the Twitter data stream we specify the following components of our
framework (the particular setup for our proposed applications is detailed in Section 4.2.1):

1. Input: This module requires two subparts, the “news event extractor” and the “geo-
graphical context extractor”.

(a) News event extractor: This submodule must output groups of tweets, where each
group of tweets T should represent a cohesive news topic E. In particular, most
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of the tweets in the set T of an event E must be on the topic of a particular news
events. However, as we use a high-level representation of events, some noise is
tolerated (i.e., tweets that do not correspond to the event).

(b) Geographical context extractor: This submodule associates spatial context to each
tweet in T of each event E produced by the “news event extractor” module.
Therefore, it must provide the geographical locations of the places mentioned in
the text of the message and the geographical location of the author of the message
(i.e., protagonist and interested locations, respectively). This module must locate
the majority of the tweets in E correctly (i.e., with good precision) based on GPS
coordinates and/or textual content, so that locations mentioned in tweets can be
geotagged, and users can be geotagged as well (users can set their location using
GPS coordinates or by using natural text).

2. Event representation generator: This component creates the event representations
E for each of the groups of tweets provided by the “input” module. In particular
this module must create a tuple E for each event, as specified by our definition in
Section 4.1. This means that it has to produce the date D of the first tweet, a set
of keywords K that describe the event, the set T of tweets and the P and I location
vectors of the event.

3. Visualization: This module consumes the event representations produced by the
“event representation generator” module and produces the event visualization inter-
face.

The backend of the tool was implemented with Flask [154], the python based microframe-
work, and frontend with Javascript. The code was modularized so each component behavior
was as independent of others as much as possible.

5.3 Tool Validation

In this section we present the validation of our tool with case studies, a qualitative study with
experts and a user study. For the evaluation of Galean we used the same dataset described
in Chapter 4, section 4.2.1. In particular, the processes of News Events Extraction and
Geographical Context Extractor described there are the same subcomponents of the input
component described in Section 5.2. As previously mentioned, although the input data is
important for the outcome of the final application, we consider the event detection and
extraction to be beyond the scope of this current thesis. In practice, this means that the way
in which events are extracted can be replaced by another methodology in the future.

5.3.1 Case Studies

We use Galean to explore two selected news events: the Ukrainian crisis, dating approxi-
mately from November 2013 until today, and the earthquake in Nepal in April, 2015.
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Geographical context extraction setup. We create a methodology for extracting the protagonist and interested locations,
as well as their frequency of occurrence, for an event E with a set of tweets T . The toponym (i.e., location name)
extraction and resolution phases are carried out using the off-the-shelf geoparser, CLAVIN [72]. However, since tweets
are short and do not provide much context for toponym disambiguation, our methodology boosts the performance of the
geoparser by adding context from other tweets in E.

As detailed in Section 3, this methodology relies in a ratio named a which we empirically set to 12% as that which
provides the best trade off between F1 and recall, according to Figure 1. This is, a location if considered as part of an
event, if it has at least 12% of the mentions that the most frequent location of the event had. Otherwise, we consider that
this location was not actually involved in the event.

Dataset Description. Using the previously described data extraction techniques, we collected a dataset of news events
spanning from August 2013 to June 2015. This dataset consists of 20,066 news events, which contain 193,445,734
tweets produced by 26,127,624 different users 3.

We note that our event representation and applications are independent of the data extraction methodology. Therefore,
in order to improve the representativeness of our event collection in the future, less biased methods of event extraction
can be used, such as automatic event detection techniques [47, 11] and/or the integration of more comprehensive sets of
seed news sources, as done for Chilean news analysis in [44].

5.2 Case Studies

We use Galean to explore two selected news events: the Ukrainian crisis, dating approximately from November 2013 to
present, and the Nepal earthquake in April, 2015.

(1) Protest camp in 
Kiev (Dec 11, 2013)

(2) Resignation of Ukraine’s 
Prime Minister (Jan 28, 2014)

(a) Timeline of local events from mid December 2013, to late September of 2014. Local events started to emerge in December, 2013 and then
decreased in number and frequency around March, 2014.

(3) Russian missile
test (Mar 04, 2014)

(4) Russian Parliament recognizes Crimea 
as part of Russia (Mar 21, 2014)

(5) First visit of Russian President to Crimea 
since Crimea's annexation (May 09, 2014)

(b) Timeline of regional events from mid December 2013, to late September of 2014. Regional events started in March, 2014.

(6) U.S. expands sanctions against
Russia over Ukraine Crisis (Jul 16, 2014)

(c) Timeline of international events from mid December 2013, to late September of 2014. International events started to emerge around March,
2014.

Fig. 5: Timeline of local and international events in the Ukrainian crisis between December, 2013 and September, 2014. Russia and the United
States were the external countries became the most involved in the Ukrainian crisis according to our analysis.

3 This dataset will be available upon publication by contacting the authors, restricted by Twitter Terms of Services.

December     2014     February   March        April         May          June         July        August  September

December     2014     February   March        April         May          June         July        August  September

December     2014     February   March        April         May          June         July        August  September

Figure 5.5: Timeline of (a) local, (b) regional, and (c) international events in the Ukrainian
crisis between December, 2013 and September, 2014. Russia and the United States were the
external countries that became the most involved in the Ukrainian crisis according to our
analysis.

Ukrainian crisis. This event corresponds to the long-term conflict in Ukraine, which consen-
sually started in November 2013 when the Ukrainian government decreed to suspend signing
the “Association Agreement” [11] with the European Union. We used Galean to discover
events related to the Ukrainian crisis, by selecting Ukraine in the country filter and the term
crisis in the keyword filter. This retrieved only events that occurred in Ukraine and that
contained social media messages with the term crisis between November, 2013 and March,
2015. To understand how local, regional and global events differ, we used Galean’s filters to
select the scope of each event. At the beginning (December, 2013), the majority of events
were of local scope (Figure 5.5.a), meaning that Ukraine was the only protagonist country
at that time. Months later (March, 2014), regional and global events started to appear,
indicating that other countries became involved in the crisis (Figure 5.5.b and Figure 5.5.c),
tendency that started to decrease later in May, 2014. More precisely, Galean displayed 36
regional events about the Ukrainian crisis, 28 with Ukraine and Russia as protagonist coun-
tries. On the other hand, we found 48 global events, 12 of them involving only Ukraine and
the United States, and 31 of them involving Ukraine, Russia and the United States.

In addition, we tracked some local events, in particular those related to the evolution of
the protests in Kiev [164], and their consequences, such as the resignation of the Ukrainian
Prime Minister at that time [201] (both events are marked in Figure 5.5.a as (1) and (2)

respectively).
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Figure 5.6: Russian Parliament recognizes Crimea as part of Russia (Point (4) in Fig-
ure 5.5.b). Event detected on March 21, 2014. Total number of tweets: 7,660.

According to Galean, Russia and the United States were important actors in the Ukrainian
crisis. Therefore, we explored more in detail some regional and global events. We found a
series of events that related Russia to Ukraine, for example, when the Russian Parliament
recognized Crimea as part of Russia in March 21, 2014 (Figure 5.6), and when, as conse-
quence, the President of Russia, Vladimir Putin, celebrated Victory Day during his first visit
to Crimea in May 9, 2014. Both events showed a strong impact on Twitter, with 7,660∼ and
11,647∼ related tweets.

Events that involved the United States included sanctions towards Russia [60], or accusa-
tions about Russia sending military help to separatists in Ukraine [173]. We used the filters
provided by Galean to find relevant protagonist countries for certain events, and to track
these events in time. For this case study, we observed an overall tendency of international,
regional, and global scope events producing a greater impact, than local scope events.

2015 Earthquake in Nepal. In this second case study we show how Galean can help users
in crisis management, by looking at the causes of certain events. The starting point of this
search was a news event about Japan signing an agreement to provide a loan for Nepal’s
earthquake recovery programs in December 2015 [172]. We retrieved events related to the
earthquake by selecting Nepal as a protagonist country and earthquake as a keyword filter.
In terms of scope, we obtained 24 local events, 7 regional events and 18 global events.

Regarding the earthquake’s impact in social media, we observed that people’s interest grew
as the event evolved as evidenced by an increase in the number of related tweets and also of
countries from which users displayed interest. In addition, we found emerging relationships
between other countries, besides Nepal, such as the United States and India, as a consequence
of having provided external aid for aftershocks.

Given that our dataset extends only up to June, 2015, we were not able to follow the
complete lifecycle of this event. The last global event related to the earthquake in Nepal
stored in our database was from May 16, 2015, which accounted for the recovery of the
bodies of the crew of the U.S. Marine chopper that went missing while helping victims [171].
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Figure 5.7: Geographical distribution and sample tweets about the donor’s conclave for the
reconstruction in Nepal. Event detected on June 25, 2015. Total number of tweets: 2,565.

However, after clearing the keyword filter in order to use only the filter by country, we found
a regional event in June 25, 2015 about a donor’s event among several countries to rebuild
Nepal [181]. This event had Nepal and India as protagonists because the biggest donation
came from India (Figure 5.7). Another agreement of this particular event was a loan from
Japan to Nepal, which actually corresponds to the initial news that started this case study.
Hence, by starting from that news, which is consequence of a past crisis situation, we were
able to track its origin and subsequent events.

5.3.2 Expert Feedback on the Visual Tool

We conducted a qualitative study of Galean with six domain experts using Pair Analytics [17].
Two specific aspects were investigated: (i) how intuitive and easy the tool was to use, and (ii)
whether the tool could be used for the experts’ day-to-day work in long-term news analysis.
It is important to note that for this study our prototype only implemented two categories
for provenance: local and international (regional was added afterwards). The international
category included regional and global events. For the scope of the study, we consider long
term analysis following the development of a news event for more than one month. Its design
and results are presented in this section.

Design. Six users (two men and four women) participated in the study. They were recruited
by e-mail or by online social network messages. They are journalists (4 people), Information
and Management Control Engineer (1 person), and Computer Engineer (1 person). The
ones who are not journalists work on news analysis as part of their daily work. Their ages
ranged from 25 to 35 years old. They were not economically compensated and participated
voluntarily in the experiment. The experiment was conducted in an office in the Department
of Computer Science of the University of Chile.

Initially, the experimenter described the objectives and the procedure of the study to the
participants. Then she described the tool and its components, allowing the participants to
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use the tool as s/he needed to explore its features. The participants are required to carry
out three small tasks to get used to the tool’s interface and exploration capabilities. Later,
they were required to perform four more tasks which were designed for the analysis of news
events which required the users to be more focused. Finally, they were asked to discuss
their experience using the tool. All the interactions of the participants with the tool, the
conversation with the experimenter and their comments were recorded. The participant did
not have to write any answer or comment by themselves. To extract the answers of the
participants, the experimenter transcribed the recorded session.

Two major aspects were investigated: (i) to discuss how intuitive and easy the use of the
tool was, and (ii) to consider whether the tool could be useful for their daily work.

Experimental Scenario and tasks. The data set described in Section 4.2.1 was used as
the scenario of the experiment. The events asked to be analyzed in this section were manually
selected by following two criteria: (i) they seemed to be easy to understand, and (ii) they
were probably not known by the participant.

As mentioned earlier, two types of tasks were selected to evaluate the usability of the tool.
The first three tasks were selected in order to get used to the tool. In particular, to study
if the timeline was intuitive enough (T1), if a particular filter was understood by users (T2),
and if it was understood that filters could be combined to make up more complex queries
(T3). The first three tasks are described as follows:

• T1: Name the date when most events happened. Select it and name a couple of news
events.

• T2: Filter the events in that date by scope: local and international. Name which scope
comprises most news events.

• T3: Filter the events in that date as being local and from the United States. Name
the event with most tweets which discuss it.

The following describes the four investigative tasks. The first two (T4 and T5) focus on
the exploratory capabilities of Galean and how it presents the development of a news event
over time. The last two (T6 and T7) focus on discovering pattern behavior of news events and
their propagation on Twitter. The patterns requested were directly related to the underlying
model. For example, we wanted to explore if participants observed that with a particular
scope have similar behavior in terms of impact or propagation.

• T4: Search for the news related to the Crimea crisis in 2014 and briefly describe the
events found. In particular, focus their development over time, the number of tweets
and the geographical distribution of tweets discussing the events.

• T5: Search for news events that are related to the Washington mudslide in 2014 and
conduct a similar report.

• T6: Explore local and international news events and compare them. Describe how each
category behaves over time and how much impact on social media they had, measured
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in volume and geographical distribution of tweets.

• T7: Select international events regarding United States and Iraq and describe how
they evolve over time. Repeat the process with United States and Chile. Compare
both scenarios and explain their differences.

Results. The results of the expert feedback are reported from three perspectives: usability,
usefulness, and patterns found in the data.

Usability: Tool design and completion of tasks Overall, all of the participants were
able to complete all the tasks without substantial problems. They understood the main
interface and how to use it. The participants seemed happy and entertained to work with
the tool. They also seemed to be interested in what it showed to them. In fact, it was common
to hear comments such as “this is fun”. Most of them agreed that with more practice the
tool would be easy to use.

The issues regarding the interface design correspond to the confusion about the date filters,
and the clutter provoked by several events being shown up in the same location. There were
minor difficulties at interpreting the maps and the difference between a tweet and an event
in the main interface. Nevertheless, all participants were able to understand the source of
the data and how it was displayed.

At the beginning, it was not clear for some participants that when selecting a date from
the timeline, the date filter also updates automatically. In addition, participants frequently
asked for the possibility to select a date range.

