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Abstract

The increase of popularity and usage of Internet platforms, such as online social networks, has resulted
in a growth of volume of data and, most specifically, personal data. The presence of ambient intelli-
gence and smart environments on our daily life is associated with a constant need of data that is usually
gathered trough a vast collection of physical sensors. This urge for data is the motivation for the first
model that is proposed on this work. This model consists on a virtual social sensor that extracts data from
online social networks, to produce knowledge and wisdom to smart environments, and identifies person-
ality characteristics to predict behaviour and prepare appropriate interactions when facing different types
of events. Online social networks are also platforms that allow users to construct their identities via
self-representation, which includes their interests. The second model proposal of this work is a multidi-
mensional interests network that intends to aid organisations and smart environments with insights about
an individual (or a group of individuals), measure the impact of online content, interests, and understand

patterns of usage.

Keywords: Online Social Networks, Smart Environments, Behaviour, Personality Identification, Virtual

Social Sensor, Multidimensional Interests Network
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Resumo

O crescimento e o aumento de popularidade da Internet, originou o aparecimento de servigos, tais como
as redes sociais, que se tornaram rapidamente populares devido a sua capacidade de criacdo de um perfil
virtual que pode, ou ndo, conter semelhangas com a vida real do detentor desse perfil. Esta criagao, e con-
stante constru¢cdo de uma identidade virtual, estd diretamente associada com caracteristicas psicoldgicas
designadas por “need to belong” e “need for self presentation”.

Esta forte presenga de utilizadores e consequente utilizagdo destes servigos, resulta numa presenga con-
stante de dados pessoais que, para além de caracteristicas demogréficas, contém informacao relativa aos
interesses e as preferéncias dos seus utilizadores, bem como caracteristicas que permitem a identificacdo
de tragos de personalidade. A personalidade, tal como outras caracteristicas pessoais, € um identificador
unico de cada um de nés e estd diretamente relacionada com os diferentes comportamentos que expres-
samos em determinados contextos. O estudo da personalidade estd relacionado com a 4rea da psicologia
e, normalmente, a sua identificacdo é realizada através do preenchimento de questiondrios que podem ser
morosos ou tediosos. Alguns estudos nesta drea conseguiram identificar a presenca de tragos de personal-
idade em texto escrito, formal ou informal, que elimina a necessidade do preenchimento de questionarios

para a obtencao de uma referéncia da personalidade de um individuo.

As mudangas do mercado em volta dos interesses dos consumidores, levou a uma mudanga estraté-
gica por parte das organizagdes que, acompanhando a tendéncia dos seus clientes, decidiram adotar
as plataformas sociais virtuais como plataformas para divulgacdo de contetido, e de aproximacao aos
seus clientes. Esta adogdo representa também uma enorme quantidade de dados que estd imediatamente
disponivel para a organizagdo, ao contrario do que antes era realidade. Esta stibita quantidade de dados,
e diferentes niveis de complexidade associada aos mesmos, resulta numa incapacidade das organizagdes
de obtencdo de informagdo ou conhecimento a partir dos mesmos. Apesar de poderem conseguir obter
alguma informagao, existe ainda um nivel mais vasto de informagao e conhecimento que esta embebido

no conteddo e nas interacdes que sao realizadas.

Este vasto volume de dados cada vez mais presente nos dias de hoje, originou também o crescimento
de dreas que beneficiam deste grande volume de dados. O aumento do volume de estudo em ambientes
inteligentes tem sido mais incidente nos ultimos anos como resultado natural do aumento do volume de
dados, e da capacidade de recolha dos mesmos. Tal como outras dreas, os ambientes inteligentes também
beneficiam da obtencdo de informacio e conhecimento sobre as caracteristicas pessoais € 0s interesses
dos seus habitantes, de forma a poder adaptar o ambiente de acordo com as necessidades e preferéncias
dos mesmos. A presenca, nas plataformas sociais presentes na Internet, de dados que podem identificar
caracteristicas pessoais e preferéncias, tornam estas plataformas uma fonte de dados promissora para o

melhoramento e o aumento das capacidades presentes num ambiente inteligente.
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Como resultado desta necessidade de obter informagdo pessoal e um nivel de conhecimento maior
acerca de um conjunto de individuos especifico, esta dissertacdo propde dois modelos: um sensor virtual

baseado nas plataformas sociais, e uma rede multidimensional de interesses.

O primeiro modelo é focado no conteiddo e nas interagcdes efetuadas nas plataformas sociais online,
para identificar caracteristicas associadas aos tracos de personalidade dos utilizadores, processar e com-
preender o conteido presente na forma de texto escrito, extrair e detetar emocao e sentimento presente
nesse conteido, bem como uma constante monitorizacdo, detecdo e identificacdo de interacdes. Este
modelo apoia-se nos estudos focados na extracdo de tracos de personalidade através de texto escrito, para
adotar as plataformas sociais online como uma fonte de dados para a obtencdo de informacao pessoal
e caracteristicas associadas a personalidade, que, influenciam também o comportamento que é demon-
strado. Esta solucdo procura fornecer um nivel detalhado de informacio pessoal para as organizacdes
e permitir a identificacdo dos interesses dos seus clientes, obtenc¢do da opinido deles em relagdo a um
topico ou a um produto, identificacdo de caracteristicas demograficas, identificagdo de potenciais cli-
entes, ou até mesmo a medi¢do do impacto dos seus conteddos ou das estratégias de marketing. De uma
forma semelhante, este modelo fornece aos ambientes inteligentes novos dados que contém informacao
relativa as preferéncias e interesses dos seus habitantes. Este sensor, que apesar de ser virtual, cumpre
todos os requisitos necessarios na defini¢do de um sensor no contexto de um ambiente inteligente, e é
uma forma ndo obstrutiva de recolha de informacdo sem a necessidade de pedir diretamente (dado que

os utilizadores disponibilizam esses dados de forma voluntdria).

O segundo modelo presente neste trabalho € inspirado no estudo das redes complexas e na representagao
de cenarios do extraidos do mundo real. O estudo das redes complexas tem sido utilizado nos contex-
tos sociais, tecnolégicos, industriais, ou biolégicos para representar intera¢des entre pessoas, redes de
transporte presentes numa cidade, rede de servicos que fazem parte de uma habitacdo, ou até mesmo
representar estruturas moleculares. Face a necessidade de identificar os interesses de individuos, este
modelo apresenta uma abordagem multidimensional que, ao contrario dos cendrios atuais em relagao aos
interesses individuais, classifica os interesses em diferentes niveis e com diferentes valores de impacto.
Esta representagdo multidimensional aproxima-se dos cendrios do mundo real, em que os interesses
possuem diferentes tipos de intensidade ou importancia, para fornecer as organiza¢des ou aos ambi-
entes inteligentes, uma nova perspetiva e abordagem relativamente aos interesses dos seus clientes/h-
abitantes. A multidimensionalidade associada a este modelo, bem como a representacdo em camadas,
resulta numa possibilidade de comparacao de diferentes interesses entre varios individuos, respondendo
assim de forma direta a necessidade dos ambientes inteligentes em considerar os interesses de varios in-
dividuos que estejam presentes no mesmo ambiente, em funcdo de considerarem apenas as necessidades

e interesses de um unico individuo.
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Chapter 1

Introduction

In the evolutionary step, humans clearly distinguish themselves from other mammals with characteristics
such as opposable thumbs, or a logical mind and thoughts that have developed trough the ages. Those
clear distinctions are also present when we discuss the differences among humans. From characteristics
that includes fingerprints, molecular composition, or even personality, humans possess unique individual
aspects, and there is a constant work regarding the classification and identification of those unique char-
acteristics. Among all other characteristics that distinguish humans, personality is an uniquely identifier
that also impacts and moderates human behaviour.

Personality is directly correlated with the psychology study domain, and its classification is usually
achieved by filling out questionnaires, however, some studies found a correlation between written text
and personality traits which opens the possibilities and the applicability opportunities for the inclusion
of personality in other domains, avoiding the necessity of filling a questionnaire (which can be a tedious

procedure).

In a world marked by revolutions and eras, it is possible to affirm that we live in the information era,
where the amount of data that is produced today is far superior when compared to the past. This large
increase of data available today allowed some areas to boost their applicability and their potential, or sup-
port the study and the emergence of new areas. Some areas date the 60’s, like the artificial intelligence,
but only now their potential is becoming more clear due to the presence, and the constant generation,
of a large amount of data that supports and allows the application of solutions that were not possible
before. Ambient Intelligence and Smart Environments are impulsed by ubiquitous computing and take
advantage of the ease of collecting data from numerous devices in order to produce tasks such as optim-
isation of energy consumption, recognition of human activity and preferences, aid the elderly or persons
with health problems, or increase the lifestyle of blind people (as examples). This can be extended to
numerous scenarios that are not restricted by the boundaries of a house (or smart house), and it can be

applied in a "micro" scale or in a large scale like the concepts of smart cities.

With the emergence and the constant requirement for more adaptable and customised solutions, became
the necessity of gathering even more data and, more specifically, more personal data that can provide
insights about preferences or even patterns of behaviour. The growing of popularity and usage of the
Internet, and its platforms, is responsible for the generation of enormous amounts of data day after day.
One of the reasons behind this large amount of data generation is related to the popularity of a specific
segment of Internet platforms, the online social networks (and other type of social platforms). With the

most popular online social networks surpassing a milliard (one thousand million) of active users, they



have a strong impact on the daily life of people that adopt these platforms as a way to construct a virtual
identity and present themselves to the world. This usage is also characterised by the presence of personal
data, in different degrees of accuracy, that is expressed deliberately or encoded on the content of the

interactions that online users perform.

This virtual profiles that are constructed and updated daily from a large amount of people in the world,
often represents a virtual mirror to their characteristics in the real world (even if the virtual profile is
only a characterisation of the image they would like to pass to others). With this high presence on
the daily lives of their customers, even organisations have adopted online social networks as a channel
of communication, marketing platform, or even a generalised web image (that replaces the traditional

organisational website).

The change in the market around the interests and needs of the consumers, also lead organisations to
adopt new methods that allows them to obtain more insights about their consumers and even correctly
identify their preferences or needs. The adoption of online social platforms provided organisations with a
large amount of data related to their customers, but most organisations are not generating the information
and knowledge they need to truly fulfil the needs and interests of their customers. In the previous context
of smart environments, there is also a constant need for the environment knowing and adapting around

the interests and needs of its inhabitants.

This work, titled "Individuals Recognition and Simulation Based on Multiple Data Sources", is focused
on four fields of study (personality characteristics and influence on behaviour; the growth of the internet
and the motivations related to the usage of its platforms; ambient intelligence and smart environments;
and the study on complex network either by a monodimensional or multidimensional perspective) and
proposes two model definitions: a virtual online social network based sensor; and a multidimensional

interests network.

The first proposed model present in this work, intends to fulfil the same characteristics and requirements
that define a sensor in a smart environment, but is not a physical device and is only focused on data
present online, more specifically on online social platforms. Based on the results obtained by other
works on personality classification by linguistic aspects present on written text, and the presence of large
amounts of data on these online platforms resulted in a logical association between the two subjects.
This model intends to fulfil the organisational requirements, and the personal requirements associated
with smart environments, by profiling users based on their virtual identities, process natural language
that is associated with the written content present on those online platforms, detect emotion and senti-
ment expressed by written content, and monitor and analyse network interactions which contain interests

indicators.

The multidimensional interests network model is based on the study of complex networks and the rep-
resentation of real world scenarios. From the representation of real world social networks (that are the
basis behind the online social networks), to informational networks, power grid networks, transportation
routes, or even biological characteristics, almost every type of real world scenario can be represented by
a network. This model is part of the network interactions module that is present on the virtual social
sensor model, but can be applied on an independent form. The intention of this model is to follow the
tendencies of the representation of real world scenarios into complex networks, by representing interests

on a multidimensional perspective. These interests can be gathered from the online interactions produced
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by an individual and can contain degrees of impact and be adjusted and constructed to fulfil the needs of

a particular context (either by an organisational or personal perspective).

1.1 Structure

After the introduction present on this chapter, this dissertation is structured as follows. Chapter two is fo-
cused on the study on human personality, from the definition, to the direct influence on behaviour, as well
as the explanation of a personality classifier known as the Big Five classifier. Chapter three introduces
the definition of Ambient Intelligence and Smart Environments, and the characteristics required in order
to have a truly Smart Environment; the chapter ends with a detailed overview focused on the sensors that
are present on a Smart Environment. Chapter four includes an overview on the growth of the Internet and
its platforms; this chapter makes allusion to the reasons that drive people to use online social platforms
and the motivations associated to that behaviour. Chapter five contains a review on the study of complex
networks, more specifically, the monodimensional and multidimensional aspects of complex networks
and some variations like the multilayer network perspective proposed by other authors. Chapter six is
dedicated to the definition of the models that are proposed on this dissertation; is divided into two main
parts being the first one dedicated to the definition of the virtual social sensor (and its modules), and
the second part being dedicated to the definition of the multidimensional model. Chapter seven contains
some theoretical scenarios of application of the models proposed by this work either by a organisational
or a personal perspective. This dissertation ends, in chapter eight, with a synthesis overview on the pro-
posed work, with the enumerations of future work, and the scientific contributions that resulted from the

creation process of this dissertation.



Chapter 2

Human Cognition

This chapter aims to provide an overall vision around the topic of personality and its correlation to human
behaviour. In a first instance, this chapter contains the various definitions of personality trough the times
which reveals the controversy around this subject, as well as an overall description of personality that
is largely accepted trough the psychology community. The five major theories of personality are also
described on this chapter in a lecture overview, and there is a more detailed overview on the Big Five
Traits personality model, that is one of the models used to classify personality traits of an individual. This
chapter ends with a correlation between personality traits and human behaviour, as well as an literature

overview of using written language to extract those traits.

2.1 Personality

Since the remote times of ancient Greece, and the time of Aristotle, that is acknowledged the existence
of various personality types and their connection and relation with different patters of human behaviour,
and today the definition of personality is still ambiguous. (Poria et al. 2013)

How it is possible to know if a person is dominant or submissive, if approves or disapproves some
topic, if likes or dislikes something? These traits or characteristics are not possible to observe physically
since they are not part of a person physical characteristics, neither we have direct access to the person’s
thoughts and feelings. Personality traits and attitudes are latent, hypothetical characteristics that can
only be inferred from external observable clues (behaviour, verbal or non verbal communication, and
context where the behaviour occurs) (Ajzen 2005). The ability to predict personality has implications in
many areas, and existing research has shown connections between personality traits and success in both

professional and personal relationships (Jennifer Golbeck et al. 2011)).

2.1.1 What Is Personality?

The chronological overview of personality definition, present on the work of Udo-Imeh et al. (2015),
explains the controversy around this subject trough the years. From being "something which is difficult
to explain in one sentence. It is very vast and dynamic...", to being considered by other authors as a
"collection of individual characteristics that make a person unique, and which control an individuals

responses and relationship with the external environment”, or even "a person’s consistent responses to



recurring situations", it is clear that most of those definitions have some incidence and keywords in

common.

Despite not having an official definition, most psychologists consider personality as "a dynamic organ-
isation, inside the person, of psychophysical systems that create the characteristics patterns of behaviour,
thoughts and feelings of an individual" (Sulaiman, Rambli and Halim 2011)). Personality is considered a
key component to identify a profile, and an uniquely identifier for each one of us which affects a lot of
aspects of human behaviour, mental processes, and affective reactions (Markovikj et al. 2013). Personal-
ity is an important factor in social interactions, some people are more talkative while others can be more

shy, the same way that some can be more calm while others can be more insecure (Ghavami et al. 2015).

In essence, personal tendencies are shaped further through social interactions where individuals in a
social network act similarly, sometimes referred to as normative (or normal) behaviour. The way we
talk, act, and write is different from person to person. A simple posture can express some insights
about someone, and even when the content of a message is the same, individuals express themselves
verbally with their own distinctive styles (Pennebaker and King|1999). However behaviour is not simply
a function of personality traits, but personality is an important trait that moderates people’s behaviour
and interactions with others.

