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Abstract

Personality plays an important role in various aspects of our daily life. It is being
used in many application scenarios such as i) personalized marketing and advertisement
of commercial products, ii) designing personalized ambient environments, iii) personalized
avatars in virtual world, and iv) by psychologists to treat various mental and personality
disorders. Traditional methods of personality assessment require a long questionnaire to
be completed, which is time consuming. On the other hand, several works have been pub-
lished that seek to acquire various personality traits by analyzing Internet usage statistics.
Researchers have used Facebook, Twitter, YouTube, and various other websites to collect
usage statistics. However, we are still far from a successful outcome. This thesis uses a
range of divergent features of Facebook and LinkedIn social networks, both separately and
collectively, in order to achieve better results. In this work, the big five personality trait
model is used to analyze the five traits: openness to experience, conscientiousness, extro-
version, agreeableness, and neuroticism. The experimental results show that the accuracy
of personality detection improves with the use of complementary features of multiple social
networks (Facebook and LinkedIn, in our case) for openness, conscientiousness, agreeable-
ness, and neuroticism. However, for extroversion we found that the use of only LinkedIn
features provides better results than the use of only Facebook features or both Facebook

and LinkedIn features.
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Chapter 1

Introduction

This research work intends to explore various online social networks (OSNs) for the purpose
of personality assessment. According to the Nielsen company (2010), an individual’s total
time spent on OSNs in the United States has increased from 15.8% to 22.7%, while time
spent on email has decreased from 11.5% to 8.5% [25]. Two-thirds of the online population
surf social networking and blogging sites, which accounts of approximately 10% of the total
time spent on the Internet [25]. This pattern is consistent across the world; Facebook has
become the 9th most popular brand online. It consists of around 20.5 million users and
the average time spent per person on Facebook is 3 hours 10 minutes in a day. In addition
to Neilson’s study, according to a report by PewResearch on social media update in 2013
[23], 73% of adults who use the Internet spent a great amount of time on OSNs. Therefore,
we can conclude that OSNs are a globally common medium of communication. People
share their views, activities, interests, and other daily life attributes on OSNs, which can

be quite useful in personality analysis.

1.1 Motivation for Personality Assessment

Researchers have recently been obtaining personality information from various sources to
perform more accurate personality analysis. They have attempted to relate personality to

diverse human characteristics. We discuss the need for personality assessment in different
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scenarios as follows:

Advertisement It is essentially the process of informing the public of producers’ activ-
ities and products, and increasing market need and company profit. Birknerova et
al. [11] suggested that users’ buying preferences depend on psychological factors.
Each individual’s preferences differ based on their unique personality. The role of
psychology in advertising is to give their target audience the impression that they
absolutely require a given product to fulfill a social or personal need. Thus, it follows
that the buying tendencies of a user can be manipulated when the advertiser has

his/her personality information [34], [7], and [32].

Ambient environment It is an environment that adjusts itself according to the feel,
setting, mood and character of users in it. Such environments provide comfort and
convenience to the users. However, each user’s comfort and convenience needs differ.
For example, some individuals prefer to be in brightly lightened room, whereas others
may opt to stay in a dimly lightened and comparatively dark room. Furthermore,
people have different preferred music, food and other basic amenities. Therefore,
there is a need for personalized ambient environments adjusted according to users’

personalities to provide them with a better experience.

Psychology In order to treat various psychological and personality disorders, it is impor-
tant for psychiatrists to know a patient’s personality [21]. This information can be
very useful in analyzing a patient’s social behavior. It is also helpful in predicting

the reaction of a patient at different stages of treatment.

Virtual world Avatars have become very common in various applications such as online
gaming, advertisement and education. They are found to be very useful in getting
users’ attention and giving them an entertaining and high-quality experience. Avatars
also play an enormous role in character representation and tend to give a realistic
perception to the user [52], [35] . However, current avatars are homogeneous and
do not accurately represent a character’s personality. Conversely, many personalized

avatars behave similarly to the character they represent, thereby enhancing the user



experience.