The second issue to address was the overlapping of event bubbles on the main map. Even
if strategies were applied to overcome this problem, sometimes it was hard for participants
to distinguish between news events when several bubbles were on top of the same country
on the map. Participants also suggested that the pop-ups would have information about the
country in which a bubble is, as their geography knowledge was not always perfect.

Regarding the data set used, participants declared that the news events displayed by the
tool corresponded to their general knowledge of the news. However, Twitter is a noisy source
of data, and as a consequence, it was possible to find news events that were mixed with other
news. Also, Galean showed that some countries participated in news that did not exist in
the real world.

Usefulness: Galean for daily work All participants agreed that the tool is useful for
analyzing news. However, most of the journalists indicated that its usefulness for their
daily work will depend of the type of analysis they need to conduct. For them, it was very
important to know the source of information and Galean did not provide it at the time.
Because of that, the question “who tweeted this?” was commonly asked during the study.
They explained that it is very important for them to know if the source of data was a news
media or a common Twitter user. This is because messages from common users are not
always useful, as it is hard to distinguish whether they were a rumor or a fact.
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Participants also easily distinguished news that developed over time and occasional events.
They were able to follow events over time and track them as a consequence of a starting news
event. For example, when performing the fifth task (T5), some participants not only found
events about the mudslide in Washington, but also the end of the search of victims. Regarding
Galean, one participant stated: “[The tool] is very useful for conflict analysis. It will be great
to use this tool for the case of the boy killed in Ferguson [59]. [...] Because the first time
might be an accident, but the third is thuggery.”

On the other hand, participants seemed interested in exploring links between countries
given international events. In the particular analysis of the Crimea crisis (T4), some par-
ticipants were surprised to find some events were linked with other countries, such as the
United States. When this happened, they were interested in exploring when and how the
other countries got involved in the conflict. While conducting these tasks, one participant
pointed at the timeline and stated: “...for someone who doesn’t know there was a war in
Ukraine, it will be interesting to see that at some point everybody started talking about it.”

Patterns in the data Participants found that international events had more impact on
Twitter than local events. In particular, the news events with the greatest impact were those
in which countries such as the United States, Russia and Great Britain were involved. P5
stated: “Something remarkable and evident is that international events are inclined to involve
particular countries and local events are not”. Participants also commented that even if the
distribution of local events was more homogeneous than international events, local events
from influential countries would have greater impact on Twitter. A participant said: “Well,
the United States will always be under the magnifying glass [...] Remember that boy killed in
Ferguson? [59] Everyone knew about that. But internationally, who remembers the boy killed
by a policeman in Peñalolén [Santiago, Chile]?” It is important to note that these patterns
might have been consequence of the dataset seeds used in the empirical setup. Nevertheless,
participants were able to recognize these patterns using Galean and they were not surprised
to find them.

One participant did not trust the tool completely regarding this last point. Even if she
was able to see that there was a relationship between the interest of some countries and the
impact of the news on Twitter, it was not enough to derive conclusions from the event for
her. She commented: “Without knowing the importance the news had in media, I can’t say
how much impact it had in Twitter.”

5.3.3 User Study

We conducted a more general user study to obtain evidence of users’ perception of the
visual tool, in relation to its efficiency and effectiveness for retrieving information about
international relationships based on news reported on Twitter. As in the expert feedback
evaluation section, we only divided events into local and international provenance scopes.
Our user study was designed to test these two main hypotheses:
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Hypothesis I: Users will retrieve information about relationships between countries within
the context of news events in a more efficient and effective way using Galean than a compet-
itive baseline interface.

• H1.1 Users will take less time to complete analysis of the news event.

• H1.2 Users will retrieve more relevant information about the countries involved in a
real world news event.

Hypothesis II: Users will have a better subjective perception of Galean than a competitive
baseline interface.

• H2.1 Users will have a lower cognitive load to complete a news event analysis.

• H2.2 User will perceive Galean as a better system to conduct news event analysis.

Study design. The study had a within-subjects design, in which participants had to analyze
news events using Galean, as well as using a competitive baseline interface. The baseline is
shown in Figure 5.8 and described next. At the beginning of the session, the goals of the
study were described to the participants and they were asked to fill a pre-study survey with
demographic information (Appendix A.2). Next, the study was divided into two stages of
news event analysis, each of them requiring participants to use one of the interfaces. At
the start of each stage, participants followed a brief tutorial of the assigned interface and
were given indications on how to complete the task. Participants started to complete the
first event analysis only once they declared to understand the interface and the task. After
they had finished, they were asked to fill the NASA Task Load Index [82] and a post-study
survey (Appendix A.3). Once they were ready, subjects repeated the same procedure, with
a different news event, with the second interface. We selected two news events for the users
to analyze, and then asked questions about them such as “when did the event happened?”
or “which countries were involved in the event?”. The complete list of questions are in
Appendix A.1. The events to analyze were: (i) the news about Saudi Arabia leads airstrikes
on Yemen rebels, on March 26, 2015 [41]; and (ii) the news about Malaysia airlines lost
contact with flight MH370 on March 8th, 2014 [169]. The answer to each question were
submitted in a web form included in the web interface where they have to conduct the news
analysis. To prevent a learning effect, we counterbalanced the order of presentation of each
interface and of each event. In addition, the interface only gave access to tweets of one news
event at a time.

With the two interfaces to test in addition to the two events to analyze, we divided the
participants in four groups (Table 5.1).

All evaluations were conducted using the Chromium Web Browser in computers with an
Intel Core i5 CPU, 8GB of RAM and Ubuntu 14.04 installed. Participants spent close to one
hour to complete the whole study.

Baseline. We built the baseline based on SensePlace2 [121], shown in (Figure 5.8). We chose

56



Group Interface 1 Event Interface 2 Event

A Galean Airstrikes Baseline MH370
B Galean MH370 Baseline Airstrikes
C Baseline Airstrikes Galean MH370
D Baseline MH370 Galean Airstrikes

Table 5.1: Study design conditions.

this tool as the most similar to ours in terms of the geographical information displayed.
In the upper part, users were able to search by date and keywords. In the bottom-left,
users could read tweets that matched the search. On the right side, the interface displayed
geographical information in a similar fashion than SensePlace2, in which a map showed the
number of tweets published by country and the geographical entities found in the content of
the tweets. Since our focus is at country level, the geographical distribution of the tweets was
not displayed as a grid, but only as a choropleth. The geographical entities found in tweets
are represented as bubbles located in the geographical coordinates of the location. Both, the
country area and the bubble on the map, could be used as filters.

Figure 5.8: Baseline interface. The top section shows search by date and by text options. At
the bottom left, it displays the tweets that matched the user search. Finally, at the bottom
right it displays a map with the geographical distribution of tweets as a choropleth and the
geographical entities that appear in the content of the tweets as bubbles over the resolved
location. Both the choropleth and the bubbles representing a location can be used as filters
for the tweets.

Participants. Participants were recruited by e-mail and online forums in the Engineering
School of the University of Chile. Given that our dataset was in English, we required them to
have a good level of non-technical English. From the total of 30 participants recruited (3 of
them were women), 5 of them were less than 20-years old, 20 were between 21 and 30-years,
and 5 were between 31 and 40-years. In addition, 10 of them were undergraduate students,
8 were Masters students, and 12 were PhD students. Participants were not economically
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Quantitative metric for
efficiency Galean Baseline p-value

1. Overall time to complete the task 895.58± 57.10 secs. 955.65± 74.82 secs. 0.18

2. Overall time when Baseline was
second

954.62± 82.90 secs. 784.62± 55.84 secs. ∗0.013 (d = 0.6)

3. Overall time when Galean was
second

832.60± 77.68 secs. 1138.07± 128.93 secs. 0.00051 (d = 0.74)

Quantitative metric for
effectiveness

5. Precision to retrieve countries in-
volved in the event

0.95± 0.02 0.87± 0.04 0.062

6. Recall to retrieve countries in-
volved in the event

0.36± 0.04 0.35± 0.04 0.4

Table 5.2: Objective metrics to evaluate Galean efficiency and effectiveness to retrieve inter-
national relationships among countries within the context of a news event. The p-value was
obtained with paired 1-tailed t-test.

compensated, however refreshments were available during the study.

Results. Our study only partially supported hypothesis H1, evaluated by objective be-
havioral metrics of efficiency and effectiveness, but it completely supported H2, assessed by
users’ perception on the tasks performed during the study.

H1. Objective measures of efficiency and effectiveness: In terms of efficiency, users spent
less time to complete the task using Galean (M = 895.58, SD = 317.9) than using the
baseline interface (M = 955.65, SD = 416.57), though this difference is not significant (p =
0.18). We argue that a reason for this difference being not significant is a learning effect, since
some key components on the interfaces to complete the task were similar between conditions,
such as the search box, the map, and the list of tweets. Therefore, we investigated this possible
learning effect, and observed that users indeed spent less time using the second interface,
but that this difference was more pronounced when Galean was second. By comparing the
difference in time when Galean was the second interface (p < 0.001, Cohen’s d = 0.74) versus
when the baseline interface was used second (p = 0.013, Cohen’s d = 0.6), we observed that
the effect was larger when Galean was second. This result is interesting because Galean had
additional components and interactions to learn from, which indicates that Galean was more
efficient for this task than our baseline.

Regarding effectiveness, there was no clear difference in recall between Galean (M = 0.36,
SD = 0.2) and the baseline (M = 0.35, SD = 0.2), p = 0.4, when used for retrieving
countries. In terms of precision, Galean obtained a better performance (M = 0.952, SD =
0.11) than the baseline (M = 0.871, SD = 0.24), p = 0.062 when retrieving countries
involved in a news event, although this difference was barely non-significant. A summary of
all objective metrics are in Table 5.2.
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NASA Task Load Index (21 gradations scale)

Question Galean Baseline

1. Mental demand 8.29± 0.82 9.84± 0.71

2. Physical demand 4.13± 0.72 5.19± 0.79

3. Temporal demand 8.16± 0.70 8.58± 0.64

4. Performance 8.19± 0.88 8.55± 0.78

5. Effort 9.39± 0.84 11.32± 0.78

6. Frustration *5.74± 0.79 9.03± 0.98

Post survey (Likert scale)

1. How intuitive did you find the interface? 3.74± 0.15 3.39± 0.22

2. Would you use it to analyze news events? *3.55± 0.21 2.71± 0.22

3. How confident were you in the information displayed? *4.06± 0.13 3.39± 0.19

4. Did you lose notion of time while conducting the task? 3.48± 0.21 3.16± 0.22

5. Would you recommend the tool? *3.97± 0.17 2.87± 0.21

6. How much satisfied are you with the tool? *3.71± 0.17 2.52± 0.19

7. How much information do you think the interface did not allowed
you to see?

*2.48± 0.17 3.06± 0.17

Table 5.3: Subjective metrics to evaluate users perception of Galean to analyze news events.
(* indicates p-value < 0.05, obtained with paired 1-tailed t-test)

H2. Subjects’ perception on the interfaces. Our study supported hypothesis H2, indicating
that Galean was perceived in general as better than the baseline by users. We obtained
subjective metrics by applying the NASA Task Load Index [82] and a post-study survey.
Participants also showed the trend of requiring less effort to complete the task and less
frustration (p < 0.05) when using Galean. However, participants did not register too much
difference in engagement during the execution of the task. In addition, we were not able to
measure engagement in the long term as it was not the goal of the current study. On the
other hand, Galean was not perceived to be more intuitive (M = 3.74, SD = 0.86) to be used
than the baseline (M = 3.39, SD = 1.20). As stated before, this could be because Galean
interface contains several components, interactions and visual metaphors that could not be
intuitive at first. With respect to the final post-study survey administered with a Likert
1-5 scale, people felt more confident about the information displayed in Galean than in the
baseline (p < 0.05), they showed greater satisfaction (p < 0.05) and they were more likely
to recommend it for eventual analysis of news events (p < 0.05). A summary of subjective
metrics are in Table 5.3.

User Agreement. In order to measure the level of agreement between users’ perception
over Galean versus the baseline interface, we used the Intraclass Correlation Coefficient (ICC)
[163]. We calculated ICC between users (raters) over post-study survey questions (samples)
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and we report and interpret the values using the guidelines described by Koo et al. [100].
Values of ICC less than 0.5 are indicative of poor agreement, between 0.5 and 0.9 indicate
moderate to good agreement, greater than 0.9 indicate excellent agreement.

The ICC results show a moderate to good level of agreement between users. For the case
of Galean, the level of agreement was good (ICC = 0.887) with a 95% confidence interval
from 0.722 to 0.977 (F (6, 210) = 8.88, p < 0.001). For the case of the baseline interface,
the average measured ICC was moderate (ICC = 0.723) with a 95% confidence interval from
0.317 to 0.943 (F (6, 210) = 3.61, p = 0.002). ICC estimates and their 95% confident intervals
were calculated using the irr package1 version 0.84 within the R statistical package version
3.3.1 based on a mean-rating (k = 31), absolute-agreement and 2-way random-effects model.
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Figure 5.9: 3D biplots of the principal component analysis for objective and subjective metrics
for both interfaces. Some metrics were removed for clarity. Subjects knowledge such as how
familiar were participants with visualizations (know vis) and how frequently they read news
(read news) are in blue. Objective metrics of time, precision and recall are in red. Subjective
metrics of user’s perceived performance are in green. While precision and recall are related
to previous user knowledge on the baseline, loading on the same direction of PC1, in Galean
precision and recall are more related to user’s perceived performance and barely related to
previous user knowledge.

Discussion. Our results show that in terms of user perception metrics, Galean clearly
outperformed the baseline, but in terms of objective performance metrics, Galean shows only
a tendency of better efficiency and effectiveness than the baseline.