2.1.2 Theories On Personality

The major theories on personality can be grouped into five major theories (Udo-Imeh et al.[20135):

e Pshychodynamic Theory: This theory is founded on the idea that human personality is developed
primarily as a result of the interaction and unconscious forces within the individual. The theory as-
sumes that human behaviour is unconsciously driven, that different parts of the unconscious mind
are in perpetual conflict, and that our behaviours can be traceable to our childhood experiences.
Pshychodynamic theory include the work of Sigmund Freud (psychoanalytic theory) and those of
his followers (known as Neo-Freudian Theories). The authors evidence the criticism around this
theory, that is focused on the fact that hypotheses generated are not scientifically testable, and the
theory is based on the development of personality only on the first five years of life (ignoring the

impact of later life experiences);

e Traits Theory: This theory suggests that personality is made up of a set of quantitative measurable
characteristics or units, known as traits. Traits are defined as a relative stable tendency to behave
in a particular way across a variety of situations and are described as a dimension which people
differ from one to another. Each personality consists on a unique combination of traits, and people
with a given combination of traits can be expected to behave consistently across situations over
time. In the same way, people with similar combination of personality traits can be expected to
act similarly in certain situations. The authors consider that this approach is only focused on the

description of traits and does not account its development;

e Behavioural Theory: This theory contends that personality is the outcome of the interaction between

individual factors and environmental influences. Unlike theories like the psychodynamic theory



and the traits theory, this theory prioritises the observable and measurable external events in func-
tion of the inner mental states. To the behaviourists, a person’s mind is in a blank state at birth,
and personality is then acquired trough conditions and shaped by the reinforcement in the form of
rewards and punishment. According to the authors, this approach is too deterministic and assumes

that humans do not have or do not exercise freewill;

e Humanistic Theory: This approach to personality states that humans are largely responsible for
their actions and have an innate need for personal development and fulfilment in life. It is focused
on the subjective and holistic view of human existence and pays particular attention the the issues
of creativity, freewill, as well as human potentials. The humanistic theory rejected the deterministic
perspectives of the pshycodynamic theory and the behavioural theory, and states that a person’s
behaviour and choices are determinate by himself and not by fate. The criticism from the authors
is related to the vaguely defined key concepts of this theory;

e Socio-congnitive Theory: This theory fuses the cognitive approach to personality with the social
learning perspective, due to this fact it is often referred as ’socio-cognitive theory’. The social part
of this theory is an extension and modification of the behavioural theory. The cognitive part is
focused on the differences in personality as well as the different ways that people process inform-

ation. The authors consider this theory as subjective and vague for scientific study;

The proposed solution that is present on this work is focused on the traits theory and on the quantitative
measurable characteristics that compose it, as well as existing works that are based and focused on those

same characteristics.

2.1.2.1 Big Five Factor Model

Despise the several well studied personality models that have been proposed through the years, the Big
Five Factor Model, introduced by Norman in 1963 (Ghavami et al. 2015) and matured by Goldberg
(Goldberg 2006), was established as the most popular one and is currently the most widespread and
generally accepted model of personality (Bachrach et al. 2012} Jennifer Golbeck et al. 2011; Markovikj
et al.|2013). Accordingly to the personality theories (Udo-Imeh et al.[2015) this model of personality is
based on the concepts of the Traits Theory.

A personality trait is defined as a characteristic of an individual that exerts pervasive influence on a board
range of trait-relevant responses, and the Big Five Model (or Five Factor Model) classifies and divides
personality according to five different traits (as the name suggests). This model is also often represented
under the acronyms OCEAN and CANOE (that are a result of the first letter of each trait).

The five dimensions can be described as the following:

e Openness to Experience: curious, intelligent, imaginative. People that have a high value on this
trait tend to be artistic and sophisticated in taste and appreciate diverse views, ideas, and experi-
ences. It can be described as being insightful vs unimaginative;

o Conscientiousness: responsible, organised, persevering. Conscientious individuals are extremely
reliable and tend to be high achievers, hard workers, and planners. Organised people have a high
value on this trait, while careless people have a low value;



e Extroversion: outgoing, assertive. Extroverts draw inspiration from social situations and are often
classified as being friendly and even energetic. High scorers are really sociable, while the ones
that possess a low value of extroversion trait are defined as being more shy or quiet;

e Agreeableness: cooperative, helpful, affection. People with a high agreeableness value are peace-
keepers, generally optimistic individuals, and trusting of others. They are friendly people and the

low value on this trait is described as uncooperative individuals;

e Neuroticism: anxious, insecure, sensitive. Neurotic people are moody, tense, and easily tipped
into experiencing negative emotions. People with a high value on this trait are very insecure, and

the others that do not possess such an high value are more calm.

The work of U. Gupta and N. Chatterjee (2013) demonstrates the importance of the Big Five traits in the
identification of human behaviour related traits trough psychological experiments such as deception, job

performance, among other aspects.

2.2 Behaviour

Profiling an individual’s personality can contribute to understand the potential needs in different contexts
(Ortigosa, Quiroga and Carro [2011)) and it is beneficial for many activities on a daily basis such as
customer support, recommendation of services and products, and job applications (Poria et al. [2013]).
Personality is defined as the coherent patterning of affect, behaviour, cognition and desire over time and

space, which are used to characterise unique individuals (Agarwal 2014)).

Does personality provide us with unique explanations for human behaviour? The answer is ’Yes’ (Hig-
gins [2000). The belief is that personality-based variations in behaviour are largely interpretable in terms
of the Big Five Factor traits (Paunonen [2003)). Psychologists in general believe that personality affects
various aspects of behaviour such as job performance, effectiveness, and dominance (Gupta and Chat-
terjee 2013). In fact, personality is an important trait that moderates people’s behaviour and interactions
with one another. For example, personality can be correlated with music taste, people with a high value
on the Extroversion trait tend to like popular music while people that have a high value on the Openness
to Experience trait tend to enjoy unpopular music. The Conscientiousness trait is a good predictor for
overall job performance, job effort, and responsible work behaviour (Paunonen 2003). Extroverts are
better at deception, Openness to Experience people tend to be more successful at work places, and an
agreeable person is good at deception but he will seldom try to lie (Gupta and Chatterjee 2013).

Personality also has a strong correlation with emotion, a helpful analogy to understand this relation is to
consider that personality is to emotion as climate is to weather. What we expect is personality, but what
we can can observe in a particular moment in a particular context is emotion (Revelle and Scherer2005).
A person’s behaviour is not simply a function of their personality traits, as an example, an aggressive
person will behave aggressively in certain situations. The situational cues lead to activation of personality
traits which then lead to a behavioural expression (Adali and J. Golbeck [2012).



2.2.1 Words As A Form Of Expression

Written language is one of the most primitive ways of communication, and similar to the way our actions
and behaviour are directly related to our personality traits, even if people try to pretend being someone
they are not, the influence of personality is so strong that they left some pieces of themselves on every
sentence (Pitcher 2014)).

The way individuals use words can reflect basic psychological processes, including clues to their thoughts,
feelings, perceptions, and personality (Argamon et al.[2005). Different populations tend to write about
different topics as well as to express themselves differently about the same topic. One simple communic-
ation task like e-mailing a friend about recent activities, is likely to be accomplished differently by two
people. Some differences depend on their recent experiences, age, geographic location, past experiences,
or on what they think interests the recipient, while others might depend on their character or personality
(Oberlander and Gill [2006).

Some works (Marceau/Peyrouse 2009; Oberlander and Gill [2006) have already focused on email com-
munications, by analysing the corpus of email messages in order to classify each user accordingly to
the Big Five Model. They expected a more frequent usage of positive emotional language and social
language, and more complex or extended expression from extrovert individuals (reflecting their tend-
ency to dominate interactions). In the other hand, they were also anticipating a higher frequency usage
of negative emotional language, self-oriented language, and more emphatic expressions, from neurotic
individuals. Other work (Ding et al.|[2015) also focused on email content, but the intention was to analyse

the phishing susceptibility of a user by analysing their personality traits.

The work of Pitcher and Rod (2014) concluded that when analysing a text, either quantitatively or qual-
itatively, a lot of valuable and useful data is thrown away by ignoring words and phrases that are used
figuratively, such as metaphors, exaggerations and pictorials. Some works approach this situation by
content-based and style-based features (Marceau/Peyrouse [2009) or by analysing function words that
may seem worthless but can actually tell a lot about someone (Pennebaker 2011)).

Some characteristics that are likely to affect personality profiling include (Chin and Wright 2014):
e Word length of entries;
e Number of entries/author;
e Author identification;
e Spelling and grammar errors;
e Topic bias;
e Time-period bias;
e Author self-selection bias;
e [egal access and privacy restrictions;

e Unusual syntax usage, and abbreviations.



What about detecting the author of an anonymous text? This is an interesting topic approached by the
work of S. Argamon et al. (2009) which show us that authorship profiling can help police identify
characteristics of the perpetrator of a crime when there are too few (or too many) specific suspects
to consider. In a similar way, large corporations may be interested in knowing what types of people
like or dislike their products, based on analysis of blogs and online product reviews. Many different
types of features have been considered as possible markers of textual style including lexical, syntactic,
and vocabulary complexity-based features, but two basic features can be used for authorship profiling:
content-based features and style-based features.

J. W. Pennebaker (2011) concluded that function words are important keys to someones psychological
state and reveal much more than content words do. Pennebaker analysed the poems written by people
who committed suicide versus poems by those who didn’t, expecting to find more dark and negative
content words in the suicides poetry. He didn’t find that, but what he did discover was significant differ-
ences in the frequency of function words like ’I’, and study after study he kept finding the same thing.
When analysing military transcripts, he could tell people’s relative ranks based on their speech patterns
and it was the pronouns, articles, conjunctions, and other function words that made that possible. This
is explained by the fact that in English vocabulary there are about 500 function words, and about 150
are really common. Content words (nouns, verbs, adjectives, and most adverbs) convey the guts of com-
munication and they’re how we express ideas, and help shape and shortcut language. Accordingly to
the author, when the usage of function words is analysed it is possible to get a sense of peoples emo-
tional state, personality, demographic aspects, and social class. Some demographic characteristics like
age or gender can also be seen in the usage of function words. It is believed that men use the pronoun
"I’ more frequently due being narcissists and self-congratulatory, however, across studies and cultures,
Pennebaker work found that women use pronouns such as 'I’, ’me’, and mine’ more often. Men use
more articles ("a’, ’an’, and ’the’) which means that men talk about objects and things. Women use more
third-person pronouns (he’, ’she’, and ’they’) because women talk more about people and relationships,

and they’re better at managing them.

Another work (Marceau/Peyrouse [2009)) indicate that neurotics tend to refer to themselves, use pronouns
for subjects rather than as objects, use reflexive pronouns, and consider explicitly who benefits from some
action. Non-neurotics, on the other hand, tend to be less concrete and to use less precise specification
of objects or events (determiners and adjectives such as ’a’ or ’little’) and show more concern with how
things are or should be done (via prepositions such as *by’ or *with’).

2.3 Conclusion

In this chapter it was possible to understand the ambiguity around the definition of personality. Personal-
ity takes a huge role in humans and it is a decisive factor that differentiates each one of us in such a way
that our actions and patterns of behaviour are strongly connected to our personality traits, it is so strong
that our own personality may take influence when answering the question *what is personality?’.

It is possible to conclude that each one of the different theories on personality has their unique char-
acteristics, since each focus on different visions. As a result, there is a well accepted and generally

widespread model of personality classification that is based on the traits theory, the Big Five Factor



Model. This model of personality classifies each individual accordingly to five different traits of person-
ality (which can have higher or lower values in each trait). The personality results from the combination

of the values of each one of those traits.

The way we use our words can reflect basic psychological processes, including clues to our thoughts,
feelings, perception, and personality. From demographic information, to overall interests and actions, it
is possible to understand these characteristics by clues present on written text, either by content or style
based features. This type of information, and the ability to profile the personality of an individual can
be useful for security, criminal investigations, market research, target marketing, help the prevention of
phishing attacks or even help creating adaptable user interfaces. It is important however to refer that this
process is influenced by context, and differences in length and number of entries, syntax, abbreviations,

spelling and grammar errors, and topics can take a huge influence.
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Chapter 3

Ambient Intelligence

This chapter contains the vision for the interaction with environments instead of interacting with com-
puters, known as Ambient Intelligence (Aml). This concept appeared at the end of the 20th century and
intended to cause remarkable changes in the way people live. The initial part of this chapter contains a
brief explanation of this concept, evidencing its origin, adaptation trough the times, and vision for the
current times. The concept of ubiquitous computing, ubiquitous communication, and intelligent user
friendly interfaces are also referenced on this chapter since they are considered three key technologies
for Aml. The chapter proceeds by approaching the concept of Smart Environment (SmE), that is mutual
to the concept of Aml, and contains a small overview for sensors, since they are a vital component and
will be brought up in future chapters. Finally this chapter ends with an overview for daily applications

of this concepts and technologies.

3.1 The Concept Of Ambient Intelligence

The immerse world of data that we live on today is full of possibilities and realisations of scenarios that
were only possible on sci-fi movies or dreams. Aml and SmE are impulsed by ubiquitous computing and

take advantage of the ease of collecting data from numerous devices present on our daily life.

At the end of the 20th century, M. Wiser et al. work (1999) described the existence of a new field of
computer science created by ubiquitous computing, a field with a vision of a physical world filled with
sensors, actuators, displays, and other computational elements, embedded on the objects of the daily life
and connected through a continuous network. Ubiquitous computing is mainly driven by communication
and following its definition (present, appearing, or found everywhere (Stevenson 2010)), means that we
have access to computing devices anywhere in an integrated and coherent way (Ramos, Augusto and
Shapiro [2008)).

The concept of Aml was introduced by the European Commission’s Information Society Technologies
Advisory Group (ISTAG) (Ducatel et al. [2001) and this vision was based on the fact that at some point
in time, humans will be surrounded by intelligent interfaces supported by computing and networking
technology. This network of technology will be present on every aspect of our life, embedded in everyday
objects, from furniture and clothes, to vehicles, roads, and materials. The focus of Aml concept have
been adjusted in order to fit the chronological needs, as a matter of fact, in the 40’s and 50’s the attention

was centred on the hardware, in the 60’s that attention shifted to computers, 70’s and 80’s were focused
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on networks, and from the 90’s till the present day the attention is centred on the web (Ramos, Augusto
and Shapiro 2008)).

The report made by ISTAG (Ducatel et al. 2001) contained four scenarios with a vision of how Aml
might be experienced in daily life and work around the year of 2010. The truth is that we have already
passed that milestone, but these scenarios might sound familiar. These four scenarios emphasis the
need for greater user-friendliness, more efficient services support, user-empowerment, and support for
human interactions. Some key factors have resulted from these scenarios: social-political, business and

industrial models, and technology.

We are involved with constant social and political decisions, and despise the fact that not everyone is
willing to accept Aml on their lives, a series of necessary characteristics is needed in order to permit the
eventual social acceptance. As result, an Aml should:

e Facilitate human contact;
e Be oriented towards community and cultural enhancement;

e Help to build knowledge and skills for work, better quality of work, citizenship and consumer

choice;
e Inspire trust and confidence;
e Be consistent with long term sustainability and with lifelong learning;
e Be made easy to live with and controllable by ordinary people;

The potential business opportunities for Aml were identified as a job for the future generations of indus-
trialists and entrepreneurs, and following that chronological line, that task is reserved for the industrialists

and entrepreneurs of today. Some aspects were however referenced:

e Initial premium value niche markets in industrial, commercial or public applications where en-

hanced interfaces are needed to support human performance in fast moving or delicate situations;

e Start-up and spin-off opportunities from identifying potential service requirements and putting the

services together that meet these new needs;
e High access-low entry cost based on a loss leadership model in order to create economies of scale;

e Audience or customer’s attention economy as a basis for ’free’ end-user services paid for by ad-

vertising or complementary services or goods;

e Self-provision (based upon the network economies of very large user communities providing in-

formation as a gift or at near zero cost).
In terms of technology needs to make Aml a global reality, the report identified five requirements:
1. Very unobtrusive hardware;
2. A seamless mobile/fixed communications infrastructure;
3. Dynamic and massively distributed device networks;

4. Natural feeling human interfaces;
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5. Dependability and security.

Context awareness is one of the most desired concepts to include in Aml, the identification of the context
is important for deciding to act in an intelligent way (Ramos, Augusto and Shapiro 2008). We face the
need to successfully identify human needs, personality and behaviour in order to prepare appropriate
interactions when facing different types of events, and this new paradigm aims to discover information
about the environment state in order to fulfil those necessities (Cottone, Re et al.|[2013)). AmlI is aware of
the specific characteristics of human presence and is able to take care of needs, responding intelligently
to spoken or gestured indications, and can even engage in intelligent dialogue. This process should
also be unobtrusive (often invisible) and the interaction should be relaxing and enjoyable for the human,
with the most natural feeling possible, and not involve a steep learning curve (Ducatel et al. [2001).
In order to achieve this vision intelligence must be provided to our environment (either in the context
of intelligent homes, intelligent vehicles, or even intelligent cities), and for this reason this concept is
not possible without Artificial Intelligence (Al). As a result, Al researchers must be aware of the need
to integrate their techniques with other scientific communities techniques (automation, communication,
machine learning, computational intelligence, natural language, knowledge representation, computer

vision, intelligent robotics) (Ramos, Augusto and Shapiro [2008).

In essence, Aml results from the convergence of three key technologies: ubiquitous computing, ubiquit-

ous communication, and intelligent user friendly interfaces.

3.1.1 Ubiquitous Computing

The general definition of ubiquitous computing technology is the continuous and discrete presence of
computational systems that liberate people from a large extent of tedious routine tasks. All models for
ubiquitous computing share a vision of small, inexpensive, and robust networked processing devices,
that are distributed on everyday aspect of our daily life. This means that any computing device can
build incrementally dynamic models of various environments, with the capability for recognise past
environments they have operated in, or proactively build up new services and environments (Raisinghani
et al. [2000).

3.1.2 Ubiquitous Communication

Ubiquitous computing is not a strange term for all of us, in the current time, numerous objects are
equipped with computers. From the smartphone we carry on our pocket, to the car we drive, or to
our household appliances, all of those scenarios are equipped with computers but, in most cases, the

computers do not operate at their full potential since they are unable to communicate with each other.