Others Personality information can also be useful in determining other factors such as

[26]:

e To know important outcomes of life such as divorce, occupational attainment
and morbidity. Roberts et al. [48] suggested that personality traits can influ-
ence life events such as divorce and occupational attainment. Therefore, it is
important to know crucial personality traits (traits that can affect such factors)

to avoid the consequences of unexpectedly occurring events in life.

e Hirsh et al. [33] from the University of Toronto presented a study showing that
the political preferences of people can be predicted based on their personality.
They suggested that it is possible to know political orientation (Conservative,
Liberal or National Democratic Party) of a person by analyzing his/her person-

ality [16].

The above discussion justifies the need for developing automated methods to assess the

personality of individuals.

1.2 Thesis Goal and Contribution

An individual’s personality can be defined as a combination of his/her emotional, attitu-
dinal and behavioral responses. Personality assessment has been a widely researched topic
in various fields including psychology, medical science and social media. Researchers have
also attempted to relate personality traits to diverse human characteristics such as buy-
ing tendencies [I1], political orientations, study interests, language and career preferences.

Furthermore, personality traits can even be associated with human relations and divorce.

Previous studies on personality assessment suggest that there are five main personality
traits: openness to experience (for simplicity, we will call it “openness” in the rest of
this thesis), conscientiousness, extroversion, agreeableness, and neuroticism. These traits

are known as the “big five”, a standard that is widely used to measure personality. The
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traditional method of assessing these traits, often employed by psychology researchers,
involves a time-consuming process requiring a lengthy questionnaire to be completed by
the users. In such cases, the results can be different each time as they are usually dependent

on many contextual factors such as mental state of the user and his/her environment.

Recently, a dramatic rise in the use of OSNs such as Facebook, LinkedIn and Twitter has
been observed. These OSNs own the behavioral data of millions of users. This has resulted
in numerous personality related researches within the social media community, focusing
mainly on the relationship between the big five personality traits and OSN features. For
example, Bachrach et al. [§] investigated the relationship between user openness and the

number of likes and status updates on Facebook.

Although there has been some success in social media driven personality assessment
research, the accuracy of the existing approaches is often limited. Furthermore, most of
the present works utilize data from a single OSN. Since users often possess multiple OSN
accounts, features extracted from multiple OSNs can provide complementary information,
which may not be possible to obtain via a single OSN. This can improve the overall accuracy

of personality assessment.

The goal of this thesis is to improve the accuracy of automated personality assessment
methods using multiple OSNs. To achieve this goal, the thesis presents a new method
for assessing an individual’s personality. The core idea behind the proposed method is
to extract complementary features from more than one OSN account that an individual
possesses. The features that are found to have a stronger correlation with the personality
traits are then fused to determine the personality traits more accurately compared the
earlier approaches where OSNs are used individually. The utility of the proposed method
is examined using two popular OSNs, Facebook and LinkedIn. The proposed method is
designed to be used to assess the big five personality traits: openness, conscientiousness,

extroversion, agreeableness, and neuroticism.

The main contribution of the thesis is twofold:

1. Design and development of an algorithm to access the big five personality traits has

been performed using both Facebook and LinkedIn features.



2. Furthermore, Identifying the crucial features that contributes to big five personality

trait identification from multiple OSNs.

1.3 Thesis Organization
The rest of this thesis is organized as follows:

e Chapter 2| contains the background details of various personality assessment theories.
The chapter also introduces the two OSNs, Facebook and LinkedIn, that are used
in this thesis for personality assessment. Also, in this chapter, existing personality
assessment works done by the social media community are discussed, and the novelty

of the proposed work is highlighted.

e Chapter |3| first presents the formulation of the problem addressed in this thesis.
Then, the proposed methodology for personality assessment using multiple OSNs is
described in detail. Finally, the chapter presents the experiments, results and analysis
in greater detail including data collection, analysis of the relationship between OSN

features and personality traits, and personality assessment outcomes.

e Chapter 4| concludes this thesis and proposes the future research directions.



Chapter 2

Background and Literature Review

In this chapter, the background details of various personality theories are provided in
Section[2.1] Then, the two OSNs (Facebook and LinkedIn) used in this work are introduced
in Section[2.2] Next, in Section[2.3] existing personality assessment works done by the social
media community are described and the novelty of the proposed work is discussed. Finally,

Section presents the chapter summary.