To investigate these results further we conducted a principal components analysis (PCA)
to integrate both the objective and subjective metrics (Figure 5.9) and we analyzed them
by means of a biplot. A biplot is a projection-based graphical display which allows us to

1https://cran.r-project.org/package=irr
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analyze multivariate data [65]. The word “bi” refers to the joint display of both rows and
columns of an original data matrix, which has been projected into a lower rank approximation
with rank n = 2 (2D biplot) or n = 3 (3D biplot). In our case, rows are user subjects and
columns are variables, such as precision, recall, or time spent on an interface. We obtain the
rank two and rank three approximations of our original matrix via PCA. Biplots are used
for multivariate data analysis in areas such as sociology [66], genetics [202] and bibliometrics
[176]. The interpretation of biplot displays is demonstrated by Gabriel [65] and more recently
by Greenacre [75]. For instance, the closer the angle between vectors in the biplot, the larger
the correlation between the variables represented by the vectors.

From this analysis we highlight two main results which support this discussion. The first
is that for Galean, the subjective and objective metrics of performance were more consistent
than for the baseline. Indeed, we observe in Figure 5.9 that precision and recall are closer to
each other (in terms of angle between the vectors) and to the question about performance in
TLX for Galean than for the baseline. Secondly, in the biplot for the baseline we observe that
the variables ‘familiarity with visualizations’ (know vis) and ‘how frequently they read news’
(read news) are closer to the vectors of precision and recall and load in the same direction
of the first principal component (the horizontal axis, which accounts for the larger variance
in the data), whichs might indicate that previous knowledge of the users influenced their
performance rather than the interface itself, though further analysis and a user study with a
larger sample size are necessary to support this claim.

In summary, the additional evidence collected with both objective and subjective metrics
indicates that Galean improves over a competitive baseline in several aspects.

5.4 Interface Design Evolution

Although Galean’s goal hasn’t changed much from its beginning, its interface has changed
significantly since it was conceived. This evolution was the result feedback from formal
studies, from visualization experts or from our own requirements to obtain insight from
the data. In this section we describe the evolution of its interface, detailing the reasons
that motivated important changes within it. Its first design was implemented in the Pharo
Smalltalk-inspired environment [146], using the Roassal visualization engine [23]. A picture
of this initial prototype is in Figure 5.10. This design was the first attempt to study the
protagonist and participant countries related to news events. In this interface, news events
were displayed as a green circle over a map, similar to the final designs (Figure 5.10a). Events
were retrieved by the hour in which they were detected and an option at the bottom of the
interface allowed users to select other dates. All events in which a particular country was
a protagonist were grouped in boxes situated above that country. In this first design, an
event was displayed as a green circle over as many protagonists countries that it has. When
moving the mouse over an event that had more than one protagonist country, red lines would
appear between the selected event and its counterpart in the other countries. When using the
visualization to explore the news events we realized that this was not an efficient approach,
as there was repeated information and circles were cluttered when there were several of
them. This changed in later versions in which a news event was represented as a unique
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circle over the country with the greatest protagonism. In addition to the links between
related events, when moving the mouse over a green dot, a popup appeared indicating the
keywords associated with its event and the number of tweets for that event in the country for
which it is situated. Finally, the visualization allowed users to view the tweets distribution
for a particular news event. By right clicking in news circle the user could select “view
distribution”. This action opened a complementary visualization containing circles for all
the countries that participated in the event, whose size represented the number of tweets
related to that country. The color of the circle depended on whether if the event happened
in that country, in which case the node will be green, or if it is an external country, in which
case it will be red. An example of this is in Figure 5.10b.

Galean’s implementation was later moved to a web based implementation using web.py [167].
The main reason for this change was to implement Galean as a tool that was available to
anyone who needed it without requiring one to download or install anything. An example
of this reimplementation is in Figure 5.11. As observed in this picture, the main idea of a
map containing the events remained as the main visualization. However, in this version we
included colors to differentiate local and international events with purple and orange circles
respectively. We also included other options such as search by keywords, filter by protagonist
country and scope. This allowed us to more finely search and study some events in more
depth. When the user clicked on an event, the interface displayed a general description of
the event, a visualization of the distribution of the participant countries and a tab with the
tweets text in the same interface instead of opening a news window. Similar to the previous
version, the distribution of participant countries also highlighted the protagonists by using a
different color. This design decision allowed us to see all the information at once and explore
events more quickly. This version was presented to a group of three journalists at an informal
meeting to ask them what they thought about the interface. In addition, we also asked for
their thoughts about its usefulness in their daily work. We received positive feedback which
motivated us to continue its implementation and the continuation of the design and the idea
of working with journalists.

Before implementing the design presented in section 5.1, it passed through a intermedi-
ary version, shown in Figure 5.12. The main map remained mostly the same, except that
we added a popup with detailed information of the event which was displayed where the
user passed the mouse over the circle that represented it. This allowed users to have more
information before selecting an event, to study it more in depth. We also maintained the
filters, but distributed at the top of the interface so they would use less space. There are
two important changes included in this version: a timeline that displayed the number of
events per day and a table with the top 10 relevant events, measured by number of tweets
commenting on them. The first component allowed us an overview of the complete dataset
available. In particular, it allowed us to analyze the peaks of number of events per date for
a particular long term event. The second component allowed us to have a better overview of
the day being analyzed. Both features motivated us to use more powerful tools for querying
the events and the tweets. We first replaced the backend framework web.py with Flask [154].
We later indexed the events in terms of date, protagonist countries and keywords using Elas-
ticSearch [55]. This reduced the time the tool took to retrieve a particular query. Another
important change was to include the identity of the author of the tweets and the division
between tweets from news accounts and regular accounts. These changes were implemented
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Figure 5.10: One of the first implementations and designs of Galean, developed in Pharo using
the Roassal visualization engine. At the center, the interface displayed a news map with the
protagonists or participant countries. To explore other events, an option was provided at the
bottom of the visualization.

(a) The map displayed all the events as a green circle, enclosed by a rectangle that grouped
all the events in which a country was a participant. When the mouse passed over an event
with more than one protagonist country, red lines appeared to indicate this relationship.

(b) Complementary visualization that displayed the distribution of participant countries.
A circle was displayed for all the countries that participated in the event, whose size
represented the number of tweets related to that country. The color of the circle depended
on whether the event happened in that country, in which case the node will be green, or
if it is an external country, in which case it will be red.
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Figure 5.11: First designs of Galean interface using a web framework. We included more
search and filter options and unified the visualization of protagonist and participant countries
in one interface.

after the comments of participants in the qualitative study and the feedback from professor
Cecilia Aragon.

Finally, the Chilean version of Galean was developed in collaboration with the National
Library of Chile 2. During this collaboration, several changes were proposed by the working
team as are shown in Figure 5.13 and Figure 5.14. First, we simplify the interface so it
started by only displaying the main map and a list of the events for the particular date being
analyzed (Figure 5.13a). Given that this version focuses on Chilean news, we divided the
map into to tabs: one displaying Chile and one displaying the world map.

In this visualization, green events are international events, purple are local events and
blue are events in which one or more region of Chile are the protagonist. Chilean regions are
the first-level administrative division of the country and are sixteen in total, enumerated by
a Roman numeral in addition to its name. This division allowed us to analyze events that
were particular to Chile and will allow us to study the centralization of news in Santiago, the
Chilean capital. The lists of events displayed not only showed the most relevant keywords
and number of tweets but also the protagonist countries and the most relevant headline.
When there was no protagonist location found, the list indicated it with a gray icon. This
allowed users a more complete overview of each event. On the other hand, all the filters and
the timeline of events by date were hidden in an interactive option at the top-left hand of
the interface (Figure 5.13b). The distribution of participant countries also changed as shown

2http://www.bibliotecanacional.cl/sitio/
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Figure 5.12: Early designs of Galean interface using a web framework and after applying the
feedback received in the qualitative study. The main difference is the timeline that displayed
news events per date and the list of top 10 events, measured by number of tweets commenting
on them.

in Figure 5.14. Instead of a wider bolder to indicate which are protagonist locations in the
choropeth, we added an icon over them to highlight that characteristic.

5.5 Known Limitations

There are several limitations that we consider important to address regarding the data ex-
traction methodology used in the empirical setup (Chapter 4, section 4.2.1), which depends
on external functionalities that can impact in the validation of Galean.

Overall, basic future improvements in the input module of the architecture defined Sec-
tion 5.2 should consider:

• Implementing automatic event detection techniques for Twitter based on the data
stream and network properties, as well as more comprehensive microblog event ex-
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(a) The filters and timeline of events are hidden in an option on the top-left hand of the interface,
available when clicking on it.

(b) Filters and events timeline available.

Figure 5.13: Main map and list of news events for the available version of Galean for Chilean
news events, available at www.galean.cl. The map contains events for local and international
events, in addition to events in which one or more Chilean regions are the protagonist. The
list of events contains the location of the event, if available, or a gray icon otherwise. Also,
it displays the most relevant headline and the number of tweets commenting on it.66

www.galean.cl


Figure 5.14: Participants distribution and tweets for a selected event.

traction approaches.

• Merging events that discuss the same news topic in different languages. Recent ap-
proaches in cross-language microblogging retrieval [73] can be integrated for news event
retrieval within our framework.

• Improving the geolocation tool accuracy. Despite CLAVIN’s maturity as a geolocation
tool, it does not recognize location names in languages other than English (even though
its documentation indicates that it does recognize alternative location names [24]).

• Adding finer granularity to the geographical context extractor of our system, in order
to include more precise administrative divisions such as cities and states.

All of these improvements are however beyond the current scope of our work, which
focuses on providing proof of the usefulness of the proposed event representation as well as
the interactive user interface. Nevertheless, we are working on improving all of these features
in future versions of our applications. For example, we have already started the task of
providing more fine-grained locations for Chile and comprehensive sets of local news sources
as in the work of Maldonado et al. [122].

Regarding our visualization tool, we note that even though it is an event retrieval tool,
it does not focus on event ranking nor tweet ranking. At the moment the tool is centered
on event exploration within spatio-temporal filters. In the future, event and tweet ranking
functionalities could be added as optional features, incorporating state-of-the-art algorithms
from these areas. So far, we have seen evidence that displaying the complete set of events,
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and tweets, by their chronological order, appears to to be sufficient for event exploration.

5.6 Summary

In this chapter we presented Galean, our prototype of a visual interface to visualize news
events in their geopolitical context. Galean is designed to allow users to manually explore
news events world-wide, as well as their impact and international relations implications.
Using this tool, we show that the proposed event representation allows us to perform historical
analysis of events and countries over time. Also, the visualization enables users to discover
non-trivial information and patterns within events. To the best of our knowledge, this is
the first tool that explicitly shows geopolitical links among locations given real-world events,
allowing users to retrieve news by those relationships.
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Chapter 6

Cartoglyphs: Visualizing Geographical
and Geo-temporal Data with Glyphs

Several visualization techniques can be used to represent geographical data, such as maps,
choropleths, cartograms, among others that may or may not preserve topology. Cartograms
are thematic maps that scale a geographical region in proportion to some statistical value
such as population, Internet use [90], scientific impact of publications [67], etc. This vi-
sualization technique dates back to 1870 [136] and is very popular for geo-referenced data.
Cartograms can be categorized in 4 major types [180]: contiguous, non-contiguous, Dorling
and rectangular. Contiguous cartograms deform the size of the regions of a map preserving
topology, in particular adjacency. It is not possible to obtain perfect statistical accuracy
and geographical accuracy at the same time, therefore algorithms that generated them must
balance both features. Indeed, there are several algorithms that aim to generate this type
of maps like the rubbermap cartograms by Tobler [175] or CartoDraw by Keim et al. [97].
Non-contiguous cartograms deform each region of the map independently, and therefore ob-
taining perfect statistical accuracy but not preserving the topology of the map. Dorling
cartograms [52] use circles to represent each region, in which size is used to show a particular
statistical variable. The larger the value of the variable, the larger the size of the circle.
The position of each circle is computed in order to preserve its original geographic location
in the map. However, this is not always possible and it is common that circles are moved
to avoid overlapping. Finally, rectangular cartograms are similar to Dorling cartograms but
use rectangles to represent each region. To evaluate which type of cartogram is best and in
which contexts, Nusrat et al. [134] conducted a detailed study about the subject.

When time is included in the analysis, the problem of displaying geo-temporal data be-
comes much more complex, and designing effective visual representations can be very chal-
lenging. Two commonly used techniques used to address this problem are small multiples
and animation. Small multiples, a term popularized by Edward Tufte [177], allows users to
visualize several frames simultaneously using similar scale and visual encoding. This gives the
user the advantage of viewing everything at once. This approach usually requires to reduce
the visual representations in order to display them all in a screen with fixed size, which can
be more difficult to analyze. Animation, on the other hand, represents each time frame as
a full sized image, displaying each one of them after another, in a a sequence that conveys
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the illusion of movement. Some studies indicate that an effective comparison between both
techniques will depend on the task being carried out and exact experimental settings. For
example, for observation of temporal changes in flow maps, Boyandin et al. [28] concluded
that animation should be preferred for sudden change detection tasks, corroborating the
study of Griffin et. al [76] on cluster detection. On the other hand, Robertson et al. [153]
concluded that for trend detection in countries represented in a bubble chart, small multiples
lead to more accurate results than animation. Nevertheless, both techniques can become too
complex for geographical data, making it difficult for the user to compare quantity among
locations, or recognize topology relationships among geographical entities. Regardless of the
technique that is being used to analyze geo-temporal data, a reduced version of a represen-
tation of the world appears to be a reasonable option for reducing the complexity of the
data. In this sense, one common technique used for visualizing multivariate data are glyphs.
Glyphs include variables in a compact visual object, where each variable is mapped to a
different visual channel.