Ubiquitous communication refers to the capability of accessing networks and services from anywhere,
and the introduction and expansion of wireless network technology enables flexible communication
between interlinked devices. However, the mere existence of wireless technologies does not suffice
to promote ubiquitous communication and computing. It is vital to assure network integration, commu-

nication, and security, and in order to combine computers and networks efficiently and effectively it is
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crucial to have a communication without the necessity for data conversion or translation. The combina-
tion of the above characteristics is referred as network interoperability and it is a imperative resource for
the success of Aml (Raisinghani et al. [2006)).

3.1.3 Intelligent User Friendly Interfaces

Intelligent user friendly interfaces, or user adaptive interfaces, goes beyond the interactions by the tradi-
tional keyboard and mouse, to improve human interaction with technology by making it more intuitive,
efficient, secure, and shifting around their users preferences. This interfaces allow the computer to know
more about an individual, about the context, the environment, and related objects that can be interacted
with (Raisinghani et al. [2006).

This intelligent social user interfaces can be grouped into five categories:
1. Visual recognition (face, 3D gesture, and location) and output;
2. Sound recognition (speech, melody) and output;
3. Scent recognition and output;
4. Tactile recognition and output;
5. Other sensor technologies.

Some of these categories may sound familiar since they are already present on our smartphones that we
carry everyday, the virtual assistants that help us with some tasks (such as smartphone assistants or smart

speakers), and other numerous devices that, for example, make use of visual and sound recognition.

3.2 Smart Environments

Aml enhances the global behaviour of a system by providing high level functionality, which provides
an added value to the typical services expected in a specific environment, and SmE are linked to this
same concept and vision. These two mutually complementary areas are growing together and have the
same vision to benefit society. A SmE is an ecosystem of interacting objects that has been enriched
with technology (sensors, processors, actuators, information terminals, and other devices interconnected
through a network) that have the capability to self-organise, provide services and manipulate complex
data. This physical space is smart in nature, and that smartness results from a interaction of different

devices and computing systems, and aims to enhance the services that can provide to humans.

Similarly to Aml, there were identified three computational areas that must converge in order to develop
a truly SmE: ubiquitous computing, intelligent systems, context awareness. Ubiquitous computing is
responsible for providing a seamless interface between the environment and its users, and the integration
of the system into the everyday objects must be simple, natural, and a non intrusive experience for the
users. Intelligent systems are responsible for inferring the context of the environment and understand
patterns based on the users behaviour (techniques such as data mining, statistical analysis, machine

learning, or optimisation methods, take a huge role on this scenario). Context awareness is the adaptation
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of the environment to their users habits. This requirement is vital in order to have a system that shifts
around their user needs by perceiving the context (using sensors) and capable to change around it (using
actuators) (Antunes, Gomes and Aguiar 2013)).

There is a wide range of assistance that an SmE system can aim to provide, and despise the common
association with "Smart Homes", SmE are equally applicable to hospitals, cars, offices, streets, and
a higher range of environments. In the context of smart homes, typical examples are actions aimed
at preserving or increasing safety, encourage better life styles by comparing trends on the activities
developed over a long period, or even facilitate and aid some tasks. By focusing on the rational use of
energy in order to save money and be environmental friendly, to providing personalised television or
music services with the scope of entertainment in mind the concept of smart homes is appealing and it is
no surprise that this is the scenario most associated with SmE. Equally, cars can be transformed into SmE
to assist drivers in difficult conditions (or even engaging auto-pilot mode), and other social scenarios like
classrooms can benefit from SmE by being equipped to enhance the teaching-learning experience, as

well as offices can be supplemented with technology to support effective work-group collaboration.

Independent of the context, usually it is performed an analysis in real-time over the events that are
recorded within the SmE which allows a timely interaction with the inhabitants of the environment to

provide a service.

3.2.1 Sensors

In order to fulfil the necessities for context awareness for perceiving the environment, sensors are a

principle fundamental for SmE.

The concept of AmI or SmE is often associated with intelligent sensors that are embedded in our environ-
ment. This physical devices are usually conceived for detecting or measuring motion, light, temperature,
humidity, and other conditions that are descriptive of the environment (Cook and Song 2009).

The role of sensor networks in an Aml environment is to furnish the higher levels of the system with

answers to the following questions (Pauwels, Salah and Tavenard [2007):
e Who? by tracking and identifying persons and/or pets;

e Where and When? by providing a time frame for location and object associations in order to

determine context:

e What? by recognising activities, interactions, relations, as well as linguistic and non-linguistic

messages, signals, and signs;

e Why? by associating actions with semantics, plans, task identification, and recognising behavi-
oural patterns;

e How? by tracing the information flow trough multiple modalities, recognising expressions, move-

ments, and gestures.

The problem of activity recognition has been addressed by the usage of intrusive sensors (like wearable

sensors) positioned directly or indirectly on the body, embedded into clothes, eyeglasses, belts, shoes,
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wristwatches, and others (Cook and Song[2009). But the release of technologies such as the Microsoft’s
Kinect sensor, allowed researchers to perform activity recognition on an unobtrusive perspective (Cot-
tone, Re et al.|2013)).

3.3 Daily Applications

Major opportunities to create an integrated Aml landscape can be built upon European technological
strengths in areas such as mobile communications, portable devices, systems integration, embedded
computing and intelligent systems design (Ducatel et al. 2001). The implications for issues such as
energy, environment, social sustainability, privacy, social robustness and fault tolerance may in the longer
run determine the success or failure of Aml. Despise the common association with smart homes, Aml
and SmE have been used to produce tasks such as optimisation of energy consumption (Cristani, Karafili
and Tomazzoli 2015} Stavropoulos et al. 20135)), recognition of human activity and preferences (Cottone,
Maida and Morana [2014}; Cottone, Re et al. 2013), aid the elderly or persons with health problems
(Ramos, Augusto and Shapiro 2008)), or even increase the lifestyle of blind people (Mekhalfi et al.[2016).

A recent application that aims to facilitate human interaction with the environment, is the case of the
Amazon’s Echo. It can do a lot more than answer a question, including keep track of a shopping list
and place orders, book an Uber ride, control a thermostat and other household appliances, tell you transit
schedules, start a seven-minute workout routine, read recipes and do math. Among this features, it can

even call a plumber and share medical advice (Grossman 2016).

3.4 Conclusion

This chapter introduced the concept of Aml, the correlation with SmE, their key components, and daily
applications that are already implemented. This concept is establishing as an area that aims to help
society trough technology. From the general idealisation of smart homes, to applications in health care
and recognition of human behaviour, it is possible to verify the presence of this concept in our daily lives.
Despise the many challenges and improvements needed, namely in the ubiquitous communication and

intelligent user friendly interfaces, this concept is growing and evolving at a fast pace.

There is the need for context awareness, since SmE aims to successfully identify human needs and
preferences, and needs to shift around them. In order to achieve the desired result, SmE make use
of physical sensors that need to answer the questions "Who?’, *Where and When?’, *What?’, *"Why?’,
"How?’.

Technology should enhance the quality in life and facilitate daily activities, and it is already possible to
experience the implementation of AmI and SmE on the daily bases. From the car that learns your driving
patterns in order to save fuel and increase efficiency, to the virtual personal assistants that aid us with our
tasks and we can communicate with, this concept is already imposing their position in modern society,

becoming less and less intrusive, and starting to become a normative aspect in our life.
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Chapter 4

Online Social Networks

The present chapter is focused on the Internet and its relation with the tasks present on our daily lives
as well as a social aspect that is embedded into the reasons that lead people to use different services and
platforms. This chapter contains an overall vision about the growth of Internet and the consequences
of it. Online platforms like Online Social Networks (OSNs) have increased in a fast rhythm, and this
growth is motivated by the offers and opportunities associated with each different OSN. The motivations
directly related related to the growing numbers of OSN usage and content, as well as the motivations that
driven people to use those platforms, are divided into two main categories (the need to belong and the

need for self presentation), that are also described in this chapter.

4.1 Internet Trough Numbers

Since last decades that the growing of the Internet, and its usage, reached an impressive rate. Is estimated
that at the year of 1995 the percentage of people in the world with Internet connection was less than 1%.
This value is way different when talking about our current year (2017), were is estimated that the percent-

age of people with Internet connection is around 46%, and is increasing day after day (InternetLiveStats

2017).
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FIGURE 4.1: The number of global Internet users per year since 2000
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By looking at the data present on figure [.1]it is possible to understand the increase of the Internet usage
across the years. The milestone of 1000 million users was reached in 2005 and five years later was
reached the milestone of 2000 million users. The current milestone of 3000 million users was reached at
the end of the year 2014, and only after past a few years, we are already at half way to the 4000 million
users mark (estimated value for 1st July 2016). The decrease on the interval value between milestones
may be an indicator that we are going to achieve the next milestone in less time that we needed for

previous milestones.

The growth of Internet users across the globe also increased the growth of numerous platforms and
services such as online social networks (OSNs). An OSN can be defined as a network of social inter-
actions and personal relationships, and a platform which enables users to communicate with each other

by posting information, comments, messages, images, among other communication channels (Stevenson

2010).

4.1.1 The Growth Of Online Social Networks

A large number of people shifted themselves into the virtual world making their online virtual profile a
mirror of their true identity. It is unrealistic to say that this is a transient trend when the numbers speak
for themselves, as observable in figure .2] The numbers of January 2017 gave the market lead to the
popular OSN Facebook with an astounding number of 1871 million active users, being the first social
network to surpass the mark of 1000 million registered accounts. This number is followed by the OSNs
Facebook Messenger and WhatsApp with 1000 million active users each, QQ (Chinese social media
network) with 877 million, Instagram achieving the 600 million mark, and a little bellow is possible to
find OSNs like Tumblr and Twitter with 550 and 317 million active users respectively (Statista2017al).

Famous online social networks ranked by number of active users
(January 2017)
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FIGURE 4.2: Famous social network sites worldwide as of january 2017, ranked by num-
ber of active users (in millions)

The growth of Internet usage is also reflected in a growth on the amount of social media users. Figure[d.3|

contains a representation of social media growth from year 2010 until the current year (2017), as well as
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a projection for the following years. The data sugests that in 2020, the amount of social media users will
be close to the 3,000 million milestone (Statista2017b)).

Social Media Users From 2010 to 2020
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FIGURE 4.3: Growth of social media users worldwide from 2010 to 2020 (in millions)

OSNs have become so popular that it is estimated that about 68.3% of Internet users access a social
network regularly on a daily basis and have an average of five social media accounts (Smith 2016). Age
is strongly correlated with social media usage, young adults (ages 16-24) are the most likely to use social
media by a considerable margin, but the usage among older users (65 years old and beyond) have more
than tripled since the year 2010 (Shannon Greenwood and Duggan[2016). The OSNs popularity is spread
across different characteristics, as an example, OSN Pinterest has a particular appreciation among female
users, LinkedIn is especially popular for newcomers, and Tumblr or Instagram have particular interest

from young users (although this last two OSN have a substantial overlap between their users) (eMarketer
2016).

As seen in figure #.4] (Chaffey [2016), the OSN usage is similar across different age groups, only with
the exception of Tumblr or Instagram that are really popular among younger age groups. This similarity
shows that OSNs are now at a stage of maturity where they give opportunities to reach all age and gender
groups. When talking about messaging tools, it is possible to observe the same similarity across age
groups, with the exception of Snapchat, Kik, and Wechat, which are clearly more popular with younger

age groups.

Using for example the OSN Facebook (selected as an example due being, until today, the OSN with
higher values of preference among users), is estimated that at each 60 seconds new 510 comments are
made, 293,000 profile status are updated, and are uploaded 136,000 photographs (Zephoria [2016). On
average, the time spent per Facebook visit is 20 minutes, the ’Like’ and ’Share’ buttons are viewed
across 10 million websites daily, and a total of 300 million photographs are uploaded each day. All
of this growth also generated a growth in data that is created everyday. Looking exclusively at the
unstructured data present in each comment that is made, it is possible to say that at each hour we have
30,600 new sources of information in the format of natural language, 734,400 each day, which totals for
22 million each month and more than 2,500 million each year. This enormous amount of data can be

used to produce knowledge about an individual, and for that reason OSN are appealing to organisations.
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FIGURE 4.4: Active user age groups of the top social platforms and messaging tools
(Chaffey|2016)

In fact, due to the impact on the daily life of people, even companies and brands are using OSNs. It is
normal to see business cards, or even products, emphasis the organisation social media pages, sometimes
even in function of their own websites. Organisations have shifted some of their focus into OSNs as
a channel of communication, marketing, approximation to their customers, and identify and reach new
potential customers. OSNs have become a valuable asset for organisations since they are a great starting
point for any business, they can be used to share media content (photographs, videos, and others), share

important company updates, and require less maintenance compared to a company website.

4.2 Why Do People Use Online Social Networks?

Due to a constant presence in the lives of their users, OSNs have a decidedly strong social impact leading
to a blur between offline and virtual life as well as the concept of digital identity and the motivations for
their usage differ from person to person, while some focus on broadcasting information about themselves
others are more interested in passively consuming information produced by others (Wald, Khoshgoftaar
and Sumner [2012)).

OSNs not only permit users to socialise with others, but also offers the possibility to construct and
manage their identities (Lee, Ahn and Y. J. Kim 2014, by creating their visible profiles where is required,
at a minimum, a name, gender, and a date of birth. Among these required basic fields, users can add basic
facts about themselves such as home town, contact information, personal interests, job information, and

even a profile photograph.

As seen in figure [£.5] the most common reasons for using an OSN are all related. Those reasons are
related to what most OSNs offer to their users, a way to stay in touch with friends, to stay up-to-date with
news and current events, and even to fill up spare time. Among those reasons, there is also motivation
related to the expression of opinions, content consuming and sharing, or even share information about
daily life events (McGrath [2015)).
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Top 10 Social Networking Motivations
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FIGURE 4.5: Top 10 reasons to use social media by Internet users aged 16-64

Through the usage of ONSs individuals often express preferences for brands, products, services, persons,
or even political inclination, in a free unsolicited way (Dam and Velden 2015). OSNs connect people
who share interests and activities across geographic borders and have become a virtual mirror where

users reveal a lot about themselves both in the way they share information and how they share it.

OSNs request that users construct truthful representations of themselves with varying degrees of accur-
acy (Amichai-Hamburger and Vinitzky [2010). Even demographic aspects can influence the type and
frequency of usage, as an example, in their work K. Moore and J. C. McElroy (2012) found a signi-
ficant positive relationship between gender and a number of variables of interest where was possible to
find that women spend more time on the OSN Facebook, had a greater number of friends, posted more

photographs, and did more postings about themselves, when compared to men.

Facebook fans of product brands
(February 2017)
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Nutella

Adidas Original
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0 20 40 60 80 100

® Facebook fans (in millions)

FIGURE 4.6: Product brands with the most Facebook fans as of february 2017 (in mil-
lions)

Following the tendency of their customers, even organisations became more interested in OSNs. When
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users aged from 18 to 34 are most likely to follow a brand or business social page, and 71% of those users
have the intention to recommend those pages to others, the strategy of the organisations started to include
OSNs. If done correctly, the presence on social media can increase business reach, obtain more exposure
for a brand, increase the service and product exposure, and ultimately increase leads, customers, sales,
and revenue (Santoro [2016). In fact, the data of February 2017 represented in figure evidence the
incredible success that some organisations are having already on the popular social network Facebook,
with Coca-Cola surpassing the mark of 100 million fans. Interesting fact, even other OSNs (like the
case of Youtube) are using others social networks in their marketeer strategy. This is not a surprise,
since usually, an organisation has at least two different OSN profiles because they want to reach the most

people possible.

Accordingly to Nadakarni and Hofmann model (Nadkarni and Hofmann [2012) the motivation for the
usage of a OSN is primarily motivated by two basic social needs, the need to belong and the need for

self-presentation.

4.2.1 The Need To Belong

The need to belong is associated with the necessity for affiliation with others and the gain of social ac-
ceptance, since humans are highly dependent on the social support of others. Some type of obstruction
from the social group has a negative impact in humans on a variety of health-related variables, including,
self-esteem and sense of belonging, emotional well-being, sense of life meaning, purpose, self-efficacy,
and self-worth (Nadkarni and Hofmann [2012)). In fact, the need to belong is highly related to the follow-
ing characteristics (Selterman [2012):

e Creating social bonds: people quickly form relationships with others without being paid or forced
to do so, and this happens even under adverse circumstances. For example, infants and children
will form attachments to others even though they have little or no knowledge of their social world,
and are incapable of calculating benefits or costs to those relationships;

e Not breaking bonds: people are eager to have close relationships and are reluctant to break them
once formed, even when the relationship is marked by distress, conflict, or even abuse. People
often avoid permanent separation (breakups, divorce, death), even when the costs of staying in the
relationship are greater than leaving;

e Cognition: when feeling close to others, people thoughts change such that a cognitive "mer-
ging" effect occurs (people begin to include aspects of their relationship partner in their own self-
concept). The boundaries between individual partners break down, and people think of their own
fate as being crossed with the fate of others;

e Emotional highs and lows: relationships carry immense emotional weight, and people feel a great
deal of positive emotion (joy, bliss, love), especially during the early stages of relationships. People
also feel lots of negative emotions and distress (anxiety, anger, jealousy) when there is a problem
associated with the relationship;
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e Consequences of deprivation: close relationships boost people’s immune system. When people
lack meaningful close relationships with others, people often suffer. Specifically, married indi-
viduals are healthier, less stressed out, and are expected to live longer than single individuals;

e Partial deprivation: even within highly satisfying relationships, being separated from a loved one

(or having restricted interactions) produces distress and sadness;

e Satiation and substitution: people strongly prefer to have (and are only capable of having) a few
very close friendships and a larger number of casual friendships. In this case, quality is more
important than quantity. Relationships take time, effort, energy, and resources, so it makes sense
that any individual person would experience a "satiation point" after their needs are fulfilled. In

addition, when a bond is broken, people will readily pursue another in its place.