2.1 Personality Theories

Personality has a significant influence on the way we perceive outside world, think, feel and
relate to other people. The word “personality” itself comes from the Latin word Persona
which stands for the theatrical mask to project different roles of a performer [40]. Hall and
Linsey claimed in 1957 that there are many definitions of personality as it is articulated by
different theorists differently. However, we generally define personality as the combination
of characteristics or traits such as emotions, pattern of thoughts, feelings and behaviors
unique to an individual [I7]. Traits are partly inherent and remain consistent throughout
life, especially after adulthood. However, they can be marginally manipulated with the

help of psychiatrists for an individual’s amelioration.

In the psychology field, there are different personality theories that have attempted to

develop a classification system for individuals who differ in their psychological characteris-
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tics. These personality theories mainly focus on the differences between individuals. Our
aim is to define the concept of personality traits in a descriptive manner and to identify

the major patterns of behavior by which people can be distinguished or compared.

In the following three subsections, we describe the three different personality theories
[18], namely Gordon Allport’s Trait Theory, Eysenck’s Three Dimensions of Personality,
and the Five-Factor Theory of Personality.

2.1.1 Gordon Allport’s trait theory

In 1936, the psychologist Gordon Allport noticed that an English dictionary consists of
more than 4000 words. These words linked to different personality traits and can be useful
to analyze a person’s behavior. He categorized these personality traits into the following

three categories:

e Cardinal traits: These traits can dominate the entire life of an individual to the
extent that the person is known specifically for these personality traits. People with
such personality traits often become synonymous of such characteristics and traits.

However, cardinal traits are rare and develop late in life.

e Central traits: A person’s general characteristics that make up the foundation of their
personality can be described using the Central traits. These traits are not considered
as dominant as Cardinal traits. For example, honest, dishonest, shy, anxious, etc.
can be used to describe a person. Central traits are usually inborn characteristics

which are difficult to change later in life.

e Secondary traits: We can relate secondary traits to the attitude and preferences of
a person. They appear only in a certain situation or under a specific condition. For
example: getting anxious when standing in line or getting nervous while speaking to

groups. These traits can be improved with practice and psychiatric help.



2.1.2 Eysenck’s three dimensions of personality

Another example of a personality trait theory is Eysenck’s three dimensions of personality.
This theory was proposed by British psychologist Hans Eysenck and it has three universal
traits [24]. He believed that many traits are hereditary or inborn and can be shaped by
evolutionary forces. These three traits are sufficient to define a person’s characteristics and

are given below [12]:

e [Introversion/Extroversion: Introversion involves directing attention toward the inner
experiences of a person. Introverts tend to turn inward and focus more on internal
thoughts, moods and feelings rather than seeking external stimulation from their en-
vironment. They prefer spending time alone, usually avoid social gatherings and are
generally quiet and reserved. Conversely, extroversion involves attention to the out-
side world. Extroverts are considered sociable, outgoing, tend to have more friends,
and like to spend their time with groups of people rather than staying alone. On a

scale, introversion is on the low end extroversion is on the high end.

e Neuroticism/Emotional stability: Eysenck measured this trait on the scale of mood-
iness and even-temperedness. Neuroticism refers to an individual’s tendency to be
emotionally unstable and get upset easily. Low neuroticism indicates stable and calm

behavior.

e Psychoticism: After studying people suffering from various mental illnesses, Eysenck
added one more personality dimension to his trait theory which is called as Psychoti-
cism. Psychoticism refers to an individual’s tendency to find difficulty dealing with
reality. Such individuals are antisocial, manipulative, hostile and unsympathetic to

others.