We propose to use simplified cartograms in the form of glyphs, which we call “Carto-
glyphs”. By using a simplification of Dorling and rectangular cartograms we have created
simple glyphs that allow users to observe the evolution of geographical data over time. In
this section, we present a preliminary design of Cartoglyphs and two case studies with data
extracted from Twitter. As mentioned in chapter 3, despite of the use of glyphs over maps
to visualize geographical variables, to the best of our knowledge our work is the first to use
glyphs as the representation of the world itself.

6.1 Initial Designs

We present two initial version of Dorling cartoglyphs that represents the whole world. In this
representation, we used continents as the administrative division level to display, following
the convention that divides the world in seven areas: Asia, Africa, North America, South
America, Antarctica, Europe, and Australia. We decide to use this convention as it gives
us more information than, for example, those that consider America as one continent. We
understand that this high level division can lead to information loss about the evolution
of each individual country. Nonetheless, it allows us to have an overview and highlight
interesting areas for further exploration.

An example of these two versions of cartoglyphs can be found in Figure 6.1. In this figure
we use glyphs based on Dorling cartograms to represent the average population of the world.
These cartoglyphs represents each continent as a circle colored with a distinctive color and
which diameter represent the average population of each continent. We use two layouts to
position each location in the glyph. The first is a centroid layout (Figure 6.1.b) in which
each region is positioned in its centroid. For the continent administrative level displayed
in Figure 6.1, we compute the centroid of each continent as the average of the centroids of
each country that belongs to it, weighted by the area of the country. For the second layout,
shown in Figure 6.1.c, all regions are arranged as a grid such that each region will be as
closer as possible as its geographical location on a map. In other words, the glyph space is
divided as a grid according to the number of locations to consider and then each location
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is positioned in the center of the cell that is closer to its centroid in a map. This process
is made automatically and it does not depend of the user interaction. All cartoglyphs were
created with D3.js [45].

Europe

North America

Asia

South America

Africa

Antarctica

Australia

(a) Legend
(b) Dorling with 

centroid layout

(c) Dorling with 

grid layout

Figure 6.1: Dorling cartoglyphs representing average population by continent on 2010. Each
circle represents a continent colored with a distinctive color which size is the average pop-
ulation per continent. (a) The legend of colors and geographical reference. (b) Dorling
cartoglyphs with centroid layout, in which each region is positioned at the average continent
centroid computed by considering the centroid of each country that compose it weighted by
its area. (c) Represents a Dorling cartoglyphs with grid layout, where all continents are
positioned in a grid such as each of them is closer as possible as its location in a map.
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Figure 6.2: Preliminary rectangular cartoglyphs with centroid layout representing percentage
of labor force by gender between 1993 and 2014, in four intervals. Each rectangle represents
a continent colored with a distinctive color and positioned at the continent centroid. Their
width is the percentage of female labor force and their height is the percentage of male labor
force. Continents with more squared shape indicate a more equally distributed labor force
by gender.

We also considered rectangular cartograms for building the glyphs, which can be seen
in Figure 6.2. This figure shows four rectangular cartoglyphs representing male and female
percentage of labor force over the world with data extracted from the World Bank [174]. With
a similar intention that Polymetric views[107], this glyph use width and height to represent
two different statistical values. In this case, the width of each rectangle represents the average
percentage of female labor force rate per continent and the height is the average percentage
of male labor force rate per continent. Like the previous figure, color is used to differentiate
continents. With these four cartoglyphs is possible to observe than all continents tend to be
squarified as the rate of women labor force increased over time. In addition, we can observe
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that continents such as Europe and North America have a more equally distributed labor
force among genders.

6.2 Cases Studies with Twitter Data

In this section we present two case studies in which cartoglyphs are used to analyze two
news events detected from Twitter: the political impact on the Yemeni crisis and the missing
Malaysia Airlines flight 370. For the first one we simply display them in sequence to analyze
some dates, while for the second we arrange a set of glyphs in a tree layout to study two
particular sides of the news event.

6.2.1 Observing Political Impact on Yemen Crisis
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Europe

North America

South America

Africa

Antarctica

Australia

Color legend

Size: average # tweets per 

continent

Dark border:  countries from 

the continent that are involved 

in the physical world event

Mar 20 2015 Mar 21 2015 Mar 22 2015 Mar 25 2015

Mar 26 2015 Mar 28 2015 Mar 29 2015 Mar 30 2015

Figure 6.3: Propagation of tweets of a set of news events commenting about the Yemeni Civil
War on March, 2015. Each selected news event is represented by a unique Dorling cartoglyph
with centroid layout displaying seven continents, represented by a distinctive color. The size
of each circle is the average number of tweets published from each continent. The border
of the circle indicates the number of countries from that continent that are involved in the
physical world news event.

We used a sequential set of Dorling CartoGlyphs to observe the evolution of geograph-
ical distribution of tweets commenting about the Yemeni Civil war that started in March,
2015 [198]. A selected subset news events represented with Dorling cartoglyphs are in Fig-
ure 6.3, made-up of eight non-contiguous time frames starting from 20th March, 2015, to
30th March, 2015. Using the same legend than Figure 6.1, each circle represents a conti-
nent. For this set of glyphs we used color hue to identify each continent and color opacity to
indicate whether or not a country belonging to that continent is involved in the real-world
event. In this case, as Yemen is the protagonist country of the event, Asia looks brighter in
all frames, while other continents have a lower opacity value in most of the frames and only
get “activated” in particular dates.
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For example, in March 21th and 22th, North America and Asia are shown as activated.
By inspecting the tweets and headlines on those dates, we observed that United States got
involved in the conflict as US forces in Yemen evacuated an air base after al-Qaida seized a
nearby city, on March 21th [119]. We also observe an increase in the participation in number
of tweets between those dates, that could be explained by an increase of interest of the news.

We also observe that Africa also got involved in the event from March 28th to March
30th, that follows a similar pattern of increase of number of tweets between those days. By
inspecting tweets on those days we realized Egypt and Saudi Arab got involved as the Arab
League submit took place on those dates and Yemens President Hadi arrived in Egypt, on
March 28th [8].

Finally, it is easy to observe that the event had the biggest impact on Twitter on March
26th, as the glyph on that date has the biggest circles. On this date, a Saudi air campaign
was launched that resulted in the elimination of several Houthi leaders and big impact on
Twitter [9]. In this example, we can observe the weakness of using a high level representation
of the world, as it was not possible to observe that more than one country was involved.
However, we expect to overcome this problem in future designs.

6.2.2 Following the Evolution of the Missing Malaysia Airlines
Flight 370

We used a sequential set of Dorling cartoglyphs with centroid layout to observe the evolution
of the geographical distribution of tweets commenting on the missing Malaysia Airlines flight
370, on March 2014 [197]. In this case, we used a tree layout to display the selected news to
analyze this event.

In Figure 6.4 we observe a set of Dorling cartoglyphs with centroid layout representing a
selected set of news detected from Twitter after the plane crashed. We show two subtopics of
the news event, represented as two branches: (a) one concerning the investigation of the crash,
and (b) one about the search for aircraft debris. Similar to Figure 6.1, in these Cartoglyphs
each circle is a distinctively colored continent positioned on the centroid of the continent.
The size of each circle represents the average number of tweets published from that continent
about the news on that date. We use border width to indicate whether or not a country
belonging to that continent was involved in the real-world event. In this case, as Malaysia
is the main protagonist country of the event, Asia has a bold border in all frames, which
makes it look “activated”. On the other hand, other continents have no border, appearing
“deactivated” in most frames. Regarding layout, we decided on a tree layout to show different
subtopics as trees afford structured and systematic exploration [30].

When inspecting the investigation branch (a) of Figure 6.4, we observe two interesting
events. The first one we observe that a country from North America got involved in the
event on March 9, 2014, as its border is darker than the previous day. By inspecting tweets
and headlines about the event, we saw that the United States sent FBI agents to help in
the investigation on March 9th [170], and later there was news about the intentions of the
FBI to analyze thumbprints of passengers who traveled with stolen passports [133]. This
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Figure 6.4: Propagation of tweets commenting about the missing Malaysia Airlines flight 370
on March, 2014. A set of selected news is represented by a unique Dorling cartoglyph with
centroid layout displaying seven continents. The size of each circle is the average number
of tweets published from each continent, which are represented by a distinctive color hue.
Circles with a darker border represent continents with a country involved in the real world
news event. The wider the border, the larger the number of countries involved. Two branches
of the event are displayed: (a) the investigation of the news, and (b) the search from the
plane debris.

country was the only one involved from North America that triggered that change. We can
also observe that the impact of the news event increased on the next day as the circles on the
glyph of March 10 have bigger size than those on March 9. This could indicate that United
States is an influential country so people react to its involvement in this news. However,
to determine the truth of this statement we would require another kind of analysis. By
inspecting more the branch (a), we observe that the event with the biggest impact is located
at the end of the timeline, which is the glyph for March 25, 2014. This news is about officials
saying the missing aircraft crashed in the southern Indian Ocean, in addition to declarations
of Malaysia Airlines about compensations to passengers’ families.

On the other hand, in branch (b) of Figure 6.4, we observed three main states. The first
one is on March 12th, when several Asian countries started to get involved in the search for
debris as Asia has a bold border wider than on previous frames [124]. The second state is the
“activation” of Europe, as this continent appeared with a bold border. By investigating this
change, we discovered it was because Malaysia declared that France had satellite images of
objects potentially from the missing plane [2]. This event had the bigger impact on twitter as
the glyph that represent it has the circles with the bigger size. We can also observe how the
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European interest on the subject grew on Twitter as the size of that continent is almost as
big as Asia on that date. Finally, the two last frames on the timeline show that an Australian
plane found some objects that could have been from Malaysia Airlines flight 370 [34].

6.3 Evaluation

In this section we present experimental results when comparing two Dorling cartoglyphs
designs with a contiguous cartogram used ass glyph and a chart baseline. A summary of
the visualizations to compare are in Figure 6.5. Our goal is to compare different variations
of this type of representation and evaluate their effectiveness and efficiency for geographical
and geo-temporal analysis. To reduce the number of variables to consider, we only focus on
the static representation of a sequence of glyphs instead of animation and do not provide any
type of interaction.

(a)

(b)

(c)

(d)

Figure 6.5: The four visualizations that were evaluated for the task of geo-temporal analysis:
(a) Dorling cartoglyph with centroid layout, (b) Dorling cartoglyph with grid layout, (c)
Contiguous cartoglyph, and (d) line chart. Each sequence represents the GDP value for each
country starting from 1960 to 2010, with an interval of 10 years between each glyph.

Considering that our goal is to study the possibility of using glyphs to represent a piece
of the world, we aim to explore if this simplification means that future users will not be able
to recognize the locations inside each glyph. In addition, as the goal is to use this glyphs to
analyze geographical and geo-temporal, we want to investigate if it is still possible to compare
values associated to each location among the locations themselves and among different time
windows. Therefore, we define our main research question as: When using a glyph version of
cartograms for geographical and geo-temporal analysis, which are the most important features
for each task? We divide this question into four specific ones:

• RQ1: How does the simplification of the shape of a region affect the performance of
geographical data analysis? Does it follow the same behavior observed in other studies?

• RQ2: How does the abstraction of position and adjacency affect the performance of
geographical data analysis?

• RQ3: How do these two variables (shape and position) affect in the analysis of geo-
temporal data?
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• RQ4: Does the number of locations represented affect the performance of geographical
or geo-temporal data analysis?

We conducted a between subjects study to compare three cartogram based glyphs and a
chart baseline. Subjects had to perform data analysis tasks derived from specific taxonomies.

The contribution of our work is to study the use of cartogram based glyphs for the analysis
of geographical and geo-temporal data, in comparison to a chart based baseline. Our study
focuses on three points aspects: (i) effectiveness, measured as the accuracy of answers, (ii)
efficiency, measured as the time used to complete the tasks, and (iii) subjective metrics.

6.3.1 Evaluating Cartogram Related Visualizations

There are several studies of cartograms usability from a user perspective. Dent [48] evaluated
contiguous cartograms and determined that people can achieve a better estimation of magni-
tude using contiguous cartograms when labels with value ranges are available. In particular,
when testing user preferences, cartograms were confusing to read but interesting and inno-
vative. He also concluded that users have better understanding of a contiguous cartogram if
an inset map is provided. Griffin [77] reaches a similar conclusion of the benefits of a refer-
ence map when evaluating contiguous cartograms. Kaspar et al. [96] conducted an empirical
study to compare contiguous cartograms with choropleths, combined with graduated circles
for spatial inference making. They found that modified choropleths reported better overall
performance but these results depended on the task complexity and the shape of the region
that is being shown.

More specifically about users preferences, Sun and Li [166] conducted two experimental
studies. In the first, cartograms were compared with thematic maps, and in the second, they
compare different types of cartograms. They observe that pseudo-cartograms are more effec-
tive than Dorling cartograms both for quantitative data and quantitative data that included
ordered classes. The effectiveness obtained for contiguous and non-contiguous cartograms
were in the middle of these two maps. Han et al. [81] compared cartograms with the propor-
tional symbol map for five tasks. They found that for comparing size at the country level,
cartograms were less effective.