Seidman (2013) says that the need to belong is a fundamental drive to form and maintain relationships
and a major motivator factor for OSN use. OSNs like Facebook allows users to fulfil belonging needs
through communicating with and learning about others. Facebook can be an effective method for coping
with feelings of social disconnection, as it enables peer acceptance, relationship development, and can

even boost self-esteem.

4.2.2 The Need For Self-Presentation

The need for self-presentation is correlated with the continuous process of impression management.
OSNs opens the possibility for its users to display their idealised, rather than accurate, selves through
their profiles (Nadkarni and Hofmann 2012).

This need is also related to impression management, which means that people experience a process of
portraying themselves in a manner that creates the desire impression. In fact, individuals attempt to
control, or guide, others impressions by changing or fixing their appearance or manner. Every individual
is engaged in certain practises to avoid being embarrassed or embarrassing others. This impression
management is neither good nor bad, it is an integral part of our social interaction and everybody gets

involved in it everyday.

Activities that accomplish self-presentational goals include posting photographs, profile information, and
display relations. According to Seidman (2013) popularity seeking users tend to disclose information,
engage in strategic self-presentation, and enhance their profiles (that generally represent an accurate

self-presentation).

4.3 Conclusion

The growth of the Internet and its platforms, more in specific the OSNs, have attracted large amounts of
individuals. Either motivated by the need to belong (the association with others and the seek for social ac-
ceptance) or the need for self-presentation (the continuous process of impression management), different
types of OSN platforms attract different type of individuals, which can lead to a different demographic

presence across them.
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The possibility to stay in touch with friends, to stay up-to-date with news and current events, construct
a virtual identity, or simply fill up spare time, makes OSNs appealing for their users that have included
them into their routines on a daily basis. This heavily presence of users that spend a considerable amount
of time using OSNs on a daily basis results in a presence of personal information, in addiction to demo-
graphic characteristics, that is expressed by their preferences for brands, products, services, persons, or

even political inclination.

On other perspective, organisations have followed the tendencies of their customers and adopted OSNs
as a channel of communication, marketing platform, obtain insights about their current customers, or

even empower the discover of new customers or new market opportunities.
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Chapter 5

The Dimensions Of Complex Networks

The constant presence of different types of networks in the real world have motivated the study of their
representation, known as complex networks. From social interactions, to the different types of trans-
portation methods that compose a transportation network of a city, to the power line networks or even
all of the utility networks that are present on our homes, almost every single aspect of our world can be

represented by a network.

This chapter emphasis the study of complex networks and the motivations associated to it. It starts
by referencing the structure and the existence of complex networks, and then evidences the need for
multidimensional approaches that resemble the real world networks. The chapter ends with a reference
to a multilayer approach that has been proposed to obtain even more insights and perspectives when

representing real world scenarios into complex networks.

5.1 A World Of Networks

The dramatic increase of interest in network models has been determined by the wide applicability of
these models to several disciplines, including social network analysis, biology, physics and economics.
The interdisciplinary character of this problem has influenced recent developments in the field of com-
puter science, where simple graph models have been enriched with additional information to conform to

the representation needs required in other disciplines (Magnani, Monreale et al.[2013).

In fact, our actions and interactions present on a daily basis can be represented in a network. It is possible
to observe a large number of interactions and connections among information sources, events, people,
or items, that are known as complex networks. A complex network is represented by a graph with a
set of nodes connected by edges, that together form a network. In this representation, nodes represent
entities and the edges represent the relation between them (J. Kim and Wilhelm 2008). Multidisciplinary
and extensive research has been devoted to the extraction of non trivial knowledge from this networks.
Complex network analysis is associated with, for example, prediction of future relations among actors
of a network, detecting and studying the diffusion of information among them, or even mining user

behavioural patterns (Berlingerio et al.[2013).

Enumerating all the possible networks detectable within our world, or their properties, would be difficult
due to their number and heterogeneity, however, the work of Newman (2003) classifies this networks

into the following categories:
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e Social: networks related to the social aspect and the relations between individuals. This networks
are found in OSNs, as well in the definition of interactions among individuals in the physical

world;

o Informational: networks that describe the relationship between information such as citation net-

works, or online encyclopedias;

e Technological: examples of this type of networks are found in power grid networks, transportation
routes (such as airlines, trains, buses, and others), the Internet, or even some structural networks

like cities or the pipes present in a habitation;

e Biological: this networks are used in the representation of biological characteristics, like protein

interaction networks, or even the representation of the human brain.
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\ .
FAMILY  WORK
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() [

FIGURE 5.1: Example of a monodimensional complex network

As a visualisation of this concept, the figure[5.1] contains a representation of a complex network categor-
ised, accordingly to Newman (2003), as a social complex network. In this network are represented, in
a very small scale, actors (in this case persons) and the social relations between them. In the context of
social networks, accordingly to Magnani et al. (Magnani, Monreale et al.[2013)), is important to consider
the differentiation between several types of relations, and in example it is possible to observe that the
actors (the nodes) are connected by a social relation (the edges). If it is family bounds, sharing a working
place, being friends, or any other type of relation, they all can be represented in a complex network.

One important aspect related to this type of networks is the fact that they are classified as monodimen-

sional complex networks, meaning that can only exist one relation between two nodes.

5.2 Multidimensional Networks

Despite the current possibility of representing different scenarios into monodimensional complex net-
works, in the real world, networks are often multidimensional, meaning that there might be multiple

connections (relations) between a pair of nodes. The existence of those different relations between to
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nodes is referred as dimensions, and different dimensions may reflect different types of relationships, or
even different degrees and values of the same relationship (Berlingerio et al.|[2013)). Therefore, multidi-
mensional analysis is needed to create a distinction among different types of relations.

In the real world is possible to observe those multidimensional characteristics in numerous networks

such as:

e Transportation Networks: looking at a transportation network present in a city, an entire country, or
even in the world, it is possible to observe a multidimensional network where cities are represented
as nodes, and each transportation mean is a dimension. By addressing these components into this
perspective it is possible to observe that each city is connected to other cities by a transportation
method such as aeroplanes, trains, ferries, or any other transportation mean. But, as easily imagin-
able, it is possible to connect different cities by more than one method of transportation (cities A
and B can be connected by both train and aeroplane). One interesting feature related to this type
of networks is the multidimensionality associated with each travel plan, meaning that even if the
travel is meant to be using aeroplanes, at some point in time other dimensions like buses or trains
are used (in order to reach the airport). The context of this networks can be shortened to a point
where the entire network is related to a method of transportation and the dimensions are associ-
ated with transportation companies (for example, when looking at a network of cities connected
by aeroplanes, the dimensions can be a representation of the different airlines that provide those

inter-city connections);

e Social Network: when addressing the social networks present on the real world, it is easy to visual-
ise different connections between persons, in fact, a person can be related to other by a friendship
relation, and share the same gym or workspace at the same time. Those multiple relations (di-
mensions) are part of the backbone associated with the current popular OSNs, where they provide
different dimensions between users and even with an associated degree value (in the case of the
OSN ’LinkedIn’ where each relation is defined by a first, second, or third degree). Despite not
being new, the concept of multidimensional network is fairly recent in the scope of OSNs (Kivela
et al. 2014). Socievole et al. work (2015) makes reference to the effort that has been made into
the definition of multiple social metrics that consider all the existing different social dimensions.
Other works have attempted to define models (Brédka, Przemystaw Kazienko et al. 2012; Mag-
nani and Rossi |[2011; Socievole et al. [2015)), and even looking at relations derived from structure
and written text content present on OSNs (Forestier, Velcin and Zighed 2011). It is important to
notice that when talking about multidimensional approaches in the context of OSNs, those works
are heavily focused on the social interactions between users (exploring the need to belong). There
is an opportunity in the application of this concept, not only for the social relationships, but as well
with the intention to explore the different degrees of interests of those users;

e Utility Network: networks such as power line networks, water pipes, telephone and television
cables, all belong to a group of dimensions that are present, for example, in each house or office
network. In the context of a house or office, the node level of the multidimensional network is
highly redundant since almost every node is served by every utility, but the network structure (like
the distribution of the relations) might differ. This is a great example to demonstrate how many

different dimensions can exist in the same context and even complement other dimensions.
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FIGURE 5.2: Example of a multidimensional complex network

There is little doubt that the multidimensional approaches are a significant oversimplification of the
rich complexity that exists in most of the networks present in the real world. As a general analytic
system, network analysis can be applied to both an amazingly diverse set of objects and a similarly
diverse set of relations (Contractor, Monge and Leonardi 2011)). Despite the correct representation of
a real world social network illustrated by the figure 5.1} when looking at those real life case scenarios,
the presence of different relations between two persons is easily perceptible. In fact, real world social
networks (among other types of networks described before) often contain a multiplicity of relations, that
are best represented in a multidimensional network. For example, a simple transportation network like
the ones found in every city is not populated by a single method of transportation, in fact, every city
contains several transportation methods that co-exist in the same transportation network. When looking
at real life social networks the same principle is applied, and as described by figure [5.2] despise having
a main connection between them, people are often connected by more than a single relation. Either by
family relationship, sharing workplaces, attending to the same places, between many others relations, it
is natural that when representing real life scenarios into complex networks, to consider the multiplicity
of relations present on the real world and include them in a virtual network.

5.3 Multilayer Networks

With multidimensionality being a characteristic of our world it is only natural that multidimensionality
is reflected and represented in complex networks, despite the lack of consensus towards the terminology
(where terms such as multi-relational network, multidimensional network, and multiplex network are

considered synonyms (Brédka and Przemyslaw Kazienko 2014)).

Even if multidimensional networks can represent real world networks with diverse degrees of accuracy,

there is more to be added to this topic. Kiveld study on multidimensional networks (2014) emphasis the
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increase on the study of networks composed by multiple layers. This study addresses multidimensional
networks on a multi-layer perspective where each layer is composed single dimensions or a set of dimen-
sions. Looking, for example, at a transportation network that contain various dimensions (depending
on the number of relations between the different transportation methods), this multi-layer representation
will consider each transportation method into each layer, or even represent each transportation type in
each layer (for example, one layer can be dedicated to air travel and can contain helicopters, airline

companies, private aeroplanes, among others).
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FIGURE 5.3: Multidimensional network represented by layers

Recapping the previous examples represented by the monodimensional complex network on figure [5.1]
or by the multidimensional "evolution" represented by figure [5.2] in the context of real world social
networks, it is possible to represent dimensions, or sets of dimensions, into layers. The multi-layer rep-
resentation present on figure [5.3| addresses that characteristic by representing relations between persons
in different layers. Each layer, in this example, is composed by relationship dimensions between persons
and can be defined as some type of "filter" that helps to visualise and combine different dimensions.
With this multi-layer representation it is possible to combine dimensions accordingly to the interests of
the subject or the context that is given to that network (for example in a context when someone wants
to have represented only the family relationships between persons, or the family and school relations, or

any other combination of different dimensions).
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5.4 Conclusion

The study and the application of complex networks allowed the representation and visualisation of dif-
ferent real world scenarios by a form of a network. Despite the possibilities addressed by the monodi-
mensional complex network, in order to accurately represent real world situations there is the need to

represent more than a single relationship between nodes.

The study on multidimensional analysis permits an approximation closer to the real world scenarios
that contains the presence and the distinguish among different type of relations between actors. Either
by referring to transportation, social, or utility networks, the multidimensional aspect associated with
complex networks allows for a representation more accurate of those scenarios, as well as the possibility

to obtain more information related to the type and amount of relationships existent between actors.

This chapter ended with an overview on a study of multidimensional networks that resulted in a new
model that considerate each type of multidimensional relationship into single layers. This multilayer
network approach allows the isolation of relationships (to serve as a "filter"), or even the creation of
different dimensions by combining different types of layer. This approach can result into a network

which visualisation is adaptable and configurable depending on different context scenarios or needs.
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Chapter 6

Proposed Solution

The previous chapters have addressed the study on personality as a personal characteristic and mediator
of our behaviour, associated with the behaviour that is expressed on the usage of Internet platforms.
The chapters also noted the growth on the usage and the data present on Internet and its platforms. The
demand for data is also linked to the AmI or SmE that seek personal data to enhance their connection
to their inhabitants. On a different perspective, a previous chapter also made allusion to the representa-
tion of real world scenarios into complex networks either by a monodimensional or a multidimensional

approach.

As result, this chapter is dedicated to the definition of the proposed solution that motivated this work.
The proposed solution present on this chapter is divided into two separated parts: first part is dedicated
to the definition of a virtual OSN based sensor model that intends to provide a wisdom layer to SmE
or organisations; the second part is dedicated to the definition of a multidimensional interest model that
intends to generate more insights of an individual (or group of individuals) by identifying and classifying

different types of interests accordingly to different context needs.

6.1 OSNs As Sensors In Smart Environments

As seen in a previous chapter, both Aml and SmE can benefit knowledge generation regarding their
users or inhabitants. The process of knowledge creation is better explained by the Data-Information-
Knowledge-Wisdom (DIKW) pyramid, also known as pyramid of knowledge. This concept introduced
by Russef L. Ackoff (1989), divides the knowledge creation process into four categories, observable by

figure[6.1]
e Data: the lower level of the pyramid. Data is raw, simply exists and has no significance beyond its

existence. It can exist in any form, usable or not, and it does not have meaning of itself;

e Information: the process of adding context and meaning to data. Information is data that has been
given meaning by a relational connection. This meaning can be useful, but not always does have
to be;

e Knowledge: the process of increasing the proper way that information is used. Knowledge is
the appropriate collection of information, with intent to be useful. Is a deterministic process, has
useful meaning, but it does not provide for, in and of itself, an integration such as would infer

further knowledge;
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FIGURE 6.1: Representation of the DIKW pyramid, or Pyramid of Knowledge.

e Wisdom: the top level of the pyramid and labelled as a future process. Wisdom is an extrapolation
and non-deterministic, non-probabilistic process. It calls upon all the previous levels of conscious-
ness, and specifically upon special types of human programming (moral, ethical codes). It beckons
to give us understanding about which there has previously been no understanding, and in doing so,
goes far beyond understanding itself. Unlike the previous four levels, it asks questions to which
there is no (easily-achievable) answer, and in some cases, to which there can be no humanly-known
answer period. Wisdom is therefore, the process by which we also discern, or judge, between right

and wrong, good and bad.

The process of knowledge creation begins with data, and due to the undeniable exponential growth of
Internet users paired with the consequent growth of OSNs usage, there is a constant enormous quantity
and presence of daily data ready to be processed. This fact, among other reasons, motivated the proposed
model that is present on this initial part of this work. This model aims to explore the continuous flow
of data present in OSNs, with the vision to generate knowledge and provide a wisdom layer to Aml and
SmE. Despite the frequent incidence on OSNs, the model is not limited only to that context, in fact, it is

intended that the model is applicable to any type of social content present on the Internet.

As result, this work proposes the usage of OSNs as a sensor for SmE. This sensor, represented on fig-
ure [6.2] (Barbosa and Santos 2016b), or pseudo-sensor (since usually a sensor associated with psychical
devices), has the function of monitoring OSN profiles in order to gather data and generate information
and knowledge about a person (or group of persons). By analysing behavioural or network data, that is
usually present on every profile, this sensor can provide insights about a persons preferences or behavi-

oural characteristics to the actuators present on the SmE.

This unobtrusive sensor, fulfils the requirements present in the work of Pauwels et al. (2007), and is

capable to answer the following questions:
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FIGURE 6.2: Virtual OSN based sensor that uses online user behaviour and social refer-
ences to profile individuals

e Who? by identifying the persons represented/referenced by online social profiles;

e Where and When? by providing a time frame for location, generally present in metadata, in order

to determine context;
e What? by recognising activities, interactions, relations, as well as linguistic messages;

e Why? by associating actions with semantics, plans, task identification, and recognising behavi-

oural patterns;

e How? by tracing the information flow trough multiple procedures, recognising behaviour, and

literal expressions comprehension.

OSNs offer an immediate significant amount of data ready to be analysed, as well as a history of data by
analysing the chronological usage of the platform. Due being a part of the daily life of numerous people
around the world, theoretically, there is no need to teach them how to use them on a basic level, which

increase the potential and application for this solution.

In addiction to the described characteristics related to OSNs, the focus on this platforms is highly mo-
tivated by the work of Kisinski et al. (2013) focused on the accessible digital records of behaviour such
as the ’Likes’ on the OSN Facebook. The authors proved that on the basis of an average of 68 ’Likes’
made by an user, it was possible to predict (among other characteristics), the colour tone of their skin
(with 95 percent accuracy), sexual orientation (with 88 percent accuracy), or even political affiliation
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(with 85 percent accuracy). Other characteristics such as religious affiliation, alcohol, cigarette and drug
use, sexual orientation, relationship status, or even if someone parents were divorced are also possible
to predict with the same amount of ’Likes’ interactions. Kosinski continued his work on the models
and, before long, he was able to evaluate any person better than the average work colleague based on
10 °Likes’. When increasing the number of ’Likes’ to be taken in consideration, 70 were enough to
outdo what the friends of a person knew, 150 what their parents knew, and with 300 what their partner
knew. With even more ’Likes’ it was possible to even surpass what a person thought they knew about

themselves.