2.1.3 The five-factor theory of personality

The five-factor theory of personality, also known as the big five theory, is the most impor-

tant and widely accepted theory [I]. This theory consists of a hierarchical categorization
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of five personality dimensions:

e Openness: (inventive/curious vs. consistent/cautious). Openness reflects a tendency
or degree of intellectual curiosity, art, creativity and the novelty and variety a person
has. It also defines the extent of imagination and independence that a person com-
prises. Here, imagination does not mean that a person is not realistic but that he/she
is open to consider new ways of doing things. They know how to balance between
existing and new approaches. However, there are some disagreements between theo-
rists about how to interpret openness, which is sometimes referred to as “intellect”.
People with a high degree of openness tend to be imaginative and liberal in their
opinions and thoughts. Poets and artists may be considered as typical examples of

high openness scorers [17].

e Conscientiousness: (efficient/organized vs. easy-going/carefree) Conscientiousness
reflects a person’s tendency to act dutiful, responsible, organized and self disciplined.
They aim for achievement and generally have very high standards for work. Conscien-
tious people prefer to be organized and well prepared rather than being spontaneous.
They have a strong sense of direction, and self-control at work and in their personal

life as well[20)].

e Extroversion: (outgoing/energetic vs. solitary/reserved) Extroverts and introverts
represent opposite ends of a key personality dimension. Extroverts are outgoing and
sociable whereas introverts prefer to spend their time alone and are generally con-
sidered reserved. However, this does not conclude that introverts are unfriendly and
suffer from social anxiety; they just do not seek external opportunities for excite-
ment. Extroverts are more active, energized and optimistic. Although they prefer
group settings and want to be surrounded by people, but they also maintain their

privacy [12].

e Agreeableness: (friendly/compassionate vs. analytical/detached) Agreeableness can
be defined as the ability to be compassionate and cooperative rather than being

suspicious and antagonistic to others. It also measures a person’s trusting and helpful
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nature. People displaying this personality dimension are friendly to almost everyone
and are always ready to help. They possess the primary facets of trust, modesty,
forwardness, and tender-mindedness. Agreeable people are best known for their

warm and tolerant behavior [17].

e Neuroticism: (sensitive/nervous vs. secure/confident). Neuroticism is the emotional
and mental stability of a person under adverse situations. People who score high
on neuroticism can be very sensitive to a stimulus and become nervous easily in a
stressful situation. They also suffer more from anxiety. Conversely, individuals who
score lower on neuroticism are considered consistently calm and stable. Instability of
emotions can sometimes result in feelings of guilt, anger, mental stress and anxiety. It
is believed that people with high neurotic scores tend to have more heart attacks and
psychological disorders than those who have a low neurotic score [51]. This indicates

that neurotic individuals tends to have high range of negative emotions [42], [41].

2.1.4 The personality theory used in this thesis

In this thesis, we use the ‘big five’ theory of personality assessment. The big five traits of an
individual can be obtained using a “big five personality test” developed by the psychologist
Oliver D. John [37], at the University of California, Berkeley. This test consists of nearly
50 questions and takes 10-15 minutes to measure personality traits on a Likert scale. It
provides the traits score in the range of 0 to 100, where 0 represents a low value and 100

represents a high value of a trait.

2.2 Two OSNs: Facebook and LinkedIn

Facebook and LinkedIn are the online social medium for people to interact with others.
Initially, on the Internet we had social tools such as chat forums and newsgroups. Today it
has evolved to include many additional components, such as blogs, fantasy environments,

and OSNs.
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Recently, a rigorous escalation has been seen in the use of OSNs. OSNs are making an
increasingly important influence on our daily lives. OSNs have become a popular medium
of communication and they allow users to share their daily life information and receive
updates from friends and their favorite celebrities. The OSN profile comprises crucial
information which can be used to identify the behavioral pattern of a user. In 2000,
Hamburger published a study suggesting that an individual’s pattern of Internet usage
and their personality are related. He suggested that every person has a different pattern of
usage of these networks which is influenced by the personality of that person. Furthermore,
in 2010, Back et al. [9] proposed that Facebook profiles reflect the actual personality of

users, not self idealized ones.

We categorize these OSNs in two different groups: (i) Formal OSNs, and (ii) Infor-
mal OSNs. The OSNs that are used for general communication purposes, entertainment
activities, sharing views, and connecting with friends are considered as Informal OSNs,
e.g. Facebook. On the other hand, networks that are used for professional, business and
educational purposes are refereed to as Formal OSNs, e.g. LinkedIn. Due to the fact that
both groups of OSNs provide a range of diverse and important information, it is advisable

to utilize both for a better personality assessment outcome.

In this thesis, we use one formal (LinkedIn) and one informal OSN (Facebook). An

overview of these two OSNs is given as below.