Nusrat et al. [134] provide one of the most complete cartogram evaluations that we were
able to find in the literature. They compare the effectiveness of four main types of car-
tograms (contiguous, non-contiguous, Dorling and rectangular) for seven cartogram specific
visualization tasks in the taxonomy of their early work [135]. They evaluated the time taken
to complete each task, the error percentage of the answers and subjective metrics. They
also provided a demographic analysis of performance by gender, age group, and educational
level. They concluded that depending on the task, users performed differently with different
types of cartograms. Our work is similar to thier in the sense that we conducted comparison
between Dorling and contiguous cartogram for five of the seven cartogram-related tasks that
they used.

Although there are several studies that evaluate glyph designs (e.g. Chernoff faces, Star

76



glyphs and spatial visualization [111]; impact of contours on the detection of data similarity
with star glyph variations [62]; and for time series data [61]), ours is the first study that eval-
uates cartogram glyphs. In addition we extend existing evaluations in three aspects: First,
we expand the list of analysis tasks by including specific ones for space in time. Second, we
compare the effectiveness of cartograms with a visualization that is not specific to geograph-
ical data. Third, we study an alternative version of Dorling cartograms in which locations
are organized as a grid.

6.3.2 Visualizations to Compare

We compare four visualizations. Three of these visualizations correspond to reduced or mod-
ified cartograms which are used as glyphs (e.g. Cartoglyphs). The other visualization is a
chart, which we use as a baseline. We describe the as follows:

(a) (b) (c) (d)

Figure 6.6: The four visualizations to compare for the continent level. (a) Contiguous carto-
glyph, (b) Dorling cartoglyph with centroid layout, (c) Dorling cartoglyph with grid layout,
and (d) Bar chart.

• Contiguous cartoglyph (Figure 6.6a): we use a contiguous cartogram to represent
an accurate version of the world in terms of topology. For this purpose we used the
Gastner and Newman diffusion algorithm [68]. In other words, this is a traditional
contiguous cartogram of reduced size.

• Dorling cartoglyph with centroid layout (Figure 6.6b): each geographical region
is positioned in its centroid. For the continent administrative level, we compute its
centroid as the average of all the centroids of each of its countries, weighted by their
area. For the country administrative level, we use the capital’s coordinates as the
centroid.

• Dorling cartoglyph with grid layout (Figure 6.6c): similar to the previous visu-
alization, the shape of each region is a circle with a given position. For this design, all
regions are organized as a grid such that each region will be the closest possible to its
geographical location on a map.

• Charts: This is a chart representation,which we used as baseline. We used a bar
chart for displaying geographical data (Figure 6.6d) and a line chart for displaying geo-
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temporal data (Figure 6.5d).

Since cartoglyphs were designed to be a simplification of the world, we do not expect
them to include all the countries of the world in one glyph. For this reason, we argue that
a cartoglyph using only continents will allow users to have an overview of the data and
highlight interesting areas for further exploration. Nevertheless, we study cartoglyphs in two
administrative levels: continents and countries, with the latest restricted to South America.
The reason to do so is to study the effect on the performance of the participants when
the number of locations is increased. For the glyph design at continent level, we followed
the convention that divides the world in seven areas: Asia, Africa, North America, South
America, Antarctica, Europe, and Australia. We decided to use this convention as it gives
us more information than, for example, those that consider America as one continent. We
understand that this high level division can lead to information loss about the evolution
of each individual country. As explained earlier, we expect that this representation allows
users to have high level understandinf of the data, which will hint areas to explore more
in depth. For South America we considered thirteen countries: Argentina, Bolivia, Brazil,
Chile, Colombia, Ecuador, French Guiana, Guyana, Paraguay, Peru, Suriname, Uruguay,
Venezuela. Figure 6.5 and Figure 6.6 show an example of each visualization for countries
and continents, respectively.

Table 6.1: Dimensions in pixels of each visualization by type of location and type of analysis.

Visualization
Continents South American countries

Geographical Geo-temporal Geographic Geo-temporal

Contiguous cartoglyph 99x99 688x125 119x125 500x124
Dorling cartoglyphs with centroid layout 92x92 500x93 77x125 500x132
Dorling cartoglyphs with grid layout 92x92 500x94 87x124 499x133
Charts 331x288 500x187 278x257 499x186

Table 6.1 shows the size (in pixels) of each visualization according to location type and
type of analysis. It is important to note that although we tried to set size as similar as
possible among visualizations, this was not always possible. For example, for the contiguous
cartoglyph of continents and geo-temporal analysis, we had to increase by 188 pixels the
width of the image otherwise Europe was not recognizable. On the other hand, given that
we were using bar charts are baseline, we did not apply size constrains and adjust a size that
was enough to distinguish each bar.

6.3.3 Study Goal

Our main goal is to study which aspects should be considered when using a cartogram glyph.
We do so by answering the questions proposed in Sec. 6.3. We focused on five tasks for the
analysis of geographical data alone, and five tasks for geo-temporal analysis. We evaluated
the accuracy of answers for effectiveness and time for efficiency, in addition to subjective
metrics.
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Figure 6.7: e is the question and the place to answer it, at the center is the visualization,
and at the right there is the legend. The text of the image was translated from Spanish to
English.

We work under four main hypotheses:

H1: For locations tasks, contiguous cartoglyphs should perform better than the two other
cartoglpyhs as they preserve the topology of the map.

H2: For comparison tasks, in particular when comparing values over time, charts should re-
port the best performance since they allow value comparison using only one dimension,
in comparison with the other visualizations that require users to perform comparisons
of areas.

H3: For comparison tasks, in particular when comparing values over time, Dorling carto-
glyphs should report better performance than contiguous cartogyphs.

H4: For comparison and locations tasks, Dorling cartoglyphs with grid layout should have
better performance than Dorling cartoglyphs with centroid layout as they have a fixed
location, allowing users to find a location easier and compare them better.

6.3.4 Study Design

We designed a between subjects study in which each participant had to answer a set of
questions using one of the four visualizations detailed in Sec. 6.3.2. We decided to exclude
interaction as a variable in our experiment, therefore we used small multiples of glyphs to
represent different time slices instead of animation. Given the number of questions presented,
we decided to present only six time slices for the geo-temporal analysis to not overload
participants.

Each participant had to go through two types of analysis: analysis of geographical data
and analysis of geo-temporal data. We define the tasks for this two type of analysis from two
taxonomies. The first one is from Nusrat et al. [135] that describe a set of tasks specifically
for cartograms. The second is from Robert Roth [155], who define a set of tasks for geo-
visualization categorized in three operand primitives: space-alone, attributes-in-space and
space-in-time. We used the third operand for the geo-temporal tasks.
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The tasks selected for each type of analysis are defined as follows:

Analysis of geographical data: conduct tasks oriented to cartographic tasks by ana-
lyzing one glyph at a time or a bar chart. For this type of analysis, users had to answer five
questions, each related to a selected task defined as follows:

1. Locate: Nusrat et al. [135] define this task as finding the position of a region on a
cartogram and Roth [155] defines it as finding in space when talking of the space-alone
operand. Both definition are similar and focus on finding a particular location on a
map. For the context of this study, this task is related to the action of finding a
particular location on a glyph or chart. For this task we asked “with which symbol is
this location marked?”, where the location was a particular continent or country.

2. Compare: this task asks for users to measure similar or different features among
locations. This definition is used in other taxonomies in a similar way like Roth [155].
For this task we asked participants to answer if “location A has a greater value than
location B”, where locations A and B would be either a continent or a country.

3. Find greatest: the objective of this task for the context of our study, is to find the
location that has the greatest value of a particular statistic. A more general definition
of this task is “Find top-k” [135], that include tasks like “find extremum” or “rank”.
Indeed, the taxonomy of Robert Roth [155] defines this task as “rank”, which goal is
to determine order or relative position among map features. For this task we asked
“which continent/country has the greatest value of the variable X?”.

4. Recognize: For our study, the aim of this task is to recognize a particular location in
the glyph. In the taxonomy by Nusrat et al. [135], this task’s goal is to recognize the
shape of a region from the original map. However, we will not focus on the shape of a
location but on its position on a visualization and the possibility of recognize it. For
this task we asked “Which continent/country is marked with a cross?”

5. Find adjacency: the goal of this task is to be able to find neighboring locations of a
given region. This tasks is defined by Nusrat et al. [135] specifically for cartograms as
some preserve topology while others do not. Since charts do not include any adjacency
relationships, we exclude them for the analysis of this task.
For this task we asked “which location(s) is(are) geographically near to this particular
location”, where the particular location would be a specific continent or country. Given
that this question had more than one possible answer, we decided to evaluate the accu-
racy of answers for this task using precision and recall by the formulas defined in Infor-
mation Retrieval. With precision we mean the percentage of correct locations of all the
locations answered by the participant and we compute it as |participant answer∩real answers|

|participant answer| .

We computed recall as |participant answer∩real answers|
|real answer| and is the percentage of the locations

that were successfully identified.

Analysis of geo-temporal data: It consists of tasks oriented to the analysis of geo-
graphical attributes over time. For this type of analysis, we consider the five tasks defined
by Roth [155] on the space-in-time operand primitive. The tasks are defined ad follows:

1. Identify: this task is defined as finding a specific value of a variable in time, or a spatial
search with temporal constraint. For this task we asked in which time a location reaches
the greatest value of X? Where a location could be a particular continent or country.
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2. Compare: Similar to the definition for the analysis of geographical data, the objective
of this task is to analyze the differences or similarities between geographical events
including a temporal factor. It could also include the geographical patterns exhibited
at different time periods, temporal composites, or temporal resolutions. We asked to
participants what can you say about the value of X for this location at these two specific
times?

3. Rank: the goal of this task is to order features in a map according to temporal prox-
imity or other temporal characteristics. For example, ascending or descending. For this
task, we asked: which location(s) had a steady growth in the first three observations?

4. Associate: This objective describes interactions tat characterize relationship among
multiple map features. When applied for the space-in-time operand, it includes finding
trends over time, or cause-effect relationships. We asked what can you say about the
tendency X for each location over time?, where the location could refer to continents
or countries depending to the stage the user is at. For these questions we give the
participants the possibility to write their answers freely. To evaluate them, we coded
their answers and assigned a score for each location. This score was 0 if the answers was
incorrect or missing, 1 if it was partially correct, and 2 if it was correct. Then, the scores
were averaged for all the locations. We normalized these answers and transformed them
to a 0-100 scale.

5. Delineate: aims to structure the map features into logical components. This includes
the division of data into distinct periods and finding peaks. For this task, we asked: is
there any location that has a peak? If that is the case, which ones and in which times?
Where location can refer to continents or countries depending to the stage of the study
that the user is in. Similar to the task of find adjacency in the geographical analysis
we computed answer precision and recall. In this case, the precision is the percentage
of correct peaks of all the ones found by the participant. With recall we mean the
percentage of the peaks that were successfully found by the participant.

It is important to note that the first three tasks of each type are very similar but with
different focus. For most tasks, the possible answer was an option from a select or multi-
select list, except for the tasks associate and delineate that required participants to write
their answers in text.

When the participant arrived, the experimenter explained to her the goal of the experi-
ment, the web interface and the type of questions they would have to answer. In particular,
the experimenter presented the visualization used in the study and detailed each visual at-
tribute until the participant said they understood. After that, the participant logged in and
started with the first stage, in which they answered one question for each task for a visual-
ization showing only continents. They later continued to a second stage, in which they did
same but for South American countries. It is important to note that the location variable is a
repeated measure. We provided a Web interface that recorded each participants answers, in
addition to the time taken to complete each task. The interface had a simple design in which
the questions were presented at the left, the visualization in the center, and the locations
legend at the right (see Figure 6.7). We did not provide the users with a reference map
for the cartograms, and only give users a color legend. The Web interface was displayed in
screen with a resolution of 1280 x 1024 pixels.To measure subjective metrics we applied a
post survey described in Appendix B and used the NASA TLX form [82].
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To create the cartograms we used two datasets from The World Bank [174]. For creating
the continent visualization we used the database of world population from 0 to 14 years and
the GDP value for countries.

6.3.5 Participants

We recruited participants by posting announcements in common areas at the University of
Chile. Out of the 60 people that participated in the study, 31 of them were men. Regarding
their ages, 7 of them were less than 21 years old, 45 were between 21 and 30 years, and 8
were between 31 and 40 years. With respect to their educational background, 1 of them
has PhD, 11 listed Masters, 24 listed undergrad, and 24 listed high school as their highest
completed educational level. Regarding they familiarity with visualizations for data analysis,
10 reported not having experience, 18 reported having little experience, 19 reported having
medium experience, and 13 reported having high level of expertise. None of the participants
had extensive experience with cartograms. Finally, none of them declared to have any color
vision impairment.

6.4 Results

6.4.1 Objective Metrics

In this section we report the results obtained for the objective metrics of both the analy-
sis of geographical data and the analysis of geo-temporal data. For each task, we build a
multilevel linear model that includes the location as a repeated measure, the visualization
as a between subject variable and the interaction of both. In addition, we used contrasts
to inspect significant differences further. We used the R statistical package version 3.4.1 to
build the model, run the ANOVA and find differences with contrasts. A summary of the
results for the geographical tasks are in Tables 6.2 and 6.3; those related to the geo-temporal
tasks are in Tables 6.4 and 6.5.