What is possible to achieve when considering, in addiction to the ’Likes’, the other aspects present on
OSN? The proposed sensor model present on this work indents to answer that question by making use of
data mining techniques and natural language processing, to extract behavioural clues present in actions
(such as publications, ’likes’, shares, or comments) that can be used to obtain insights about an individual
trough their online profile. In a similar way, network connections like groups association, relationships,

or interests, can be used to understand personal preferences (music, movies, brands, events, or even
people).

In addiction to the continuous online profile monitoring, this sensor is capable of profiling an individual
accordingly to their personality traits, perform natural processing tasks in order to understand context,
analyse the different interactions present on their network (identify new relationships, or the addition of
new interests), and detect sentiment and emotion present on written language (comments, publications,

or other form of written language).

6.1.1 Online Personality Profiling

Currently, OSNs are classified as a good index to predict potential actions of users, with a lot of rich
information encoded in the content of those interactions (Moosavi and Jalali[2014)). Since, generally, an
OSN is shown in a graph and defined as a network of interactions and relationships (where the nodes
consist of actors and the edges consist of the relationships or interactions between these actors), is worth

analysing the interactions between people and determining structural patterns present on them.

According to Adali and Golbeck (2012), people reveal their personality traits through their use of OSNs,
who can be predicted with a relatively high accuracy by analysing public data that people liberally share
online. It is possible to say that OSNs are a mirror where users reveal a lot about themselves both in
the way they share and how they share-it. In order to understand personality with the scope of online
social behaviour, the authors analysed various behaviours of individuals in their social group, and some

considered some actions described by the following main groups:

e Network Bandwidth: the amount of overall activity and size of social network, the distribution of

activity over time and how long they have been using the OSN;

e Message Content: the type of messages sent, whether they contain URLs (or other types of links)

and whether they are forwarded;
e Pair Behaviour: their behaviour towards their friends and followers;

e Reciprocity of actions: to which degree their actions are reciprocated by their friends;
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e Informativeness: how informative are various behaviour features across all the friends;

e Homophily: all the previous features computed for the person friends to understand his social

circle.

When changing the scope of personality classification into OSNs, Ghavami work (2015) affirms that
it is possible to avoid having the standard test scores in order to identify user personality by finding
relationships between an user behaviour and personality, or even connection between an user network
properties and personality. Based on individual features, some authors (Sulaiman, Rambli and Halim

2011) clustered individuals into four categories :

e Popular Sanguine: Good sense of humour, talkative, enjoy socialising, ability to motivate others,
self-centred, disorganised and forgetful of important events;

e Perfect Melancholy: Introvert, analytic, weight everything carefully and thoroughly before making
any decision, creative, cautious in making friends, very faithful and compassionate, pay great
attention to details, often set high expectations in life, depressed very easily, often view situations
negatively and low self-esteem;

e Powerful Choleric: Natural born leader, goal-oriented, strong desire to succeed, confident, charis-
matic, good at organising tasks, compulsive, often feel the need to be in control of situations and
have the tendency to lash out when things are disorganised or people do not follow his instructions;

e Peaceful Phlegmatic: Adaptable to any situations, do not panic easily, remain calm during chaotic
situations, very patient, unpredictable, do not express their emotions to others, considered good
companion and good listeners, act as mediator in situations of conflict, unenthusiastic, prefer to

follow a routine and dislike changes.

Not only it is possible to find behavioural and personality characteristics by analysing the usage of an
OSN, but also gender indicators. A study (Moore and McElroy 2012) developed some interesting results
where the authors found a significant positive relationship between gender and a number of variables
of interest where was possible to find that women spend more time on Facebook, had a greater number
of friends, posted more photographs and did more postings about themselves, when compared to men.

Although in terms of frequency, women visit their Facebook less frequently than men do.

In terms of personality traits, the study found that more extroverted people have more Facebook friends
and report less regret over Facebook content, however, extroversion was not significantly related to time
spent, number of photographs or the number of wall postings (either about themselves or others). The

results suggest that:

e The high-scorers in agreeableness expressed a greater levels of regret about inappropriate content
they may have posted and, surprisingly, they did a greater number of postings about themselves

than did the low-scorers;

o Conscientiousness trait was not related to time spent, frequency of use, number of friends or num-
ber of photographs, and people with high-score in conscientiousness made significantly fewer wall
postings, and expressed more regret than did people with low-score;
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e Emotional stability was not significantly related to actual number of friends or photographs, or to
the number of wall posting, it was positively related to both how frequently they use Facebook to
keep up with others and regret;

e Openness has no significant effect on either Facebook usage or content.

6.1.1.1 Implementation

In order to exemplify the personality classification module, it was chosen a small set of written text
produced by a random user on the famous ONS for news and entertainment, Reddit. The choice of
this specific platform is associated to the fact that the topics discussed there are all of free opinion and,
usually, there is not any severe censorship, which results in opinion more close to the truth from their
users. All of these factors are important because, in addition of being a written opinion (in form of text),
the content is usually related to the true opinion of their author. This can lead to a higher presence of

linguistic style features that can provide information about the authors personality.

As for the topic, due to the natural controversy of the subject, it was chosen a text that expresses the
opinion of the user related to the recent United States of America elections. The sample text present on
the listing [6. T represents an excerpt of the data that was used for this analysis. The choice of an English
sample of content is justified not only because it is an universal language, but also for the presence of
a higher number of scientific content focusing text analysis, as well as being a language with a lack of

ambiguities and complicated verbal forms when compared, for example, with Portuguese language.

Therefore, the present text should be able to deduce, with a higher level of confidence value, the person-

ality trait values for this particular user in this particular context.

I sincerely hope that’s true, particularly if he winds up winning the
presidency. But I doubt that’s the case. Apply Occam’s Razor to the
following two options:

—Every one of Trump’s crazy and immature statements since his campaign
began is an integral part of a master strategy to woo voters who like
hearing such things. After sealing the Republican nomination he plans to
pivot hard back to the center and radically alter his behaviour,
presenting himself as the thoughtful and restrained adult that he
secretly is.

—Trump is capable of acting like an adult sometimes, when he’s in the mood
for it, and that’s enough for him to appear calculating and poised to
those who believe in him. And sometimes he’s not in the mood, so he says
crazy and immature things.

Option 1 would make him the greatest political tactician in generations.

Option 2 would make him a human being like the rest of us.

I think 2 is far more likely. You see a chessmaster, I see a guy who
flipped over the chessboard and declared himself the winner, because he’

s lived a life where he’s used to being able to do that.

LISTING 6.1: Sample of the text produced by a random Internet user that will
be used for classification
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Despise the possibility to achieve this results using most of the modern programming languages, for this
example it was chosen the open source platform KNIME (KNIME|2016). This platform is written in Java
language and it is based on the well known open source multi-language software development, Eclipse.
KNIME is focused on data analysis, reporting, and integration and it has been used in pharmaceutical
investigation, data analysis, business intelligence, and financial data analysis. The integration with sev-
eral machine learning and data mining components, as well as the modular concept and the capability to

create new modules, make this platform a solid choice for these tasks.

The development process can be divided into several phases, and due to the modular characteristic of
the platform (KNIME), this process is facilitated and it becomes easier to define and understand the

workflow. Therefore, this process is divided into the following phases:
1. Input definition, tagging, and transformation
2. Data pre-processing
3. Personality traits classification
4. Display of the results

For the first phase of this process, represented by figure[6.3] the first feature required is the capability of
reading the desired data. In this case, that task is accomplished by using a document parser module that
makes possible the separation and aggregation of all data by person or user. This separation of content
allow the classification by context, or perform a full classification by analysing all data available for that

specific person.

INPUT TAGGER TRANSFORMATION
Flat File Bag of Words
Document Parser Stanford tagger Creator

e

Folder containing Create bag
someone's entries of words

FIGURE 6.3: Input definition, tagging, and transformation phase

After being able to select and import the desired data for analysis, the next step is giving each sentence
a set of Part of Speech (POS) tags. This is a common language processing task that automatically assign
POS tags to each word in the sentence, such as noun, verb, adjective, and others. Despise the existence
of various taggers, for this work it was selected the Stanford Tagger (Stanford [2015)), which supports
English, Arabic, Chinese, French, and German languages. As for the English tag set, the Stanford
Tagger uses the Penn Treebank tag set (Laboratory [2003)), and the majority of its tags are represented
by table This is a vital step because the personality trait attribution will be based on this linguistic

characteristics.
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TABLE 6.1: Exemplification of the POS tag list used in the Penn Treebank Project

POS TAG | TAG DESCRIPTION
CC Coordinating conjunction
DT Determiner

EX Existential there

FW Foreign word

IN Preposition or subordinating conjunction
1 Adjective

JJR Adjective, comparative
AN Adjective, superlative
LS List item marker

MD Modal

NN Noun, singular or mass
NNS Noun, plurar

NNP Proper noun, singular
NNPS Proper noun, plural
PDT Predeterminer

POS Possessive ending

PRP Personal pronoun
PRP$ Possessive pronoun
RB Adverb

UH Interjection

VB Verb, base form

VBD Verb, past tense

VBN Verb, past participle

After the attribution of a POS tag to each word of present on the sentences, it is necessary to isolate those
words. This leads to the final module of this first phase, the creation of a Bag of Words. This module
isolates each word, number, punctuation mark, symbol, or special character found in the sentences. This
step eliminates the context meaning, and this is why the input module is so important to isolate content

if there is intention to perform a classification based on context.

DATA preprocessing

Case converter Punctuation Erasure Number Filter Snowball Stemmer Term Grouper Term to String Sentiment Tag
—> B> B > B3 > > B3 > > B3 > > Ig
to lower case Remove all Remove Reduce to
puctuation numbers word stem

FIGURE 6.4: Data pre-processing phase

With the first phase concluded, it is now time to pre-process all of that data. This phase is responsible to
prepare the data in order to be processed by the trait classifiers, and all of the modules required to do so
are present on figure[6.4] Making use of the content of the Bag of Words previously created, this input is
submitted to the following tasks.
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e Case converter: there is the need to uniform the data, so this module is responsible to convert each

word to its lower case form;

e Punctuation erasure: punctuation is not going to influence the personality profile result, so this

module is responsible to remove each entry that corresponds to punctuation;

e Number filter: similar to the previous module, numbers are not going to influence the personality
profile result, and this module is responsible to remove each entry that corresponds to a number;

e Snowball stemmer: this module is responsible to reduce inflected (or sometimes derived) words to
their word stem, base or root form (for example, the verb waited is reduced to his stem form which

1s ‘wait’);
e Term grouper: the term grouper deletes all of the conflict tags that may exist;

e Term to string: this is a required module because of the data format, until this point the data format
is categorised as a "term’ (which includes the words and the tags as a single data entry) and the

classifiers modules only accept ’string’ format;

e Sentiment tag: this particular module is the result of a combination of modules present on figure
[6.5] For this step, each word is crossed against a set of pre-classified positive or negative words
(for this pre-classified set it was used the Multi-Prespective Question Answering (MPQA) opinion
corpus (MPQA [2015)), in order to identify the sentiment of each word (if a word expresses a

sentiment).

The data pre-processing phase output is a group of individual words, in lower case and stem form,
classified with a POS tag and a sentiment value (positive or negative). It is now possible to proceed to

the personality classification by classifying each trait individually.
SENTIMENT classificatior

File Reader

Dictionary tagger ..
> Dictionary tagger
— | s > ™
—> =
MPQA corpus

o Positive Sentiment
positive words Negative Sentiment

File Reader

iE)

=

MPQA corpus
negative words

FIGURE 6.5: Sentiment attribution (positive or negative) to each word that match the
entries present on the MPQA Corpus data
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The process represented on figure [6.6] uses the individual pre-processed data, that is the result of the
previous phase, in order to classify each trait based on specific linguistic style features present on table
[6-2] (Di Rienzo and Neishabouri 2016). It is important to mention that this personality classification is
based on the Big Five model (Goldberg discussed in a previous chapter.

TABLE 6.2: Linguistic cues for each personality trait

PERSONALITY TRAITS | LINGUISTIC CUES

Openness to Experience Negative emotions, present verbs, future verbs, third person pronouns,
prepositions, articles

Conscientiousness Positive emotions, present verbs, prepositions

Extroversion Positive emotions, third person pronouns

Agreeableness Positive emotions, first person pronouns, present verbs, word longer
than 6 letters

Neuroticism Negative emotions, present verbs, first person pronouns

Neurocitism

Conscientiousness

Conscientiousness

String Manipulatior

Neurocitism

String Manipulatior

—> 19 R

Trait Attributign I

Trait Attributign

FIGURE 6.6: Personality traits classification phase

After a small task of results preparation, which involves a simple and linear process (grouping the results
for each personality trait into a single table), it is possible to observe the results. To each trait was
assigned a specific colour, only to facilitate the visual compression of the results, and the result for this
specific example is shown in figure [6.7] The figure represents a personality profile based on the text
previous discussed and, in this particular case, this profiling is highly biased by context (since the data
used belong to the same context). It is possible to achieve more overall results by using data that belongs
to different contexts, as well as a higher quantity of data. However, to demonstrate the functionality, the
data used served his propose.

By looking at the result in figure [6.7] it is possible to notice a huge predominance of the trait Conscien-
tiousness (41,03%), followed by Openness (27,88%), Agreeableness (19,23%), Neuroticism (8,65%),
and finally Extrovert (3,21%). Recalling the characteristics of each trait (Goldberg[2006)), and looking at
the two highest traits, we have:

e Conscientiousness: responsible, organised, persevering. Conscientious individuals are extremely

reliable and tend to be high achievers, hard workers, and planners (organised vs careless);

e Openness to Experience: curious, intelligent, imaginative. High scorers tend to be artistic and
sophisticated in taste and appreciate diverse views, ideas, and experiences (insightful vs unimagin-

ative).
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Conscientiousness: Row count 41,03 % Agreeableness: Row count 19,23 %

Extrovert: Row count 3,21 %
Openness: Row count 27,88 %

Neurocitism: Row count 8,65 %

FIGURE 6.7: Result from the personality classification accordingly to the Big Five trait
model, using linguistic style features

This results suggests that the author of the text exhibits a tendency to show self-discipline, act dutifully,
and aim for achievement. Those are the characteristics of a person that display planned behaviour,
and is generally organised. Also the person shows characteristics associated with open mind, and the
appreciation of diverse views, ideas, and experiences.

FEMALE: Average 36,61 %

MALE: Average 63,39 %

FIGURE 6.8: Result from the gender prediction based on linguistic style features

In addiction to obtaining insights about personality, this process also generated a result for gender pre-
diction by using linguistic style features (in this case the use of pronouns). The result present on figure
[6.8] suggests that the author is likely to be a male.
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6.1.2 Natural Language Processing

The term Natural Language Processing (NLP) involves a broad set of techniques for automated genera-
tion, manipulation and analysis of natural or human languages. Although most NLP techniques inherit
largely from linguistics and artificial intelligence, they are also influenced by relatively newer areas such

as machine learning, computational statistics, and cognitive science.

Named entity recognition is a sub-task of information extraction that labels sequences of words in a text
which are the names of things, such as person, company names, locations or others. In order to under-
stand the meaning of text it is vital to understand and have context recognition, as well as a method for
entities identification. One of the most successful solutions for named entity recognition is a result from
The Stanford Natural Language Processing Group work (Stanford [2016). Using the sentence present
on listing [6.2] as example, it is possible to see in figure [6.9] that the the tagger was able to recognise
the different entities that were present in the sentence. Geographical references, organisations, time and
date, mathematical references, or even persons identification, are examples of entity references possible

to extract from written text.

I entered the Amazon.com website and found that smartphone i wanted with a
discount price. 350 was just the right price i was looking for! It is
only expected to arrive Monday but Simon said he his 100% sure that he

will come from London that morning and will get the package for me!

LISTING 6.2: Sample of the text that contains reference to entities

| entered the wehsite and found that smartphone i wanted with a discount price. was just the right
price i was looking for! It is only expected to arrive [IBEY but Jil said he his [ sure that he will come from
[IETERTY that morning and will get the package for me!

Potential tags:

OCATION
JRCANIZATION
DATE

MONEY]
PERCENT]

FIGURE 6.9: Named entity recognition using the Stanford tagger

Context is always present on any type of Internet content, and since information is the process of adding
context and meaning to data, it is vital that the online virtual sensor is capable of understanding context.
This is a vital module that allows the sensor to progress through the DIKW pyramid in order to produce

knowledge and, hereafter, wisdom.

6.1.3 Emotion and Sentiment Detection

The process of emotion and sentiment detection is directly associated with the process of sentiment ana-
lysis, that consists of the usage of NLP with the intention of deriving sentiment, or subjective information

from text. This process is heavily supported by the machine learning concept and their algorithms.
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Despite the relation between the terms Artificial Intelligence (AI) and machine learning, and the fact
that they become much more widespread than before, in reality they are not quite the same. Al can bee
seen as a branch of computer science that attempts to build machines capable of intelligent behaviour,
associated with the capability of developing thoughts. In other hand, machine learning is seen as "the
science of getting computers to act without being explicitly programmed", it is the implementation of the
computer methods that support Al (Bell 2016).