2.2.1 Facebook

Facebook is considered to be the world’s largest OSN with more than one billion users.
It was first founded in 2004 by Mark Zuckerberg [44] and then introduced to the world
in 2006. It is used not only as a medium of communication between people with different
geographical locations, but also for entertainment, marketing, advertisement and various
other activities. The profile owners can easily share their views, photos and videos with
their friends. One of the advantages of Facebook is that it allows an unlimited number of
uploads for posts, photos and videos unlike other OSNs such as Photobucket and Flicker.

Furthermore, the privacy settings of Facebook offer a great deal of flexibility to users who

12



want to share content with a particular person, a group or their entire friend list. It also

provides a variety of other features such as messaging and audio-video calling.

2.2.2 LinkedIn

LinkedIn is a business-oriented OSN which is used by employers, employees, and students
for professional networking. It was founded in 2002 and launched in 2003. It currently
has 259 million users from more than 200 countries. Any person who has an email address
can become a member of LinkedIn and share his/her expertise and accomplishments. This
OSN is accessible in 20 different languages, with English being the most common. As of
2013, it is reported to have nearly 65.5 million Unites States visitors and 184 million visitors
globally. Unlike Facebook, LinkedIn connections refer to the contacts who have same level
of relationship. Users can upload their resume and seek jobs and business opportunities.
For identification purposes, users can post their own photos and also see other’s photos.
It brings potential employers and job seekers to the same platform to facilitate business
networking. They can share their achievements, awards, success and records, and can
also congratulate others for the same. Consistent with these developments, employers are

increasingly using LinkedIn for pre-selection and recruitment purposes.

LinkedIn allows people to send or receive online recommendations for their professional
abilities and characteristics. It introduces people to potential colleagues and employers
in their own field as well as in other fields. LinkedIn also helps users find job postings
on its website from various employers. The greatest benefit is that the users can find job
postings exclusive to LinkedIn that are not advertised elsewhere because they require more
than one or two recommendations through LinkedIn. Furthermore, a person may get the
opportunity to meet people who are already working in the area or company where he/she

wants to work. This helps to know more about the area and prepare for interview [22].
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2.3 Previous Works

In this section, we review existing personality assessment research works done by the social
media community. We found that there are many psychology works that relate personality
traits to online social behavior. They found some evidences that personality and online
behavior do have link to each other. For example: people scoring on high neuroticism
often use more social media services like Facebook, Twitter and blogs [19], [30]. However,
some studies found a negative correlation between neuroticism and overall Internet usage
[54]. Moreover, people with emotional instability seems to have additive behavior on the
Internet [31], [43], [45]. A study done by Blumer et al. describes briefly about relation of all
five traits and online behavior [I3]. This implies that there is a inconsistency in previous
findings. There are also numerous studies exhibit on obtaining these traits from OSNs
automatically using machine learning algorithms. However, the accuracy of personality
trait detection from OSNs is typically low. We found various works that used features
from only formal or informal OSNs to obtain the personality traits. However, the use of
features from both dimensions of OSNs has not been explored yet, which we do in this
thesis. Below, we discuss existing works that are related to the work proposed in this

thesis.

In 2000, Amichai-Hamburger and Ben-Artzi [4] presented a study that says that In-
ternet use is related to personality. They analyzed the Internet use patterns of different
men and women with Extrovert and Neuroticism traits. According to this study, men were
found to be positively linked to leisure services for extroversion, whereas neuroticism was
negatively correlated to information services. However, for women, the results were the
opposite for these services. These outcomes are important because they indicate that per-
sonality is an essential and highly relevant aspect of Internet behavior analysis. Similarly,
Amichai-Hamburger et al. [2] successfully showed the relation between Internet usage and
personality. They suggested that personality is indicated by which is an important factor
in understanding why people behave the way they do on the Internet. For a long time,
personality was ignored by the designers who decided the future of the Internet. One

reason for this may be that designers have mainly focused on technological advancement.
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Amichai-Hamburger et al. argued that the only way to improve the lack of personality
perspective on the Internet is to have a cooperative effort from both Internet designers and
psychologists. Since the Internet is powered by human interaction, we cannot understand
the Internet without knowing the personality of the user [3]. In addition to the above
studies, in 2008, Amichai-Hamburger et al. [5] studied the link between personality and
nostalgic websites. In this work, the authors concluded that extroverts made more use of
social services on nostalgic websites than introverts. Furthermore, the authors suggested
that people’s surfing of nostalgic websites affects their pattern of behavior in society. This
indicates that users behave in society the same way as they do in online social interactions.
This suggests that extroverts also maintain their social dominance on OSNs as compared

to introverts.