Analysis of H1: Contiguous cartoglyphs did not outstand for all location tasks
When analyzing the performance of contiguous cartoglyphs for location tasks, we did not
find a significant difference for the locate and recognize tasks, neither for time nor for per-
centage error. For the analysis of the third location task, finding adjacency, we excluded
charts for the analysis of those tasks because to complete them users depended on mem-
ory or previous knowledge, instead on the visualization itself. For this task, we did not
find that contiguous cartoglyphs obtained better time performance than the other two, but
participants using Dorling cartoglyphs with grid layout took statistically significant more
time to complete the task than the other two visualizations. For the location precision,
we observed there was a statistically significant difference between the visualization with
χ2(2) = 28.56, p < 0.0001, again with Dorling cartoglyphs with grid layout obtaining statis-
tically significant worse performance (with p < 0.01 for both visualizations). For location
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Table 6.2: Time and % error for the four tasks for the analysis of geographic data. We report
the ANOVA of the multilevel linear model build using location as a repeated measure and
the visualization as a between subject variable, including the interaction of both variables.

Task Time (s) Error%

L
o
ca

te

location: χ2(1) = 13.02, p = 0.0003 ***
vis: χ2(3) = 15.91, p = 0.0012 **

location x vis: χ2(3) = 16.29, p = 0.0010 **

20

40

60

Cont Centroid Grid Chart

Continent Country

location: χ2(1) = 3.11, p = 0.078
vis: χ2(3) = 3.9, p = 0.27

location x vis: χ2(3) = 4.056, p = 0.26

0

25

50

75

100

Cont Centroid Grid Chart

Continent Country

C
om

p
ar

e

location: χ2(1) = 0.36, p = 0.55
vis: χ2(3) = 4.97, p = 0.17

location x vis: χ2(3) = 2.68, p = 0.44

10
20
30
40
50

Cont Centroid Grid Chart

Continent Country

location: χ2(1) = 12.02, p = 0.0005 ***
vis: χ2(3) = 23.47, p < 0.0001 ***

location x vis: χ2(3) = 23.09, p < .0001 ***

0

25

50

75

100

Cont Centroid Grid Chart

Continent Country

F
in

d
gr

ea
te

st

location: χ2(1) = 16.28, p = 0.0001 ***
vis: χ2(3) = 32.98, p =< .0001 ***

location x vis: χ2(3) = 12.66, p = 0.0054 **

0

20

40

60

80

Cont Centroid Grid Chart

Continent Country

location: χ2(1) = 7.85, p = 0.0051 **
vis: χ2(3) = 59.19, p =< .0001 ***

location x vis: χ2(3) = 11.38, p = 0.0098 **

0

25

50

75

100

Cont Centroid Grid Chart

Continent Country

R
ec

og
n
iz

e

location: χ2(1) = 0.59, p = 0.44
vis: χ2(3) = 10.29, p = 0.016 *

location x vis: χ2(3) = 7.17, p = 0.067

10
20
30
40

Cont Centroid Grid Chart

Continent Country

location: χ2(1) = 1.01, p = 0.31
vis: χ2(3) = 3.09, p = 0.38

location x vis: χ2(3) = 3.17, p = 0.37

0

25

50

75

100

Cont Centroid Grid Chart

Continent Country
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Table 6.3: Time, location precision and location recall for the Find Adjacency task geograph-
ical data analysis. We report the ANOVA of the multilevel linear model build using location
as a repeated measure and the visualization as a between subject variable, including the
interaction of both variables.

Task Time (s) Location precision Location recall

F
in

d
A

d
ja

ce
n
cy

location: χ2(1) = 2.45, p = 0.12
vis: χ2(2) = 8, p = 0.018 *

location x vis:
χ2(2) = 3.59, p = 0.17

25
50
75

100
125

Cont Centroid Grid Chart

Continent Country

location:
χ2(1) = 0.18, p = 0.67*

vis: χ2(2) = 28.56, p < 0.0001
***

location x vis:

χ2(2) = 2.26, p = 0.32 ***

0

25

50

75

100

Cont Centroid Grid Chart

Continent Country

location:
χ2(1) = 0.12, p = 0.73*

vis: χ2(2) = 26.38, p < 0.0001
***

location x vis:
χ2(2) = 15.11, p = 0.0005 ***

0.00

0.25

0.50

0.75

1.00

Cont Centroid Grid Chart

Continent Country

recall, we did find that contiguous cartoglyphs obtained statistically significant better metrics
for visualization with χ2(2) = 26.38, p < 0.0001, and for interaction visualization x location
with χ2(2) = 15.11, p < 0.001. When inspecting this difference further we observed that
contiguous cartoglyphs obtained better location recall than both Dorling cartoglyphs with
p < 0.01.

To avoid bias in our data, we explored if there was any correlation between the partici-
pants’ performance in the locations tasks and their declared knowledge about continents and
countries. We computed the Pearson correlation coefficient and Spearman’s rank correlation
coefficient for the time taken to complete the tasks and the percentage error for their answers
for the three locations tasks. We did not find any significant correlation between the task of
the declared knowledge of the participant for any of the tasks.

With these results, we cannot confirm H1 in which we expected that contiguous carto-
glyphs would obtain better results for all location tasks when compared with other visual-
ization that not preserve accurate topology.

Analysis of H2: Charts outperform glyphs for certain tasks For this hypothesis
we analyzed the geographical tasks compare and find greatest. Regarding the compare task,
we did not find a significant effect for the time taken to complete it neither for location, nor
for visualization, or the interaction between both. For the percentage error, we only found
an statistically significant difference for the interaction between visualization and location
with χ2(3) = 23.09 and p < 0.0001. For that interaction, we observed that charts had better
performance than contiguous cartoglyphs (p < 0.001) and Dorling cartoglyphs with centroid
layout (p < 0.01). Regarding the task of finding the greatest, we found that participants using
charts had a statistically significant better performance in time (p < 0.01) and percentage
error (p < 0.001) than contiguous cartoglyphs. When considering the interaction of visual-
ization and location, there is also a significant better performance of charts over contiguous
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Table 6.4: Time and error % for the four tasks for the analysis of geo-temporal data. We
report the ANOVA of the multilevel linear model build using location as a repeated measure
and the visualization as a between subject variable, including the interaction of both variables.

Task Time (s) Error%

Id
en

ti
fy

on
ti

m
e

location: χ2(1) = 30.42, p < 0.0001 ***
vis: χ2(3) = 16.47, p = 0.0009 ***

location x vis: χ2(3) = 7.76, p = 0.05

10

20

30

40

Cont Centroid Grid Chart

Continent Country

location: χ2(1) = 27.41, p < 0.0001 ***
vis: χ2(3) = 41.19, p < 0.0001 ***

location x vis:
χ2(3) = 18.12, p = 0.0004***

0

25

50

75

100

Cont Centroid Grid Chart

Continent Country

C
om

p
ar

e

location: χ2(1) = 5.69, p = 0.017 *
vis: χ2(3) = 2.56, p = 0.46

location x vis: χ2(3) = 3.34, p = 0.34

25

50

75

100

Cont Centroid Grid Chart

Continent Country

location: χ2(1) = 5.32, p = 0.021 *
vis: χ2(3) = 18.31, p = 0.0004 ***

location x vis:
χ2(3) = 16.56, p = 0.0009***

0

25

50

75

100

Cont Centroid Grid Chart

Continent Country

R
an

k

location: χ2(1) = 10.36, p = 0.0013 **
vis: χ2(3) = 5.81, p = 0.12

location x vis: χ2(3) = 8.27, p = 0.04*

25

50

75

100

Cont Centroid Grid Chart

Continent Country

location: χ2(1) = 3.01, p = 0.082
vis: χ2(3) = 16.86, p = 0.0008 ***

location x vis: χ2(3) = 1.15, p = 0.76

0

25

50

75

100

Cont Centroid Grid Chart

Continent Country

A
ss

o
ci

at
e

location: χ2(1) = 32.52, p < 0.0001 ***
vis: χ2(3) = 2.55, p = 0.47

location x vis: χ2(3) = 3.24, p = 0.36

0

250

500

750

Cont Centroid Grid Chart

Continent Country

location: χ2(1) = 12.96, p = 0.0003 ***
vis: χ2(3) = 8.69, p = 0.034 *

location x vis: χ2(3) = 0.039, p = 0.99

0

25

50

75

100

Cont Centroid Grid Chart

Continent Country
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Table 6.5: Time answer precision and answer recallfor the Delineate task for the analysis of
geotemporal data. We report the ANOVA of the multilevel linear model build using location
as a repeated measure and the visualization as a between subject variable, including the
interaction of both variables.

Task Time (s) Answer precision Answer recall

D
el

in
ea

te

location:
χ2(1) = 21.52, p < .0001 ***
vis: χ2(3) = 4.17, p = 0.24

location x vis:
χ2(3) = 3.29, p = 0.35

100

200

300

Cont Centroid Grid Chart

Continent Country

location:
χ2(1) = 7.44, p = 0.0064 **

vis: χ2(3) = 8.70, p = 0.034 *
location x vis:

χ2(3) = 4.53, p = 0.21

0.00

0.25

0.50

0.75

1.00

Cont Centroid Grid Chart

Continent Country

Answer recall
location:

χ2(1) = 1.06, p = 0.30
vis: χ2(3) = 13.89, p = 0.0031

**
location x vis:

χ2(3) = 21.26, p < 0.0001 ***

0.00

0.25

0.50

0.75

1.00

Cont Centroid Grid Chart

Continent Country

cartoglyphs with p < 0.001 for time and p < 0.01

Regarding the geo-temporal tasks, we observed that for the task of identify in time line
charts had a better performance than the three glyphs for the time taken to complete the
task (p < 0.001 for the three glyphs) and the percentage error (centroid: p < 0.01, grid:
p < 0.001, contiguous: p < 0.0001) when considering the effect of the visualization alone. We
also observed a significant difference when analyzing the interaction visualization x location
for this task, for both the time (grid and contiguous: p < 0.05) and the percentage error
(centroid: p < 0.05, grid: p < 0.01, contiguous: p = 0.0001). For the compare task we
found that line charts had a statistically significant less percentage error than contiguous
cartoglyphs with for the visualization alone (p < 0.0001), and the interaction visualization x
location (p = 0.001). For the rank task, again participants using line charts had a significant
lower percentage error than contiguous cartoglyphs, with p < 0.01 for the visualization alone.
In addition, we observed a statistically significant increase of the time taken to complete the
task when the number of locations increased when considering the visualization x location
interaction for the contiguous cartoglyphs and Dorling with centroid layout, with p < 0.05
for both. Finally, for the delineate task we observed that participants using line charts had a
significant lower percentage error for the recall of answers in comparison to the three glyphs,
and for the precision of the answers for both Dorling cartoglyphs. Indeed, regarding the recall
of answers, for the visualization alone we found p < 0001 for the three glyphs in contrast
to the line charts, and for the visualization x location interaction we found a p = 0.0001
for contiguous cartoglyphs. For both Dorling cartoglyphs, we observed p < 0.0001 when
analyzing the effect of the visualization alone in contrast to the line chart. For the precision
of the answers of the delineate task, we observed that line charts had a better performance
than both Dorling glyphs with p < 0.01 for the centroid layout and with p < 0.05 for the
grid layout.

These results indicate that bar charts do not outperform all the three glyphs when being
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used for comparison of geographical data alone: it was only better than contiguous carto-
glyphs. On the other hand, when using the line charts, users reported better responses for
several geo-temporal tasks, especially when being compared to the contiguous cartoglyphs.

Analysis of H3: Dorling cartoglyphs lead to better answers than contiguous
cartoglyphs for some tasks of geo-temporal analysis For this hypothesis we observed
that only for two of the geo-temporal oriented tasks, identify in time and compare, there was
a clear difference between contiguous and both Dorling glyphs designs. Indeed, for the
task of identify in time we observed that contiguous cartoglyphs had a statistically worse
percentage error than both Dorling glyphs with p < 0.001 when considering the effect of the
visualization alone. On the other hand, for the task of compare we observed that the effect
of the visualization alone the value of p = 0.0001 for both Dorling glyphs when contrasting
it with contiguous, with the latter having worst performance than the first two. For the
same task, we observed that the number of locations also influenced the performance of the
visualization as the visualization x location interaction was also statistically significant with
p < 0.01 when contrasting contiguous with Dorlingwith centroid layout and p < 0.05 when
contrasting contiguous with Dorling with grid layout.

These results partially confirms this hypothesis as two of the five geo-temporal tasks lead
participants to have better answers with Dorling cartoglyphs than contiguous. Although,
there were not significant different in the time taken to complete any of the tasks.

Analysis of H4: Centroid Layout vs Grid Layout for Dorling Cartoglyphs behave
similarly For this hypothesis, we first inspected the tasks of geographical analysis and
later those of geo-temporal analysis. For the geographical-oriented tasks, we observed that
participants using the grid layout obtained a significant worse performance for two location
tasks: locate and find adjacency. For the locate task, we observed that when analyzing
the effect of the visualization alone, participants using the Dorling cartoglyphs with grid
layout took more time to complete the task (p < 0.0001) and have a greater percentage error
(p < 0.05) than those participants using the centroid layout. We also observed that the
interaction between location and visualization had a significant effect between both glyphs,
with p < 0.01. For the find adjacency task, we found that for the visualization alone, the
grid layout was less efficient in time (p < 0.01) and less effective in the precision to identify
locations (p < 0.01) than centroid layout. Similar to previous task, also the interaction
between visualization and location had a significant effect with p < 0.05 for the time taken
to complete the task.

Regarding the geo-temporal tasks, we did not find significant differences between both
layouts except for the associate task. For this task, we found that participants with using
the grid layout obtained a significant better performance than those using the centroid layout
with p < 0.05.

With these results, we can not confirm the hypothesis that grid layout for Dorling carto-
glyphs works better than the centroid layout. Indeed, for only two location oriented tasks
the glyph with centroid layout showed worst performance. In addition, we did not find a

87



statistically significant difference for the geo-temporal tasks.