Machine learning evolved from the study of pattern recognition and computational learning, and those
characteristics are essential when the topic is emotion and sentiment detection. Machine learning tasks

can be classified into the following categories:

e Supervised learning: the common way to solve a learning problem when there are labelled datasets
available. In this approach some models are learned from labelled data using learning algorithms
and tested against labelled data. This usually yields good results, and it has been widely exploited

in personality recognition;

e Unsupervised learning: contrarily to the supervised learning, no labelled dataset is provided to the
algorithms. This means that the algorithm is responsible to find structure based on the input;

e Reinforcement learning: a interaction with a dynamic environment in which the computer must

achieve a certain goal without knowing when it has come close to it (for example driving a vehicle).

Emotion and sentiment detection may sound familiar since it is a part of the personality profiling mod-
ule. In fact, the emotion and sentiment detection module works in a similar way, however, due to the
necessity of detecting emotion and sentiment present in sentences (or blocks of text) without the person-
ality profiling aspect, the virtual OSN based sensor needs to have a separate dedicated module to that
task. The module makes use of supervised learning (similar to the usage of the MPQA opinion corpus),
machine learning algorithms like support vector machine combined or probabilistic classifiers like Naive

Bayes classifier, in order to fulfil the necessity of detecting emotion and sentiment on textual references.

The choice of an algorithm always depend on the task at hand. While support vector machines tend
to perform much better when dealing with multidimensional and continuous features, methods such
decision trees or rule based algorithms tend to perform better when dealing with discrete or nominal
data, and Naive Bayes method may need a relatively small dataset to achieve the maximum prediction

accuracy (when compared to others) (Celli 2013).

6.1.3.1 Naive Bayes Classifier

The Naive Bayes classifier is a supervised statistical and classification method for information classifica-
tion. The classifier is based on the Bayes Theorem with the "naive" assumption of independence between
every pair of features, meaning that the presence (or absence) of a particular feature have no effect or
relation with the presence (or absence) of any other feature. This means that the classifier is not looking
at entire sentences, but rather at individual words, and this assumption is very strong and super useful

since it makes possible to work well with little amounts of data or even data that may be mislabelled.

The Bayes theorem formula is defined by the equation [6.1] (Mohanty [2016).
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P(x|c)P(c)

P(clx) = PQx)

6.1

P(c|x) is the posterior probability of class (c: target) given predictor (x: attributes).
P(c) is the prior probability of class.
P(x]|c) is the likelihood which is the probability of predictor given class.

(

P(x) is the evidence, the probability of evidence arising without regard for the outcome.

The classifier is particularly useful for very large data sets, along with simplicity, the classifier is known

to outperform even highly sophisticated classification methods, and has been mostly used in text classi-

fication. Like every method, the classifier has some pros and cons (Ray 2015):

Is easy and fast to predict class of test data set, as well as multi-class prediction;

When assumption of independence holds, the classifier performs better compared to other models

(like logistic regression), and even needing less training data;
Performs well with categorical input variables when compared to numeric variables;

If categorical variable has a category which was not observed in the training data set, the model
will assign a zero probability value and becomes unable to make a prediction (often known as

"zero frequency");

The model is also known as a bad estimator, so the probability outputs should not be taken too

seriously;

The assumption of independent predictors might be a limitation since not often is possible to have

a set of predictors completely independent.

When searching for applications, this classification model is often seen in the following scenarios:

Real time Prediction: Naive Bayes is an eager and fast learning classifier, that can be used for real

time predictions;

Text classification/ Spam Filtering/ Sentiment Analysis: This classifier model is often used in
text classification (due to better result in multi-class problems and independence rule) have higher
success rate when compared to other algorithms. As a result, it is also widely used in Spam
filtering (identify spam e-mail) and Sentiment Analysis (associated with social media analysis,
with the goal to identify positive and negative customer sentiments);

Recommendation System: Naive Bayes classifier combined with collaborative filtering are capable
to build a recommendation system that uses machine learning and data mining techniques to filter

unseen information and able to perform predictions.

In the context of sentiment analysis, the formula can be translated to the formula represented by the

equation

P(text|sentiment ) P(sentiment)

P(text) ©2)

P(sentiment|text) =
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This model is also often seen in the following variations:
e Gaussian: It is used in classification and it assumes that features follow a normal distribution;

e Multinomial: It is used for discrete counts. For example, instead of analyse each word occurring

in the document, it counts how often word occurs, and reduces the iterations needed;

e Bernoulli: The binomial model is useful and is at his maximum potential when the feature vectors

are binary.

6.1.3.2 Support Vector Machine

Support vector machines (SVMs) are a set of supervised learning methods used for classification, re-
gression and outliers detection. This method technique was introduced by Vapnik (1998) and optimised,
among others, by Platt (1998). SVMs take the set of training data and marking it as part of a category
then predicts whether the test document is a member of an existing class. This methods are often used in

text classification, image analysis, or bio-informatics (to name a few).

In order to classify data, the classifier makes use of a hyperplane. A hyperplane is defined as a function
which creates a distinct boundary separating two classes, in fact, for a simple classification task with just
two features, the hyperplane is actually a line. Another terminology associated with SVMs is called mar-
gin. A margin is a distance between the hyperplane and the two closest data points from each respective
class (Mohanty 2016]).

Similarly to other methods, the SVMs contain some advantages and disadvantages associated to their
usage (Scikit2016):

e SVMs are effective in high dimensional spaces;

e They are still effective even in cases where number of dimensions is greater than the number of

samples;

e They make use of a subset of training points in the decision function (called support vectors), so it

is memory efficient;

e Versatile: different Kernel functions can be specified for the decision function. Common kernels
are provided, but it is also possible to specify custom kernels;

e However, if the number of features is much greater than the number of samples, the method is

likely to give poor performances;

e SVMs do not directly provide probability estimates, these are calculated using an expensive five-

fold cross-validation.

6.1.3.3 Implementation

As explained before, the virtual OSN based sensor model present on this work, should be able to detect
emotion and sentiment present in data in the form of written text. To exemplify the potentials and the

application of this module, it was created a simple classifier that aims to fulfil those objectives.
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Despise the vast selection of programming languages available today, the sentiment classifier present in
this module is written in Python. The Python programming language is a dynamically-typed, object-
oriented interpreted language. Although, its primary strength lies in the ease with which it allows a
programmer to rapidly prototype a project, a powerful and mature set of standard libraries make it a
great fit for large-scale projects as well (Python 2016). Python already has most of the functionality
needed to perform simple NLP tasks, however most of the times it does not fulfil the requirements for
the most demanding NLP tasks. In order to cover this problem it is required the usage of the Natural
Language Toolkit (NLTK) (NLTK |2015)). NLTK is a collection of modules and corpora, released under
an open-source license, that not only provides convenient functions and wrappers that can be used as
building blocks for common NLP tasks, but it also provides raw and pre-processed versions of standard

corpora used in NLP literature and courses.

Since a specific programming language is not required, the following implementation description for
this module contains a general flow of actions that should be generalist enough to be applied to any
programming language or platform of choice (provided that the natural language processing capability
is present). The overall vision and function of this module is illustrated by figure [6.10|and this process,
when given an input, should generate an output that contains the sentiment classification value of the
input (positive, negative, or neutral), as well as a confidence value that indicates a certain value associated
with the classification given by the machine learning algorithms. Like referenced previously, in order to
obtain an output based on a given input, the module will make use of the NLTK library for the usage of

pre-processing tools needed to prepare the data, as well as the well known machine learning classifiers.

EMOTION AND
SENTIMENT DETECTION

—_———— —

[ 1

Q - SENTIMENT
CLASSIFICATION |
l-CONHDENCEVALUE J

—_— e — — —

OUTPUT

INPUT

FIGURE 6.10: Overall concept of the emotion and sentiment detection module

Since the module is based on supervised learning, there is a need to define and include the data that will
be used to train the classifiers and, in this particular case, is only logical that the data used for training
contains sentiment (either positive or negative). In order to achieve this task the module uses two files
that contain more than 5000 pre-labelled data (similar to the MPQA opion corpus used on the personality
profiling module), positive labelled data (listing [6.3), and negative labelled data (listing [6.4).

a fascinating and fun film
tadpole is a sophisticated , funny and good—natured treat , slight but a
pleasure
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this insightful , oscar—nmominated documentary , in which children on both
sides of the ever—escalating conflict have their say away from watchful
parental eyes , gives peace yet another chance
i admired this work a lot
5 whether you’re moved and love it , or bored or frustrated by the film , you
11 still feel something
there are enough moments of heartbreaking honesty to keep one glued

to the screen

7 my goodness , queen latifah has a lot to offer and she seemed to have no
problem flaunting her natural gifts . she must have a very strong back
a smart , sweet and playful romantic comedy

9 australian actor/director john polson and award—winning english
cinematographer giles nuttgens make a terrific effort at disguising the

obvious with energy and innovation

LISTING 6.3: Pre-labelled positive data sample that will be used for training
the classifier

simplistic , silly and tedious
> it’s so laddish and juvenile , only teenage boys could possibly find it
funny

exploitative and largely devoid of the depth or sophistication that would
make watching such a graphic treatment of the crimes bearable
4 [garbus] discards the potential for pathological study , exhuming instead ,
the skewed melodrama of the circumstantial situation
a visually flashy but narratively opaque and emotionally vapid exercise in
style and mystification
6 the story 1is also as unoriginal as they come , already having been recycled
more times than i’d care to count
about the only thing to give the movie points for is bravado — to take an
entirely stale concept and push it through the audience’s meat grinder
one more time
¢ not so much farcical as sour

unfortunately the story and the actors are served with a hack script

LISTING 6.4: Pre-labelled negative data sample that will be used for training
the classifier

After defining the data that will be used for the classifier training process, is needed to process and
prepare the data. This process is represented by figure[6.11] where the pre-labelled data will suffer a pre-
processing manipulation that consists on the creation of a bag of words with each word, and the correct
sentiment tag associated to it. This document classification process extracts each word and grammatical
features from sentences, disregarding grammar and order, but keeping multiplicity. Since only words
that have impact on the classification are needed for this process, it is possible to discard punctuation or
symbols. Each word is then attributed a POS tag, and the process ends with another data transforming
task, which converts each word to its lowercase form. This process generates as output a list of individual

words, with a POS tag and classified as either positive or negative.

Like every real life scenario, there are words that appear more often than others, and there is the need to
exclude some words that appear less frequently, preventing the occurrence of false positives. This task

illustrated by figure [6.12]is accomplished by creating a frequency distribution list of all words present
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POSITIVE SENTIMENT
SENTENCES

POS WORDS WITH
SENTIMENT

WORD TOKENIZER POS TAG OF LOWER CASE
WORDS

(SR U —

NEGATIVE SENTIMENT
SENTENCES

FIGURE 6.11: Inclusion of the pre-labelled data (for positive and negative sentiment)
needed for supervised learning

in the dataset that contains words tagged with POS and with a sentiment value associated (positive or
negative). This frequency distribution list is order by frequency of occurrence (in a descendant order),

meaning that is ordered from the most common word to the least common word.

It would be possible to train our classifiers by using all of this amount of words, however it may not be
useful and we should implement a limit. Therefore is needed a filtering process that contains, in this
particular example, the 5000 most common words. This filtering process is a crucial step that is directly
related to the accuracy value of the classifier, so depending on the dataset used for training, it may need
some adjustments and value correction regarding the amount of words to be used. The output of this
process is a list containing the top 5000 features (features in NLP vocabulary are known as "keywords"

that have a weight on the result (in this case the sentiment value) of a sentence).

St

POS WORDS WITH FREQUENCY LIST TOP 5000
SENTIMENT (MOST > LEAST) FEATURES

FIGURE 6.12: Filtering the dataset using frequency distribution list and filtering the top
5000 most common words

The next step is dedicated to the creation of a training set that will be used to train the classifiers, and
a testing set that will be used to measure the accuracy value of the classifiers. Either the testing set and

the training set will be based on the top 5000 features list that will be randomised (to prevent the linear
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disposition of the features, that contains all positive features followed by all negative features). The
training set is composed by the first 2000 entries present on the randomised top 5000 features list, while
the testing set is composed by the bottom 2000 entries. The division of data between the training and

testing set is intended, and its propose is to prevent biased data .

hihs O

TOP 5000 TRAINING SET TESTING SET
FEATURES RANDOMISE (TOP 2000) (BOTTOM 2000)

FIGURE 6.13: Defining the training and testing set based on a randomised list of top
features

With a training and a testing set defined, is now time to train the classifiers. The classifiers choosen
for this module are based on the supervised statistical and classification method Naive Bayes (and vari-
ations), and support vector machine methods. The complete list of classifiers used in this emotion and
sentiment classification model is the follow:

e Original Naive Bayes classifier: a classifier that follows the statistical and classification method

characteristics that were presented in a previous section;

e Multinomial Naive Bayes classifier: is a Naive Bayes classifier for multinomial models. The
multinomial Naive Bayes classifier is suitable for classification with discrete features such as word

counts for text classification) (ScikitLearn |2017c));

e Bernoulli Naive Bayes classifier: is a Naive Bayes classifier for multivariate Bernoulli mod-
els. Similarly to the Multinomial Naive Bayes classifier, this classifier is suitable for discrete
data. However, while the Multinomial Naive Bayes classifier works with occurrence counts, the

Bernoulli variation is designed for binary/boolean features (ScikitLearn |2017b);

e Linear Stochastic Gradient Descent classifier: simple yet very efficient approach to discriminate
learning of linear classifiers under convex loss functions such as (linear) SVMs and Logistic Re-
gression. This classifier has been successfully applied to large-scale and sparse machine learning
problems often encountered in text classification and natural language processing (ScikitLearn
2017a));

The advantages of Stochastic Gradient Descent are:
— Efficiency;
— Ease of implementation.

The disadvantages of Stochastic Gradient Descent are:
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— SGD requires a number of hyperparameters such as the regularisation parameter and the

number of iterations;
— SGD is sensitive to feature scaling.
e Linear Logistic Regression classifier;

e Linear Support Vector Classification classifier: a SVM classifier that uses a linear approach in
order to have more flexibility in the choice of penalties and loss functions, and should scale better

to large numbers of samples (ScikitLearn|2017d));

e Nu-Support Vector Classification classifier: a SVM classifier where the fit time complexity is more
than quadratic with the number of samples which makes it hard to scale to datasets with more than
a couple of 10000 samples. A particular characteristic of this classifier is the usage of a parameter

that controls the number of support vectors (ScikitLearn 2017¢).

The odd number of classifiers is intended because this emotion and sentiment classification module
contains a voting system that will determine the classification result of a given sentence. The classifiers
training procedure is represented by figure where, at first, each classifier is trained based on the
contents of the training set. After completing the training phase on each classifier, it is now time to test
the accuracy of them. This is accomplished by testing each individual classifier with the testing set that
was generated before. In the end, this procedure outputs a list of accuracy values of each classifier. The
accuracy values change on each iteration of training and is natural if there are a discrepancy between
values between iterations. The accuracy results for the final iteration of this training set that contains
5000 feature words, are represented by the table

TABLE 6.3: Accuracy results for each classifier using testing set data with 5000 features

CLASSIFIER ACCURACY
Original Naive Bayes 82.54%
Multinomial Naive Bayes 82.51%
Bernoulli Naive Bayes 82.54%
Linear Stochastic Gradient Descent 81.71%
Linear Logistic Regression 82.22%
Linear Support Vector Classification 80.94%
Nu-Support Vector Classification 81.86 %

Despise the similarity between accuracy values, is not impossible that classifiers with a similar accuracy
value will produce different outputs regarding the sentiment classification of a given sentence (one can
determine that the sentence is positive, while the other can determine that is negative). In order to prevent
a lack of consensus regarding the classification, in addiction to the odd number of classifiers this module
also has implemented a voting system. This voting system uses a statistical implementation of mode.
The mode of a sample is the element that occurs with higher frequency in the collection, and since there
is present an odd number of classifiers, if, for example, four out of the seven classifiers conclude that one
sentence is positive and the remaining three out of seven conclude that is negative, taking in consideration
the confidence values of each classifier, is more likely that the sentence is positive. The voting system
also provides a solution to the problem when a classifier has a classification with a low confidence value.
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FIGURE 6.14: Training and testing the classifiers. The result of this procedure is an
accuracy value for each classifier

The emotion and sentiment detection module is now complete and ready to produce sentiment classific-
ation tasks. In order to test and verify that the classification process is working, lets try a test using the

following sentence:
e "I really hate it when this happens, just got an awesome TV but the remote does not work"

This sentence will be the input for the module and it is expected that the output will be composed by a
classification value and a confidence value. Therefore, the first step to achieve that result is to pre-process
the input. This pre-processing phase is similar to the one present in the initial phase of the training set
creation, and includes tokenizing words (divide a sentence into single words), attribution of a POS tag,
and finally reducing all of the words into their lower case form. In this particular case there is only a
sentence that needs classification, but the module would allow a collection of documents as input. This
process is described by figure [6.15]results in a list of features that will be then classified by the classifiers

previously trained.