In addition to the above studies, Ross et al. [49] found that conscientiousness is nega-
tively related to the number of Facebook activities, as conscientious people generally limit
the use of Facebook in order to meet deadlines and obligations. The results of this work
were re-examined by Amichai-Hamburger et al. [6]. They also suggested that individuals
with conscientious personalities generally have higher numbers of friends. The authors
used the analysis of covariance (ANCOVA) in order to examine the effect of conscien-
tiousness on Facebook use. It was found that the individuals who scored higher on the
conscientiousness trait were found to demonstrate less use of the picture upload feature

than individuals who scored lower.

This hypothesis was supported by the results. Individuals who scored higher on the trait
of conscientiousness were found to have a higher number of friends (Mean = 147.8 Standard
Deviation (SD) = 112.6) than individuals who scored lower on the trait of conscientiousness
(Mean = 112.72 SD = 82.49). In this study, all the participants were asked to complete
NEO-PI-R, a self report measure, to assess five personality traits. NEO-PI-R is a widely
used self report measure of the big-five personality traits. It consists of 240 questions which
are scored on a Likert scale from strongly agree to strongly disagree. Furthermore, users’
Facebook information was evaluated and analyzed. Specifically, the following information

was analyzed: basic information and personal/demographic information such as gender,
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birth dates, and hometown, activities, interests, hobbies; and education and work related
information such as university and position description. The main difference between [49)

and [6] was in their methodological approach.

In addition to these works, the big five model was used by Mitja et al. [9] as a reference.
They showed that the Facebook profile reflects the actual personality of an individual
rather than self-idealization. The relation between OSN features and the big five traits
was discussed earlier by Golbeck et al. [28] as well. They examined the correlation between
the big five traits and the linguistic features of Twitter such as frequency of swear words,
perceptual words and demographic information from the user’s profile. They also used non-
linguistic features such as number of followers, number of followings, number of replies,

and density of social network.

To analyze the linguistic features of a user’s profile they used linguistic inquiry and
word count (LIWC), a linguistic program and a Medical research council (MRC) database
consisting of a psycholinguistic database of 150,000 words with the linguistic and psycholin-
guistic features of each word. In addition, two regression models: Gaussian process and
ZeroR were used to train and test the system with the Waikato Environment for Knowl-
edge Analysis (Weka) software. Their results indicate that the frequency of swear words
has a negative correlation with perceptual words and a positive correlation with words
surrounding social processes. However, the correlation found between personality traits
and Twitter features was very small, i.e. only 11% to 18% of actual personality. A similar
work using the Facebook features was done by Golbeck et al. [29]. A recent study by
Quercia et al. [47] found that extroversion is positively related to the number of friends on
Facebook as well as in the real world. In a similar study, they also found that extroversion

is a positive predictor of Twitter usage.

Another study by Kartelj et al. [39] was based on corpus data which included both
text and meta data of Twitter. The mechanism used here exhibited two sets of features:
LIWC and the MRC database, which showed the correlation to personality characteristics.
The LIWC database software package evaluated the word and correlated it to personality

characteristics, whereas the MRC database found the frequency of use of the words. Simi-
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larly, in another work, Wald et al. [56] incorporated both demographic and text, where 31
demographic and 80 text-based independent attributes from Facebook were used. Three
algorithms, linear regression, REPTree and decision tables were used to compare results.
The REPTree algorithm showed 74% accuracy for openness, 50% accuracy for agreeable-
ness and 34.5% average for overall personality traits and proved to be better than the other

two algorithms.