6.4.2 Subjective Metrics

In this section we discuss the results about the subjective metrics obtained by the NASA
TLX form and the post survey. A summary of the results for the NASA TLX post survey is
in Figure 6.8. We applied a Kruskal-Wallis test to analyze if there was difference among the
visualizations for each of the factors of the NASA TLX factors. Although we did not find
any statistically significant difference, we were able to observe some trends.

Regarding mental demand, our results suggests the following order from lower to higher:
charts, Dorling with grid layout, Dorling with centroid layout, contiguous cartoglyph. When
comparing the ones with best performance, charts and Dorling cartoglyphs with grid layout,
and the one with he worst performance, contiguous cartoglyphs, we observed a non significant
difference with H(3) = 6.07 and p = 0.11. A similar pattern was revealed for the frustration
factor, with H(3) = 4.29 and p = 0.23.

This trend could be explained by the hypotheses H2, H3 and H4, in which we expected
that users would have better performance for comparison tasks for charts and Dorling car-
toglyphs with grid layout. In particular, we received some positive comments about how
participants used the invisible grid of the Dorling cartoglyphs with grid layout for make the
comparison of circles easier.

Regarding physical demand (H(3) = 1.63, p = 0.65), we observe that the four visualization
reported similar behavior. Nevertheless, similar to previous factors, both charts and Dorling
cartoglyphs with grid layout obtained the lowest medians. We received some comments about
how small were the maps and that sometimes it was hard for users to analyzed them. Indeed,
a user commented that his eyes were hurting while conducting the tasks.

We were surprised by the results of performance and effort as we expected the tasks would
not be difficult by participants. Indeed, we observed that participants thought they have an
overall low performance (M = 7.92, SD = 4.13) and they have to make a great effort to
achieve it (M = 12.13, SD = 4.07). We did not observe an statistically significant difference
for both factors (performance: H(3) = 0.49, p = 0.92; effort: H(3) = 2.35, p = 0.50),
however charts have the lowest median on both of them. For the last factor of the NASA
TLX form, the temporal demand (H(3) = 2.37, p = 0.50) we did not observe significant
difference among the visualizations.

Finally, for the post survey we asked three questions regarding their experience with the
visualization:

• How intuitive did you find the visualization?: For this question we observed
that charts had the higher score, followed by contiguous, Dorling with grid layout and
Dorling with centroid layout. However we did not find any significant difference nor a
significant trend.
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Figure 6.8: Summary of the 6 factors considered in the NASA TLX survey, for each of the
for visualizations compared in this study.

• How difficult was to compare the values of X across the time slices?: For this
question we observed that contiguous cartoglyphs received a a higher score of perceived
difficulty for analysis than the other three visualizations, however we did not find a
statistically significant difference among them. In particular, when comparing grid and
centroid layout for Dorling cartoglyphs, we observed a trend in which participants found
centroid layout easier for values comparison. This result is interesting because when
inspecting the differences between centroid and grid layout for Dorling cartoglyphs in
H4, the only significant difference among them was for the associate task in which the
grid layout obtained better performance than the centroid layout. Therefore, although
participants found that with centroid layout it was easier to compare values among
time slices, the associate task shows different.

• How difficult was to find each region of the visualization?: Although we did
not observed a statistically significant difference among the four visualizations for this
question (H(2) = 6.97, p = 0.072), we observed a trend in which contiguous carto-
glyphs obtained the lower difficulty, followed by Dorling with grid layout, charts and
finally Dorling with centroid layout. The preference of users for the design of Dor-
ling cartoglyph is contradictory with the results found in H4 in which we compared
both Dorling designs were compare in terms of performance. We aim to inspect this
difference in further research.

6.5 Discussion

In this section we discuss our results and propose some recommendation for design based on
them.
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6.5.1 Analysis of Research Questions

We discuss our findings for each research question proposed in previous sections.

RQ1: How does the simplification of the shape of a region impact in the
performance of geographical data analysis? Does it follow the same behavior
observed in other studies?

For this question we compared the contiguous cartoglyph with both Dorling designs as
regions are represented with different shapes with those designs. We observed a significant
difference for only two geographical data analysis tasks: find greatest and location recall for
find adjacency. For the first task we observed that participants using contiguous were more
prone to do errors that participants using any of the Dorling designs. For the second task,
we observed that participants were more likely to identify a greater percentage of correct
adjacent locations with contiguous than with both Dorling cartoglyphs design. With these
results, we observe than although shape impacted in the performance of participants, it was
only significant for some of the selected tasks.

When comparing our results with those reported by Nusrat et al. [134], we found some
considerable differences. For example, for the locate task their work found a statistically
significant difference between contiguous cartogram and Dorling Cartogram for the percent-
age error, which we did not observed in our results. Another difference is regarding the
find greatest in which, although both work found statistically significant difference between
contiguous and Dorling for the percentage error, the distribution of values is not the same.
Indeed, while in the work of Nusrat participants using contiguous cartograms show better
performance than Dorling, our results show the opposite. These differences could be due sev-
eral reasons like size of stimulus, number of locations displayed, type of locations analyzed,
or question proposed for each task, among others. We aim to explore the cause of differences
in future work.

RQ2: How the abstraction of position and adjacency impact in the perfor-
mance of geographical data analysis?

To answer this question we compared the behavior of both Dorling cartoglyph designs.
As detailed earlier, for the tasks locate and find adjacency, participants using Dorling with
grid layout presented worst performance than those using Dorling with centroid layout. In
this aspect, the position of each location impacted in the analysis of tasks that were related
to geographical location. We did not found any significant difference for comparison tasks
between both Dorling layouts. We found this result surprising as we expected that by fixing
each location to a position in the glyph, it would be easier for users to compare values
and identify each locations. We did find that participants used this feature as we received
comments about it, however this did not impacted significantly in their performance.

RQ3: How these two variables impact in the analysis of geo-temporal data?

We observed that for two geo-temporal data analysis tasks both Dorling cartogyphs design
had statistically significant less percentage error than contiguous cartoglyphs (identify in time
and compare). On the other hand, for the task delineate we observed that contiguous had a
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significant worse perform than Dorling with centroid layout. These results indicates that the
shape used to represent each region impacted in the performance for geo-temporal analysis.
On the other hand, when comparing the behavior of both Dorling cartoglyph to understand
of the position impact in the performance of the selected geo-temporal tasks we observed
that only for one task (associate) there was a significant difference, which indicate us that
there is not much impact in the performance of participants when considering the change of
the position of each location for the selected geo-temporal tasks.

RQ4: Does the number of locations impact on the performance of geographical
or geo-temporal data analysis?

This question is based on the expectation that given an increase in the number of locations
being analyzed would impact on the performance of participants in a negative way. In other
words, the larger the number of locations, the larger time they would require to answer and
they would be more prone to error. Given the collected data, we observed that the number
of locations impacted on the performance in time and accuracy with statistical significance
for several of the tasks analyzed. However, we were surprised to find that this fact did not
impacted in all the tasks as we initially expected.

6.5.2 Recommendations for Design

Given the results of our study, we propose the following recommendations for the use of
cartoglyphs and charts.

For the analysis of geographical data:

• If the adjacency of the locations being analyzed is critical, contiguous cartoglyphs could
lead to better results than other designs.

• If the task requires to find greatest values, Dorling cartoglyphs could lead to more
accurate and efficient results than contiguous.

• When choosing between centroid layout and grid layout for Dorling cartoglyphs, cen-
troid layout should be chosen over grid layout as the later could lead to more error for
some tasks that require identifying geographical characteristics of the data.

For the analysis of geo-temporal data:

• If the comparison of values between time slides is critical, charts should be preferred
over cartoglyphs.

• There is no significant difference between centroid and grid layout, leaving the decision
to the user preference. Grid layout could be useful for some of them as they use the
imaginary grid as a guide for comparison.

In particular, we propose that Dorling cartoglyphs provide a good balance between dis-
playing information about the topology of a map and still allowing comparison between
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values.

6.5.3 Open Questions

Given our initial results, we have several open question that will be addressed in future
research:

• How the results variate when the size of the stimulus variate? We identi-
fied that there were significant changes among the visualizations studied, however we
have not considered the size of the stimulus as a variable to analyze. Which is the
recommended size for each glyph? How does it variate when there are several glyphs
to observe at the same time? Does it exist a limit in which the size of each glyph is
not distinguishable?

• Similar to previous question, to which extend can we simplify the world so
participants can still distinguish each locations? Does this depend of the number
of considered locations?

• Is it possible to not use color as a variable to represent each region? Given
that our experiment design used color to represent each region, in future work we want
to investigate if users can remember each location without this visual variable and rely
in position or memory.

• Is it possible to include more variables such as border size or color in order
to make them multivariate? For this study we only included one statistical variable
at each time frame, does cartoglyphs support more variables at the same time?

• Which interactions could improve the type of data analysis we are studying?
Is it better to use animation? Maybe brush and linking to relate the same locations?

6.6 Considerations to Validity

There are several considerations to validity in our study which are presented in this section.
The first consideration is low diversity of the representation of each task. Indeed, given that
each task was represented by only one question in our study, we understand that the tasks
may be not represented enough. Second, we only considered a limited set of locations to be
analyzed so we don’t have information about how the selected designs can be generalized to
other regions such as Europe or the United States. However, it is important to note that the
goal of cartoglyphs is to display a simplified version of the world. Therefore it might not be
efficient to use them to display all the countries of the world or all the cities of a country
at once. In the same line, the selected continents and countries used in the present study
are real regions which participants have seen before even if they are not completely familiar
with their the exact location. Regarding this issue, we could have used locations that are
less familiar to users like postal codes or electoral districts to avoid preconceptions about
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spatial processes like the work of Beecham et al. [22]. Nevertheless we consider important
to study cartoglyphs in a familiar scenario like continents and countries of South America
as they represent possible visualization participants could see in their geopolitical context.
Third, given that questions and locations were not randomized there could have been a
learning effect that could impact in our results. We aim to analyze this factor in future work
and compare those results with those presented here. Finally, an important limitation when
studying the performance of visualization designs for geo-temporal analysis is the number
of time frames considered. We only considered six time slices with the goal of no overload
participants, which could be a low number when dealing with real data. Nevertheless, we
found our work an important starting point to consider a map as glyph, instead of glyphs
over maps, for the analysis of geographical and geo-temporal data.

6.7 Summary

Designing visualizations for the analysis of geo-temporal data can still be a challenge. In this
chapter we presented preliminary designs of cartoglyphs, a simple visual representation of
the world. This representation aims to allow users to conduct geo-temporal analysis in more
effective ways.

We first showed how Dorling and rectangular cartograms can be reduced to a glyph to
decrease the complexity of the visualization of geographical data. In addition, we presented
two initial layouts to display the geographical locations displayed in the glyph. We applied
Dorling Cartoglyphs to show the evolution of geographical distribution of tweets commenting
on two news events over several days. In addition, by using them we detected when new
countries got involved in the real-world event and how these changes impacted in the reaction
of Twitter users.

We later studed the proposed visualization to evaluate its effectiveness and efficiency. More
specifically, we conducted a study with 60 people to analyze their accuracy of answers and
the time taken to complete a series of tasks. Five of those tasks were only for geographical
data and five were for geo-temporal data, both derived from tasks taxonomies from the
literature. We compared four visualizations: three cartogram based glyphs and charts in two
administrative levels of locations, continents and countries.

We found that the number of locations can influence the performance of the analysis for
some tasks but not for all of them. We also concluded that although two glyphs maps could
use the same visual variable for quantity, the position of the elements being compared can
influence the answers of participants when analyzing data with them. Also, we hypothesized
that charts would have a better performance in comparison to the glyphs but that was not
true for several tasks.
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Chapter 7

Conclusion and Perspectives

In this section we summarize the contributions of this dissertation and discuss possible di-
rections for future work.

7.1 Contributions and Conclusions of the Dissertation

The contributions of this dissertation and their corresponding conclusion, are divided into
three main components:

1. Geo-temporal Representation of Events Extracted from Social Media: We
presented a high level event representation that characterizes the geo-temporal compo-
nents of an event extracted from social media. This representation not only focuses on
the locations where an event happened, but also it considers the relevant geopolitical
entities involved and the places to where a news event was propagated (Chapter 4).
More formally, we define two types of locations. The first, protagonists locations, cor-
responds to those geopolitical entities involved in a real world event. The interaction
among these types of locations denote conflicts, alliances or neutral relationships that
represent historical past events that can allow us to understand the present. The sec-
ond type of location is defined as interested locations, which are the places from where
people commented on an event in social media.

With these location type definitions we describe two kinds of scopes: (i) provenance,
which indicates if an event is local, regional or global in terms of the protagonists
locations involved; and (ii) impact, which denotes whether an event is local, regional
or global depending on the number of locations that were interested in commenting on
the event.

The formal definition of this representation allows researchers to compute event simi-
larity based on protagonists or interested locations. In addition, it enables to compute
similarity metrics among locations based on events in which they are protagonists to-
gether or showed similar interest on social media.
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We then evaluated this event representation with an exploratory analysis using a two-
year database of news events extracted from Twitter. We observed that this repre-
sentation allowed us to explore international relations among countries and how they
evolved over time.

With this first contribution, we addressed the first main hypothesis and its sub-hypotheses
presented in the introduction.

H1: The data published in social media platforms contains valuable information about
what is happening in the real-world.

• H1.1: Analyzing data from social media yields historical data about news related
to geopolitical interaction among countries as consequence of news events.