With the input pre-processed and with a features list created is now time to classify the sentence men-
tioned above. The classification process follows a similar guideline when compared to the process of
training and testing the accuracy of the classifiers, however, this time the output is not an accuracy value

but instead it is expected to be a classification and a confidence value. As observable by figure this
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FIGURE 6.15: Pre-processing input to generate a features list ready to be classified

is achieved by running the features list against all of the available classifiers and, after each classifier
concludes their classification process, all of the results will be forward to the voting system in order to
produce the final output. This final output consists in a combination of a sentiment classification and a
confidence value, regarding the input or, in this example, the sentence identified before.

From a human perspective, when looking at the sentence used as the input for this example, it is possible
to understand that it contains both ends in terms of sentiment. Is present a clear positive emotion towards
the TV, and is in fact described as awesome’, however the general sentiment of the sentence is negative
because the remote that came with the TV does not work, and because this is an event that does not
please the owner of the sentence. Therefore, as humans, is safe to presume that the overall sentiment
classification for this sentence is negative, but does the emotion and sentiment classification module

conclude the same?

Input: "I really hate it when this happens, just got an awesome TV but the
remote does not work"
Result: (’neg’, 0.8571428571428571)

LISTING 6.5: Output result of the emotion and sentiment detection with

sentiment classification and confidence value

The output for the classification of the example sentence is present on listing [6.5 answers the doubt that
the emotion and sentiment classification module will perceive the sentence the same way a human does,
and the answer is yes. Despise the presence of a positive opinion regarding the TV, the classifier was able
to understand the less positive overall situation and classified the sentence as negative with approximately
86% confidence.

6.1.3.3.1 Classifiers Comparison

It is perceivable that each classifier result is different from the others, and is justified by the difference
between the algorithms that they are based on, as well as the intention of each classifier. As an example,
some classifiers work better with less training data because they were defined with that in mind. This is a

natural occurrence that can be seen by the results on table[6.4] This results were obtained by changing the
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FIGURE 6.16: Classification of a given input, followed by a voting system that will output
a sentiment classification and the respective confidence value

size of the training set from a range between 500 and 20000 features. For a better visual perception of the
results we have figure[6.17] By looking at the results, it is possible to see that most of the classifiers have
a higher accuracy value with the higher training set size, however the Nu-Support Vector Classification
and the Naive Bayes Theorem based classifiers have a slight decrease in accuracy at the 20000 features

mark.

TABLE 6.4: Classifiers accuracy based on the quantity of features used for training

Feature Count

500 1000 2500 5000 10000 | 20000
Original Naive Bayes 77.30% | 79.33% | 81.44% | 82.54% | 82.75% | 82.44%
Multinomial Naive Bayes 77.28% | 79.26% | 81.74% | 82.51% | 82.68% | 82.43%
Bernoulli Naive Bayes 77.08% | 79.23% | 81.50% | 82.54% | 82.34% | 81.37%
Linear Stochastic Gradient Descent | 77.25% | 79.65% | 80.52% | 81.71% | 82.23% | 82.50%
Linear Logistic Regression 78.44% | 80.59% | 81.38% | 82.22% | 82.57% | 82.78%
Linear Support Vector Classification | 78.25% | 79.77% | 79.44% | 80.94% | 81.58% | 82.05%
Nu-Support Vector Classification 78.23% | 80.67% | 81.49% | 81.86% | 82.55% | 82.52%

Unless the objective is a really specific task with a limited context, it is not possible to rely solely on one
type of algorithm with the expectation that will be the best for every task, it is an unrealistic thought. The

combination of different types of algorithms may be the best way to approach a case scenario where the
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FIGURE 6.17: Comparison of accuracy values from classifiers based on the number of
features present on the training set

context borders are not defined and the length of the input is variable. Is important to point that, in either

situation, the training process is a vital step and is not discarded the necessity to perform adjustments.

6.2 Multidimensional Interest Network Model

One of the main modules of the virtual OSN based sensor is dedicated the the analysis of OSN inter-
actions. In essence, any OSN is a modelling of a set of nodes (individuals, entities, organisations) and
a set of relationships among them (Bouanan et al. 2015)), and when given the task of representing an
OSN generally it is done by defining a graph with a network of interactions and relationships where the
nodes consist of actors and the edges consist of the relationships or interactions between these actors
(Moosavi and Jalali 2014)). In their core, OSNs are a complex multidimensional network based on the

social network aspects of the real world.

The function of this particular module present in this section, is to perform a constant analysis to a given
virtual profile (or set of profiles) in order to retrieve or detect changes in the interaction network. This

interaction network can be separated into behaviour and social interactions networks, where:

e Behaviour network is based on the expressed online behaviour associated with the following char-

acteristics:

— Publications;
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— ’'Likes’;
— Shares;
— Comments (or any given type of written based opinion).

e Social interactions network is defined by the social needs that are present on any OSN that are
identifiable by the following:

— Groups;
— Relationships;
— Interests.

Despite the effort made in multidimensional networks in the context of OSNs, those works are heavily
focused on the social aspect and relations between users (the need to belong). In addiction to the natural
heavy focus on social interactions from OSNss, these platforms are also focused on the behavioural actions
and the interests of their users, and studies have investigated the relations and similarity between OSN
actions (’like’, share, comments, and other similar actions) and behavioural intentions (Alhabash et al.
2015; Lee, Ahn and Y. J. Kim 2014).

OSNs already have methods to separate and distinguish different social connections by creating a sub-
network containing all connections classified as family, friends, work colleagues, among others. But
when given the task of representing and distinguish interests, generally results in a 'monodimensional’
network that considerate each different interest as the same and with the same level of personal ded-
ication. Even interests that may appear to be equal, depending on the actions that were performed to
identify those interests, it is possible to have two complete different interests in terms of weight value.
As an example, an interest produced by clicking the button ’like’ may not be the same interest produced
by a group affiliation, or an interest expressed by a comment may be different from an interest expressed
by a share action (especially since a comment usually requires more time and effort to perform when
compared to a single click of a button).

The demand for a better comprehension and representation of individual interests resulted in the second
model proposal present on this work, that is focused on the interests that individuals express on the online
platform of their choice, or in the general usage of the internet and online services. In order to solve the
problems associated with the *monodimensional’ way of representing the interests expressed on OSNs
and other online platforms, this work proposes a model for a multidimensional interest network repres-
ented by figure (Barbosa and Santos |2017/b), that can be applied individually or in combination with
the virtual online based sensor model (being a part of the network interactions module). By dividing the
entire network of interests into individual layers that represent different levels of interest, it is possible to
weight each type of action (for example by the effort required to produce each type of action), understand
online behaviour, and even understand which type of interests are supported and reinforced by other lay-
ers. Based on effort and type of actions, the multidimensional interests network model is divided into
three main layers: association, interaction, and opinion (that can be divided into positive and negative

opinion).
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FIGURE 6.18: Multidimensional network representation of an individual interests

In the example provided by the model representation present on figure [6.18] (with opinion layer was
divided into two layers, each one containing either positive or negative opinions), in a simple glance is
possible to identify a heavily reinforced interest on the node ’B’, followed by an interest on node 'C’
that is noticeable by the presence of those nodes on multiple layers. If both nodes 'B’ and *C’ belong
to the same topic (such as music preferences) with this module is it noticeable the appreciation of node
B’ over the node D’ or even node 'F’, that can be translated into a higher level of preference when
comparing, for example, music bands. With this type of approach it is also possible to reinforce subjects,
for example, if a new node 'D’ is created on the interaction Layer, it is automatically reinforced by the

presence of the same node on the association layer.

The approach to the interest network provided by this model proposal is also flexible and adaptable when
facing the necessity of getting insights about some different levels of interest, or a degree of affiliation,
towards a certain topic or subject. By isolating sets of layers, or even combining separate layers, it is

possible to create dimensions that fulfil the requirements and the needs of a certain context.

As explained previously, it is possible to define a weight value to each layer depending on the charac-
teristics and the needs of the context. If in a specific context the association and the opinion layer are
defined as the most impactful regarding the interests of any given individual, is only natural that the
combination of both layers result in the most impactful dimension possible. Therefore, it is possible
to isolate those layers and even combining them to create a dimension that better illustrates the interest
degree of a specific individual, or group of individuals, regarding a specific context.

The emerge of the necessity to have different dimensions, with different weight values associated with

each layer, is exemplified on figure [6.19] This figure illustrates, on left side, a dimension created by the
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FIGURE 6.19: Multidimensional network representation of an users interest network

combination of the interaction and the positive opinion layers, that are isolated from the general multi-
dimensional interest network in order to fulfil the requirements of a specific context. In a similar way,
the right side of the figure contains another dimension composed, in this case, by the combination of the
association and the positive opinion layer. In this case, is illustrated the capability of isolate and combine
different layers even in different rearrangement, however this is not limited to only one individual since
the multidimensionality allows a combination of layers that belong to different individuals in order to
create a dimension that compare, for example, the interests of two different individuals.

This representation of interests in a multidimensional perspective, associated with the possibility of de-
fining different dimensions composed by different layers, provides another level of insights by displaying
and working with data in a way that was not possible by the 'unidimensional’ approach.

As stated before, the proposed multidimensional interest network model is composed by three main
categories, that result in four layers: association, interaction, positive opinion, and negative opinion. The

justification for this arrangement and the characteristics that compose each layer are described bellow.

6.2.1 Association Layer

The bottom layer of the multidimensional interests network model is defined as association layer. This
layer is composed by long term relations that can be found on most of modern OSNss, trough actions such
as group associations, follows, or even subscriptions. Those actions were paired together due to the fact
that they represent a long term relationship commitment that reflects a higher permanent interest on a
brand, people, product, or any other type of content, which can be categorised as personal commitment.
There is also common characteristics among the actions which constitute this layer and, depending on
the OSN platform, there is a semantic characteristic that references one of the described actions by a

different name.
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In this layer it is expected a constant presence of several nodes and relations and the amount of nodes
or relations removals is expected to be low. The justification behind this thought is directly associated
to the nature of the actions that compose this layer, since they reflect a higher level of commitment to a

specific subject.

6.2.2 Interaction Layer

Following a bottom-top approach to the multidimensional interests model, the next layer is defined as
the interaction layer. This particular layer contains a variety of less permanent actions (in terms of
commitment to a specific subject), such as ’likes’ (or any other similar action that differs only in terms
of semantic) and shares (or any other action that serves a sharing purpose). ’Like’ and share actions are
a fast easy way to share content, they represent appreciation and support for the content (Lee, Ahn and
Y. J. Kim[2014)), so it is natural that this actions are paired together. These type of actions are considered

less permanent due to their ease to perform and lower effort (it is usually a single click).

Either ’likes’ or share actions are a result of emotional actions (which have a short duration that may
varies from seconds to minutes), and as a result this layer contains a heavy presence of nodes and relations
associated with a high frequency of new nodes and relations added. In terms of node and relation removal

is highly dependable on the particular behaviour of OSN usage from each individual.

6.2.3 Opinion Layer

The final layer of this model is an opinion layer, that is divided into two layers: positive and negative
layer. Overall, this layer represents a network of opinions extracted from written text that is found in
comments, publications, or any form of action that uses natural written language. As result, this layer
contains a focus on text analysis methods, as well as opinion mining techniques, in order to extract either
positive or negative references (in the case of the virtual OSN sensor model this is achieved by the usage
of the emotion and sentiment detection module, and the NLP module in order to process and understand

context).

Written features present on comments, and any form of publication, provide a dynamic expression of
thoughts and feelings with, usually, no restrictions to what is said (Lee, Ahn and Y. J. Kim|2014). Due to
the nature of the content present on this layer, it is possible an occurrence of relations that may contradict
other relations present on other layers, and this situation is solved with the association of a weight value

to each layer (based on the context).

In terms of quantity and frequency of nodes and relations, similar to the interaction layer, is highly
influenced by the type of OSN usage from each individual (while some want to produce content, others

prefer to passively consume content produced by others).

6.2.4 Exploring The Need For Self-Presentation

People want to self-present themselves in a variety of ways. From verbalisation towards a particular

subject or topic (in case of OSN context this is achieved by using written language or the use of other
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media such as video), to disclose personal behaviours, self promotion, or beliefs, to surround themselves
with associations that reflect their individual preferences, to even construct a public image that represents
how they would like to be seen by others.

Virtual platforms, specifically OSNs, allow people to create and promote the image of themselves trough
the interactions and demonstrations of interests associated with their OSN usage. The usage of actions
such as like, comment, and share can be represented as a way for users to manage their self-presentation
by signalling their likes and dislikes, interests, preferences, among other characteristics Lee, Ahn and
Y. J. Kim[2014, The exploration of the network of interests can provide information regarding the self-
presentation of an individual, and by addressing the network of interests in a multidimensional way, it is

possible to obtain more insights about an individual and even fulfill the needs of a specific context.

6.3 Limitations

The usage of any OSN differs from user to user, and since some users may be more active and even want
to produce content, in the other end of the spectrum we encounter users that prefer to passively consume
content that is produced by others. This is strongly related to the individual personality characteristics
of each one of us and results in different online behaviour as well as different amounts of data that is
present in their online profiles. Due to these characteristics, the level of insight that is possible to obtain
about a certain individual is heavily dependable of the online behaviour of each particular individual.

In addiction the the online behaviour that is influenced by personality characteristics, OSN users are
becoming more aware of the information they publish, and more concerned about how this information
can be used to identify them. Most concerns related to OSN content is focused on raw demographic
information or specific offensively publications. As an example, religious or political affiliation may
impact on how an employer views a potential employee, as might an inflammatory post, or even an
inappropriate photograph (Wald, Khoshgoftaar and Sumner|2012)). In a similar way, and since security is
a hot topic nowadays, users are more concerned bout the quantity of personal information that is present

on their online profiles.

It is also important to notice that different social media outlets each have different characteristics that will
likely affect their effectiveness for personality profiling and, for that reason, it is doubtful that any single
personality classifier will provide the best results for all social media. As example, the limit on post
length such as on Twitter can lead to unusual grammatical usage which can affect personality profiling
trough text analysis (Chin and Wright 2014). Also, even if written language is universal, the social
characteristics and the adaptation of modern style features of communication (such the use of visual

images like emojis, or the use of slang) can affect the context identification and the profiling process.

6.4 Conclusion

This chapter was divided into two main parts and aggregated the concepts introduced and addressed by

previous chapters.
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The first part of this chapter was dedicated to the model definition of a virtual OSN based sensor, that
is focused on online content, more specifically the content generated by users, in order to process and
understand content (by context or emotion), profile each user accordingly to the personality character-
istics expressed by the form of written text, and analyse their network interactions that involves group
associations, follows, content share, content produced, liked content, among other characteristics. From
the Big Five theory, to a more involvement with machine learning techniques, the chapter addresses the
different methods and approaches that fulfil the required necessities present on the virtual OSN based

sensor, with a presence of small functionality exemplifications.

The second part of this chapter is directly related to the module *Network Interactions’ present on the
virtual OSN based sensor but, due to the applicability in other contexts as an individual model, its model
definition is present separately. This multidimensional interests network is based on the multidimensional
(and sub-consequent multilayer) aspect present on the complex network theory. This model follows
the tendencies of the representation of real world scenarios into complex networks, to represent the
interests expressed by the usage of online social platforms with the intent to obtain more insights about
an individual. This multidimensional approach to interests allows the attribution of different degrees of
interests (based on the type of activity that generated that interest) alongside with a multilayer perspective
that allows the fulfil of requirements presented by a given context, and the comparison of different types

of interests among different types of individuals.
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Chapter 7

Theoretical Applications In The Real
World

The previous chapter introduced two models focused on the personal characteristics and behaviour that
each individual demonstrates by the normal usage of an OSN. The amount of data, and consequent
information and knowledge creation produced by the usage of the virtual OSN based sensor and the
multidimensional interests network models, intends to provide a wisdom layer to enhance SmE or even
to be applied on a organisational perspective. Therefore, this chapter contains some theoretical case
scenarios, divided by a SmE or organisational application, with the intent to demonstrate the impact and
potential when introducing the virtual OSN based model, the multidimensional interests network model,

or a combination of both.

7.1 Organisational Perspective

Alongside with product, services, or content creation, organisations have a constant focus on their cus-
tomer needs and the relationship that they maintain with them. With the intent to improve customer
relationship or even to seek more information related to their customers, organisations have adopted
OSN and other social media platforms as a marketing and a communication channel. With these large
amount of data that is now presented to them, organisations need to be able to generate knowledge that
can help them with decision making, enhance their communication or marketing channels, or even to

improve their products.

The following scenarios represent a theoretical application of the virtual OSN based sensor and the
multidimensional interests network (in combination or isolated), that can be applied in order to provide
the knowledge that organisations seek about their customers and their products, or even enhance the
capabilities of an organisation (and is distinguish from the competitors) by providing them information

that organisations struggled to obtain and that can help them with decision making processes.

7.1.1 Scenario A

For organisations, the disclosure and presentation of their services or products, trough their marketing
department, is a key activity. This activity ensures the smooth and systematic implementation of or-

ganisational plans, policies, and other programs that contribute for the control of sale activities, with an
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objective to maximise the efficiency and profitability of the organisation. The marketing strategies struc-
tures of the organisation are vital to the improvement in customer services and customer satisfaction, and

equip organisations with the necessary tools for counteract competition.

In order to fulfil those needs, organisations search for consistent and high quality feedback from their
costumers. This can be achieved by asking customers to fill out forms, using feedback sections, or even
by reaching out directly to them. Any of these approaches require willingness from the customers to
answer any question or to fill any survey, and an extra effort from organisations to obtain the feedback

with the consistency and quality they seek.

With organisations following the path of their customers and adopting OSNs (and other social media
platforms) as platforms to promote their services and products, new opportunities emerged and, currently,
organisations are not taking full advantage of it. The possibility presented for OSN users to express their
opinions by the usage of a set of fixed actions (such as ’like’/’dislike’ and similar actions that express
opinion) and mainly by written language, allied with freedom of speech, allow users to freely express

their opinions regarding a specific topic of discussion, a service or product, or even other users or persons.

The virtual OSN sensor, trough the natural language processing and the emotion and sentiment detection
modules, can collect and process the written text that online users produce, in order to obtain a constant
source of feedback that is, usually, accurate to the opinion of the author that, in this particular case,
represents a costumer or a potential costumer. Due to the nature of OSNs architecture, these instances of
feedback are also associated with a person and his demographic characteristics that can help organisations

to obtain more insights regarding their consumers.

7.1.2 Scenario B

Most organisations contain processes that helps them on customer identification activities, or even to
assist the search for potential customers. Those processes are typically based on information directly
available to the organisation, normally gathered by asking customers to volunteer information by the
completion of a survey, or even by persuading them to join a loyalty program (which customers can
decline). Obtaining direct customer information requires an existing relationship with the organisation,
meaning that customers need to have either purchased a product or made contact with the organisation
in such a way that identification is possible so that additional information can be collected. This is not
a reliable method and it means that is not possible to acquire data of unidentified potential customers
(Dam and Velden 2015)).

The usage of an OSN is associated with the presence of some basic demographic information that is
required in order to create a virtual profile. At minimum is required a name, gender and a date of birth,
and these fields represent the demographic basis for each virtual profile across various OSNs. In addiction
to those basic fields, each user can complete their virtual identity by adding some other information such
as home town (or other location reference), contact information, personal interest, job information, and
even a profile photograph. The presence of different types of personal data results in different degrees of
personal demographic characteristics that is present on each virtual profile.
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With demographic information (even in a basic level) is possible to cluster virtual profiles accordingly
to demographic characteristics that are dependable on context. The presence of this demographic in-
formation can be captured by using the virtual OSN based sensor (associated with the interests of each
individual reflected and represented by a multidimensional interests network), and provide organisations
with information that can assist the evaluation and understanding of the impact of their content, improve
their marketing strategies (by evaluating if the desired content is reaching the desired target audience), or
even start targeting their content or their products to specific groups of customers that meet some demo-
graphic requirements. In addiction, it provides geographical information that can help organisations to

extend (or terminate) their presence in other countries or regions.

7.1.3 Scenario C

In addiction to the demographic characteristics associated with the interests provided by the multidimen-
sional interests network that is represented on other scenario, is possible to add a new layer that can
provide more detailed insight about current customers or aid the identification of potential customers.
With personality as one of the main characteristics that identify uniquely each one of us, allied with the
strong association and influence on behaviour, it represents a deep level of insight about the customers
of an organisation, as well as an indicator that can help the prediction of behaviour when facing specific

situations or scenarios.

The personality traits identification, provided by the ’personality profiling” module that is present on the
virtual OSN based sensor, can provide extra insights by creating an extra layer that can act individually
or in combination with the clusters created by demographic characteristics. This personality layer can
aid the identification of personality characteristics that are present on a specific cluster of individuals or
across multiple clusters. These personality characteristics can reflect behaviour and the presence of a
layer that identifies those specific characteristics can help organisations identify, for example, specific
individuals or individuals across clusters that possess personality characteristics that are associated with

the willingness to try new experiences, or even products.

This results in an approximation to wisdom, that is the top layer present on the DIKW pyramid (or
pyramid of knowledge). When facing the presence of a cluster of demographic characteristics that is
heavily populated by individuals that contain personality characteristics that makes them more reluctant
to change, organisations can anticipate that behaviour when, for example, trying to direct new products

to that specific cluster.

In addiction, organisations can anticipate the behaviour of new or potential customers, even if they do not
display much data in their interests network. By analysing their individual personality characteristics,
along with the demographic characteristics, is possible to anticipate behaviour by analysing the behaviour
demonstrated by current customers that possess a similar personality profile and belongs to an interval

of demographic characteristics.
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7.2 User Perspective

With the increase in popularity and the applications of SmE, originated an increase in the information
gathering in order to truly fulfil the requirements and the needs of its inhabitants. With the virtualization
of their identities present on OSN or other online social platforms, there is present a large amount of
personal data that is publicly available and can enhance the capabilities of any SmE. By using that social
media data as a source to generate knowledge and predict the behaviour of their inhabitants, SmE can
provide a better environment experience by collecting data on an unobtrusive way. The usage of the
virtual OSN based model and the multidimensional interest model can provide that wisdom layer that
SmE seek, and the following scenarios describe some examples of its application as well as resolution of

current problems that SmE face.

7.2.1 Scenario A

Currently, any type of system or environment that obeys to the concept of Aml is extremely personal. The
reason behind this affirmation is the focus on the individualised characteristics of a single individual that
leads to a poor capability when addressing the interests and the characteristics of a couple, or a group, of
individuals. Excluding the virtual personal assistants (which have a clear focus on a more individualised
personal point of view), all of the other scenarios are often populated by more than one individual at a
time, and there is a need to fulfil the necessities of a group instead of the necessities of a single individual

that is present in that group.

Arguably, deciding which type of music or even specific songs to play for an individual is not a com-
plicated task. Is a simple process of identifying his interests by consulting existing ’playlists’, or even
history of data related to songs listened by that individual. The difficulty of this task increases exponen-
tially with the amount of individuals to consider in a specific context. Instead of being restrained for a
single individual, how to decide which type of music is ideal for two individuals? How about a SmE (for

example a room division) that contains a group of people in the context of a party?

The lack of capability from SmE to address these situations is solved by the usage of the models proposed
on this work. The virtual OSN sensor is responsible for obtaining insights for each individual by analys-
ing their virtual profiles and identifying key elements that compose each layer of the multidimensional
interests network. These key elements are present in a form of written text, group associations, follows,
likes, and every other element that is part of a multidimensional layer (association, interaction, opinion
(positive/negative)). After that, the multidimensional interests network is responsible for the creation and
cross of dimensions (accordingly to the context) in order to fulfil the needs of the environment (in this

case the need is finding music that is pleasant for all inhabitants).

As a visual example, figure contains a comparison between interests dimensions of two different
individuals (can be applied to a group of individuals but for simplicity the example only considers two).
If isolating the elements of the layer by context, is possible to have only elements that contain preferences
for musics. In terms of layer weights, for this particular context, the negative opinion layer has a higher
weight value since playing music that do not please an individual is a scenario to avoid. As possible to

observe on the left side of the figure, the dimension composed by the association and interaction layer
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FIGURE 7.1: An analysis between the interests of two individuals using dimensions pro-
duced by a multidimensional interests network

that belong to an individual (U1) contain a node 'D’ that, despise being an interest of that individual, is a
disliked by other individual (U2) that is present on his negative opinion layer. That way the SmE should
avoid play any music correlated to the node 'D’. In order to find common elements of interest, the right
side of the figure, contains the same Ul dimension present on the left side, but this time is compared
against the elements present in the interaction layer of U2. By crossing these dimensions it is found
common interests on the node 'E’ and ’B’, and in terms of weight, the node 'B’ is supported by more

layers when compared to the node 'E’.

But when is not present enough data about some individual? What is possible to do? This type of problem
is addressed by the personality similarities. Considering that our preferences are shaped and influenced
by our personality traits, the environment can use history of data about other interest networks and virtual

profiles that belong to people with similar personality traits in order to try to predict interests.

7.2.2 Scenario B

Since usually the usage of an OSN is a recurrent activity, is only natural that the interests reflected by
associations or interactions are updated or occurs the appearance of new interests. SmE benefit from
obtaining insights about their inhabitants and their preferences and interests, and by collecting data re-
lated to that interest is a crucial factor to fulfil that objective. By analysing and detecting changes and/or
appearance of new interests by association actions (for example group associations, follows, or even
subscriptions), by interaction actions (likes, shares, and similar actions), or even by detecting interests
present in form of written text. Trough the usage of the natural language processing and the network
interactions analysis modules present on the virtual OSN sensor, is possible to detect in a short time any

of the occurrences described previously.
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If, as an example, an individual shows a new interest on a new music band trough the usage of the
interaction action ’like’ and the association action *follow’ on the online profile of the respective music
band, the virtual OSN sensor recognises that interaction and identifies that new interest. This information
can be available to other devices, and when that individual turns on the radio on his car or home, or
initiates any type of activity that involves listening to music, the songs from that band are already present

on his playlist, as a result of the interest shown on his online social profile.

7.2.3 Scenario C

In a similar way that individuals express their interest trough the usage of OSN, this same usage also
contains clues about routines, or even information about activities that break their routine. In a scenario
where a SmE has information related to the routines of its inhabitants, the environment benefits from
being aware of situations that break routine in order to adjust to a new scenario. Without asking for
direct feedback or data to their inhabitants, SmE can adjust even more to their inhabitants needs by

constructing knowledge with data that is a result of simple daily activities.

As an example of this particular situation, lets pretend that an individual, trough the usage of his OSN
profile, engages on a conversation with a friend or a group of friends about going out for dinner on
that night around 9pm. Due to that new schedule activity is less likely that the individual will be in
home at that time. The natural language processing module present on the virtual OSN based sensor is
responsible to process that written data and understand context in order to *feed’ the SmE with this new
routine information. This way, the SmE can adjust its resources to this new scenario by, for example,
saving energy by adjusting, or even delaying, the climate control to a later time.

7.3 Conclusion

By an organisational or by a personal perspective (more connected to SmE), both situations require and
seek more personal data in order to increase the effectiveness of their tasks and activities, or even to

enhance the experience provided to a customer or inhabitant.

Those scenarios can be achieved by the usage of a virtual OSN based sensor and the multidimensional
interests network that can aid organisations. Among these scenarios we have customer identification,
understanding and measuring the impact of their content, creating a communication channel that includes
more a higher frequency and "accurate" feedback from their customers, improving products or services,
or even providing an identification method for potential customers or the identification of the needs and

interests of new customers.

On a more personal perspective, both models can provide SmE with more personal data that includes
interests and patterns of behaviour that can enhance the environment experience around them. Also,
the inclusion of the multidimensional interests network, can help SmE to resolve a current problem:
the presence of more than one individual in a single environment. With the inclusion of all individuals
interests and characteristics, the SmE can direct its actions and shifts on the environment by considering

all of the inhabitants instead of being based on the interests of a single one.
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Chapter 8

Conclusion and Future Work

8.1 Synthesis

The work present in this dissertation contains two model propositions: a virtual OSN based sensor, and

a multidimensional interests network.

Despite the current demand for more personalised solutions,in an organisational or personal perspective,
the data that is used to fulfil that goal is often the same. Even with the current adoption of online social
platforms as a channel to create and reinforce the relationship between organisations and their customers,
organisations are not taking full advantage of the potential that lays in plain sight. The change of focus
in the market brought new questions for organisations that besides the answer for the question ’what are
we selling?’, now need to answer *Who, What, How, and Why are they buying?’. This new deep level
of insight that is required for organisations to improve their marketing strategies, customer relationships,
products, or even organisational goals, is also reflected on a personal level on the context of SmE. This
environments need to fulfil the necessities of their inhabitants without discarding their preferences and
behaviour. Both scenarios have a constant need for personal data and a knowledge or even wisdom

creation process associated to it.

By searching for personal data, the motivation and the large amount of individuals that use these online
platforms on a daily basis, resulted on a strong and constant presence of personal data that is available
directly, or embedded in the context of online interactions. The virtual OSN based sensor model proposed
on this work is focused on the content present on OSN (and other online social platforms) in order to
identify, analyse, and collect personal data that is present on these platforms. Alongside with the presence
of demographic data, there is behavioural and, more specific, personality traits characteristics present in
the interactions that each individual performs, or even present on the content of their written text. This
model is supported on the study of personality, and the presence of personality traits characteristics on
written text, to define a virtual model that, despise not being a physical device, fulfils the requirements
defined to achieve a true sensor in a SmE context by being able to identify *Who’, *Where and when’,
’What’, "Why’, and "How’.

The multidimensional interests network model is based on the study of complex networks, more in
specific is oriented to the multidimensionality aspect associated with those networks. It is designed to
fulfil the necessity of representing and classifying different types of interests. Until now, the interests

demonstrated by individuals (either on real world scenarios or by the usage of OSN or other online
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platforms) is often displayed with the same level of importance (or degree). This is not an accurate
approach because, like in the real world, our interests have different degrees of importance or impact.
Therefore, the implementation of this model contains an attribution of degrees to each type of interest in
order to fulfil the requirements of a given context. The model also contains a multilayer characteristic
that allows the creation of different dimensions with different layers of interests, or even to perform
comparisons between the interests of different individuals. This is a direct answer to the necessity of
SmE to consider the different types of interests of different types of individuals that are present on the

same environment, but also can be applied on other scenarios.

The implementation of the models proposed in this dissertation (on a combined or isolated perspective),
represents an immediate impact on organisations or SmE. Customer identification, obtaining direct and
"accurate" feedback, identification of needs and preferences, identification of potential customers and
their needs, definition of a true SmE that considers the interests of all of is inhabitants, and enhancement
of the capabilities of a SmE, are only the representation of a few scenarios of application. While the full

range of possible scenarios is only limited by our imagination.

8.2 Scientific Contribution

During the elaboration and development of this work some scientific contributions were made, namely:

e "Online social networks as sensors in smart environments" presented on Smart and Secure Envir-
onments track of the 2016 Global Information Infrastructure and Networking Symposium (GIIS)
(Barbosa and Santos|2016b). This contribution identifies the explored association with personality
and written language, and the correlation with behaviour, associated with the growth and presence
of content in OSN:ss, to present the virtual OSN based sensor model.

e "Layer by Layer: A Multidimensional Approach to Online Social Profiles" in publication and
to be presented on the Social Computing session of the Computing Conference 2017 (formerly
called Science and Information (SAI) Conference) (Barbosa and Santos|[2017al). This contribution
explores the presence of interests on OSN and proposes a multidimensional interests network
model to represent those interests that introduces a way to compare, cross, and classify interests

on various degrees depending on the desired context.

e "Multidimensional Approach to Online Interest Networks" published in DEStech Transactions on
Computer Science and Engineering (Barbosa and Santos |2017b). This contribution explores an
organisational view and scenarios that are possible by the usage and combination of the virtual

OSN based sensor together with the multidimensional interests network.

e "Multidimensional Interests Trough An Online Social Network Sensor For Smart Environments"
published in Journal of Information Systems & Operations Management (Barbosa and Santos
2016a). This contribution explores the scenarios, inclined to a individual and to a smart environ-
ment perspective, by associating the virtual OSN based sensor with the multidimensional interests

network.
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8.3 Future Work

Despite the current contributions present on this work this cannot be considered a "completed work"

since it can be improved in terms of capabilities and by reduce and resolving the limitations identified.

e Since personality can be highly related to verbal or written language expression, and the person-
ality traits are influenced by the language or idiom, is possible that an individual can express two
or more different personality traits depending on the idiom used for expressing himself. Despite
the current support for the idiom and the lexical characteristics manifested in English language,
is required an extension on the idiom applications that, for geographical and idiom characteristics
of the author of this work, will be addressed on a first phase to the Portuguese language and its

lexical characteristics. Other idioms will be implemented on future phases by "popularity” order.

e This current work is focused on OSNs by the reasons that were described on previous chapters,
however, since other Internet platforms are populated by data, the virtual OSN based sensor should
extend is capabilities to other platforms (such as discussion forums, or any given platform that

allows the liberal expression of opinion).

e In addiction to written language, OSNs and other Internet platforms are also populated by other
types of media (pictures, videos, or even sounds). These type of media can contain additional
data that can contribute for the enrichment of the knowledge produced by the virtual OSN based
sensor and the multidimensional interests network. Deep learning techniques focused on image
recognition can aid the detection of brands or other types of interests that are present on pictures
in order to produce a new multidimensional interest node, or even enrich the existent ones. The
addiction of this feature results in the creation of a new multidimensional layer that is related to all

of the interests that are gathered from other types of media besides written text.

e Even by addressing content by lexical features, it may contain the presence of words or other fea-
tures that can invert the meaning of the sentence (like double negation or even the use of sarcasm).
In addiction, the written text that is produced today (in the context of social interactions) often
contains visual expressions (like smiles or emojis) that can enrich or change the meaning of the
sentence. Despite the popularity on computer vision and speech recognition fields, deep learning
for natural language processing has proved to be successful for sentence classification purpose
and can provide a new layer of comprehension about a specific content or context in order to help
understand key features that can have an extra impact on a sentence or content.

e FEither in a organisational context or a personal context associated with SmE, there is the need
of a simulation environment with agents, that can help to understand how the environment reacts
and responds to the information that is given to it. Also, this simulation environment will be used
to understand the impact of the content produced by a virtual profile of an organisation, and by
simulating the virtual profiles of their customers, evaluate the reactions and the behaviour produced
when facing certain types of content. This can help organisations to improve their virtual images

and the impact of their content.
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