• H1.2: By analyzing social media data one can understand how people reacted to
a news event and the geographical places to which news events propagated to.

• H1.3: By analyzing data from social media one can obtain insight of how events
relate to each other over time.

The data analysis conducted in Chapter 4 allowed us to extract valuable information
about news events that happened in the physical wold. In particular for H1.1, the
geopolitical analysis reported in that chapter confirmed the historical value of that
data. For example, we observed a high event similarity between Ukraine and Russia as
protagonists locations. This similarity corresponds to the long-term conflict between
both nations, which was reflected in more events being extracted where they were
protagonists. Regarding H1.2, we observed that some countries showed similar level
of interest on events that linked particular countries. This is the case of interested
locations that commented on events that Brazil and Germany were protagonists. This
phenomenon reflected the events related to the FIFA World Cup of 2014. Finally,
for H1.3 we saw the similarity among countries evolved over time. For instance, the
previously mentioned event about the Crimean crisis describes a pattern in which both
nations display a high similarity metric for the period that the crisis lasted. On the
other hand, sporadic events such as the disappearance of the Malaysia Airlines flight
MH370 on March 2014, describe a sporadic spike for a shorter period of time.

2. Galean: The second contribution of this dissertation is the interactive visual interface
to explore news events in the proposed event representation presented in Chapter 5.
The interface of this visualization tool display events over a map by their protagonists
countries and easily understand their provenance. In addition, it allows users to inspect
an event in more details to observe the distribution of interested locations and the
impact of the event. Finally, users can read the messages related to an event for more
detailed information about it. The messages are categorized by their source: they can
come from news Twitter accounts or regular users.

To validate the usefulness of the tool we conducted two case studies and two users
studies. In the first case study we followed the provenance of the events related to the
Crimean crisis. By observing the frequency and category of events, we concluded how
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the crisis started being a local event and evolved to be of regional and global provenance.
The event developed mainly at regional scope given that Ukraine and Russia were the
main protagonists of the events. However, the United States also intervened at some
point so several events were of global provenance. The second case study was about
the Nepal earthquake of 2015. The motivation of this case study was to use Galean to
retrieve past events that allowed users to understand a recent one. More specifically,
given a later event about a financial loan from Japan to Nepal for its recovery we used
the tool to search for related news events that allowed us to understand it.

We conducted two user studies for the tool evaluation. The first one was a qualitative
study with expert users. In this evaluation we aimed to obtain feedback about whether
Galean could be used for daily work by journalists. We concluded that Galean could not
necessarily be used by journalists in their daily work as it will depend on the tasks they
need to carry out. Also in this evaluation we obtained important usability feedback
that allowed us to improve the tool. The second evaluation that we conducted was a
quantitative study in which we compared Galean to a competitive baseline in terms
of objective and subjective metrics. In terms of objective metrics we measured the
efficiency and effectiveness for the task of retrieving information about relationships
between countries. For these metrics, Galean was more efficient than the baseline for
the tasks proposed this task. For subjective metrics, participants who used Galean
showed less frustration when conducting the tasks and were more confident with the
information displayed than what was in the baseline. These results offer us evidence
on the usefulness of Galean in comparison to a competitive baseline.

In this chapter we addressed H2.1 and H2.2:

H2: Visual representation of news in their geopolitical context allows users to extract
valuable knowledge about the real world.

• H2.1: An expressive visual representation allows users to visually identify and
extract patterns, which cannot be easily found through manual or quantitative anal-
ysis of the raw data.

• H2.2: An expressive visualization of the geopolitical context of a news event allows
users to extract relationships among events and participating entities.

Indeed, regarding H2.1, given the two users studies conducted with Galean, we con-
firm that users were able to extract geopolitical relationships of news events from its
interface. In addition, the designed interface proved to be efficient in terms of the time
taken to extract this information and to provide less frustrating ways of displaying it.
From the qualitative study in this chapter, we can confirm H2.2, as expert users were
able to identify real world events and follow the evolution of the protagonists locations
that participated in them.

3. Cartoglyphs: The last part of the dissertation presents and describes the evaluation
of Cartoglyphs, cartogram based glyphs. Their goal is to provide a simplified version
of the world in order to help users conduct geo-temporal analysis. This last part is
presented in Chapter 6. We first describe the initial designs for Cartoglyphs, using
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both rectangular and Dorling cartograms. We later describe two case studies in which
we use them to follow the evolution of news events extracted from Twitter. In the
first one, we followed the propagation of tweets commenting on the Yemeni Civil War
between the 20th and 30th of March, 2015. In this case we positioned the glyphs in a
grid layout. Among the patterns we observed, we saw that the day with the biggest
impact on Twitter described the news about the launch of a Saudi air campaign in
which several Houthi leaders were eliminated. In the second case study we used a tree
layout to display two branches of the development of the news regarding the missing
Malaysia Airlines flight 370. The first branch was about the investigation of the news
and the second about the search of the plane debris. In this case study we observed
several patterns of people commenting on the news events, allowing us to find out which
the countries were involved in the real world event.

Later in the chapter we describe the formal evaluation of Cartoglyphs that we con-
ducted. We tested two layouts to position locations inside the glyph when using Dor-
ling cartogram, a contiguous cartoglyphs design, and charts as baseline. The goal of he
study was to study if the simplification of shape and position to represent a location
impacts the performance of geographical data analysis, among other research questions.
We concluded that these features impacted in the performance of users,depending on
the task carried out.

With this contribution we started to explore hypothesis H2.3:

H2.3: A simple visual representation of geographical data allows users to extract knowl-
edge from several points of view of a news event.

Although we used them to represent two geographical variables of news events extracted
from Twitter, we still need to formally study if they are effective for the analysis of more
than one variable of geographical data. The idea of Cartoglyphs is new and the study
we conducted gave us the first insights to arrive at an effective design for a simplified
version of the world in order to representing multiple variables at the same time.

7.2 Future Work

The future work is divided in three components:

1. Further analyze the model and data we already have. For example, we would like to
explore not only the relationships among countries but also understand their influence.
In this sense, we would like to answer questions like: Did the impact of the event change
after a particular country got involved?.

On the other hand, we would like to enhance the news event representation. Some of
the features we would like to explore are:

• Increase the granularity on the time associated to an event, incorporating not only
the date when it was detected, but also its duration and when it finish. This will
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allow us to more finely analyze the speed that a news event was propagated or
how it becomes of local, regional o global impact, for example.

• Conduct sentiment analysis of the content of tweets to determine if the link be-
tween two countries is a conflict or an alliance between them. In particular, we
would like to study the strength of the alliances or conflicts found. This type of
analysis can be applied to the case of the Crimea crisis, to study the evolution of
the tension among the countries involved.

• Include entities to study other kinds of influences. For example, we would like to
answer questions such as, does a tweet by a particular famous person influence the
way news gets propagated?

2. Improve Galean from two perspectives: (i) identify the real need of final users or change
the focus of final users, and (ii) improve its interface. Regarding the first one, we would
like to conduct field studies to identify which cases this tool would most benefit the work
of journalists. In this sense, we have considered the possibility of contacting users from
other research areas. In particular, we have had informal conversations with political
scientists who declare that this kind of analysis could be useful for their daily work. We
aim to explore the possibility of collaborating with them in order to improve Galean
and to help them in their research. Regarding the improvement of Galean’s interface,
we would like to consider the following topics:

• Improve the way Galean displays tweets commenting on a news event by organizing
the message via subtopics or a visual approach like ThemeRiver [85].

• Include a visual representation of the evolution of a news event. This could be done
by using Cartoglyphs to represent a news event, either in a linear or tree layout.
We expect to include this visual representation once the research of Cartoglyphs
is more advanced.

• Include visual representations of others aspects of a news event such as sentiment
analysis or a network of the influential people commenting on the event.

3. Continue the exploration of Cartoglyphs for visualizing multivariable geographical data.
In future work we expect to deepen the analysis of subjective metrics and how they re-
late to the objective ones. We also will compare how demographics of participants could
influence in their performance, and if there is any interaction of those variables. Ad-
ditionally, we will study the gaze movement when participants conducted this analysis
for the different visualizations, type of locations and tasks. To gather more qualitative
feedback of cartoglyphs, we will to conduct focus groups with possible final users such
as geographers or sociologists. Furthermore, we would like to address the questions
proposed in Chapter 6:

• How does the effectiveness of Cartoglyphs variate when their size is changed?

• To what extent can we simplify the world representation of Cartoglyphs so par-
ticipants can still distinguish each location? Does this depend on the number of
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locations being considered?

• Is it possible to not use color as a variable to represent each region so users identify
a location only by their position inside the glyph?

• Is it possible to include more visual variables such as border size of a location in
order to make them multivariate?

• Which interactions could improve the type of data analysis we are studying?

Finally, when the theoretical aspects of the visual features of Cartoglyphs are further
studied, we want to include them in an interactive visual interface in which each glyph
is positioned according to a certain layout, allowing users to discover patterns on geo-
graphical data. More specifically, we would like to explore:

• which layouts are effective to position glyphs in order to find similar behavior of
geographical data,

• how these layouts can also include time in order to preserve temporal linearity.
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Appendix A

Related Surveys and Questionnaire
for User Study Conducted to Evaluate
Galean (Chapter 5)

A.1 Questionnaire for news event analysis

The list of questions asked for the news analysis are the following:

• In which date the news event started?

• List the countries that were involved to the news event (separated by a comma)

• When X country got involved in the news event for the first time? We asked for Saudi
Arabia as X for the news about the Yemen rebels, and China for the news about the
Malaysia Airline MH360 lost.

• Give between 5 and 10 relevant keywords about the event (separated by a comma)

• How much impact do you the event had in X date? We asked for March 26th, 2015 as
X for the news about the Yemen rebels, and March 8th, 2014 for the news about the
Malaysia Airline MH360 lost.

A.2 Pre-survey: Demographic Information

The pre-survey for the user study we conducted to evaluate Galean is originally in Spanish.
Next are the questions translated in English:

• Gender:
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– Woman

– Men

– Prefer not to disclose

• Age:

– Less than 21 years old

– Between 21 and 30 years old

– Between 31 and 40 years old

– Older than 40 years old.

• Greatest educational level achieved:

– Undergraduate

– Master

– PhD

• Greatest educational level on process:

– Undergraduate

– Master

– PhD

• How familiar are with the use of visualization for data exploration?

– None: I have never used a visualization for data exploration.

– Low: I almost never use visualizations for data exploration.

– Medium: I regularly use visualizations for data exploration.

– High: I use visualizations for data exploration very frequently and/or it is part of
my job.

• How frequently do you read international news?

– I never read about international news

– Very few times, only when something important happened.

– regularly, I read international news once or twice a week
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– Very frequently, I read everyday about international news

– Which is your English level?

∗ None

∗ Low

∗ Medium

∗ High

A.3 Post-survey: Galean Interface

The post-survey conducted to evaluate the subjective perception of Galean by the partici-
pants. The original survey was conducted in Spanish and next we enumerate the questions
translated in English.

• How intuitive did you find the interface? Answer as a 5 points liker scale with 1 being
“Not intuitive” to 5 being “very intuitive”.

• Would you use it to analyze news events? Answer as a 5 points liker scale with 1 being
“I would never use it again” to 5 being “I would use it frequently”.

• How confident were you in the information displayed? Answer as a 5 points liker scale
with 1 being “very low confidence” to 5 being “very high confidence”.

• Did you lose notion of time while conducting the task? Answer as a 5 points liker scale
with 1 being “not much” to 5 being “a lot”.

• Would you recommend the tool? Answer as a 5 points liker scale with 1 being “I would
not recommend it” to 5 being “I would certainly recommend it”.

• How much satisfied are you with the tool? Answer as a 5 points liker scale with 1 being
“not much satisfied” to 5 being “very satisfied”.

• How much information do you think the interface did not allowed you to see? Answer
as a 5 points liker scale with 1 being “few” to 5 being “a lot”.

• Any extra comment about the interface?
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Appendix B

Post-survey for Cartoglyphs Study
(Chapter 6)

The post survey for the Cartoglyphs study was divided in two main sections: demographic
information and subjective perception of the inspected glyph.

Demographic information:

• Gender:

– Woman

– Men

– Prefer not to disclose

• Age:

– Less than 21 years old

– Between 21 and 30 years old

– Between 31 and 40 years old

– Older than 40 years old.

• Greatest educational level achieved:

– Undergraduate

– Master

– PhD

– Other: specify
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• Greatest educational level on process:

– Undergraduate

– Master

– PhD

– Other: specify

• How familiar are with the use of visualization for data exploration?

– None: I have never used a visualization for data exploration.

– Low: I almost never use visualizations for data exploration.

– Medium: I regularly use visualizations for data exploration.

– High: I use visualizations for data exploration very frequently.

• How easy is for you to recognize the world continents? Answer as a 5 points liker scale
with 1 being “very difficult” to 5 being “very easy”.

• How easy is for you to recognize the countries of South America? Answer as a 5 points
liker scale with 1 being “very difficult” to 5 being “very easy”.

• In which data related area do you work?

– Computer science

– Journalism

– Sociology

– Other: specify

Subjective perception of the visualization:

• How intuitive did you find the visualization? Answer as a 5 points liker scale with 1
being “Not intuitive” to 5 being “very intuitive”.

• How difficult was for you to compare the values of X between each time slice? Answer
as a 5 points liker scale with 1 being “Not difficult” to 5 being “very intuitive”.

• How difficult was for you to find each region inside the glyph? Answer as a 5 points
liker scale with 1 being “Not difficult” to 5 being “very intuitive”.

• Any comment?
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