In addition to the studies from Kartelj et al. [39] and Wald et al. [56], Bachrach
et al. [§ also used machine learning algorithms to predict personality from Facebook.
They used features such as friends, groups, likes, tags, status and photos. The data of
nearly 180000 users was collected using the mypersonality application which allows users
to complete a five-factor model questionnaire. Their study was conducted in two steps: 1)
find the features correlated to personality, and 2) apply a machine learning algorithm to
the data of correlated features. They suggested that openness is correlated to the number
of likes whereas conscientiousness, which reflects a person’s tendency to be disciplined and
organized, is negatively related to the number of likes, but positively related to the number
of photos uploaded. However, their conscientiousness results contradict the results found
by Hamburger and Vinitzky [6] in 2010. Furthermore, agreeableness was not found to
be related to Facebook features, which again contradicts the results of Hamburger and
Vinitzky [6], who found that agreeableness is negatively related to the number of photos
uploaded.

In another work, Verschuren [55] employed five psychology students to provide their
rating on 65 users’ LinkedIn profiles. These ratings were later validated with the help of
a user study. Contrary to their manual approach, we provide an automated method to

determine personality traits using LinkedIn features.

Note that the above mentioned works and several other similar works (using Twitter
and other blogs) used only a single OSN in their studies. Compared to past works on OSN-

based personality assessment, the novelty of our work lies in the following two aspects: we,
e employ multiple OSNs, and
e use LinkedIn features for personality assessment.
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Table 2.1: A comparison of the proposed work with previous works

The work Personality OSNs used Approach used Remarks

traits exam-
ined

Amichai- Extroversion Internet leisure, so- | Manual survey Demonstrated a link between

Hamburger [4] and  Neuroti- | cial and, informa- personality and the Internet

cism tion services

Amichai- Extroversion HEVREA (nostal- | Manual Found no effect of extroversion

Hamburger et gic website) on the use of nostalgic websites

al. [5]

Ross et al. [49] Big five traits Facebook Manual survey Extroverts were found to have
more groups and neurotic peo-
ple were found to have more
Facebook wall posts, less pho-
tos and tags

Amichai- Big five traits Facebook Automated Did not find a strong correla-

Hamburger and tion between people’s person-

Vinitzky [6] ality and their Facebook activ-
ities

Golbeck et al. [28] Big five traits Twitter Automated (Pear- | Used linguistic features of
son correlation | Twitter (found a weak correla-
analysis and re- | tion)
gression analysis)

Golbeck et al. [29] Big five traits Facebook Automated (Pear- | Found weak correlation be-
son correlation | tween people’s personality and
analysis) their Facebook activities

Verschuren [55] Big five traits LinkedIn Manual (with the | No LinkedIn features were used
help of psycholo- | and no methodological ap-
gists’ ratings) proach was adopted)

Proposed work Big five traits | Facebook and | Automated Facebook and LinkedIn

LinkedIn features were fused

A comparison of the past works and the proposed work is provided in Table 2.1}

2.4 Chapter Summary

In this chapter, three personality theories, namely Gordon Allport’s trait theory, Eysenck’s
three dimensions of personality, and the five-factor theory of personality were described.
Also, a brief description of the two OSNs (Facebook and LinkedIn) that are used in this

work is provided. Furthermore, the previous works on personality assessment are discussed

18



from different perspectives and the novelty of the work proposed in this thesis is highlighted.
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Chapter 3

Proposed Work

In this chapter, a detailed description of the method proposed in this thesis is presented.
First, in Section [3.1], we formally state the research problem addressed in this thesis. Next,
in Section [3.2] the proposed methodology is described in detail. Experiments and results
are presented in Section Finally, Section presents the chapter summary.

3.1 Problem Formulation

We formulate the problem of combined multiple OSNs based personality assessment as

follows: Let G be a function that receives inputs from a set of n OSNs, S, where S =

{S1,89,...,5.}.

Several features are extracted from these OSNs such as the number of friends, number
of posts, and number of likes, which relate to the personality of an OSN user. In this

research, we use two popular OSNs: Facebook and LinkedIn.

Let F' be the set of features extracted from all OSNs, which can be defined as the union

of a set of features extracted from an individual OSN;, i.e.,

F=U"F! (3.1)
where F? is the set of features extracted from the i OSN.
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Personality traits that a person may have are represented by 7', where T can be either
of the following personality traits; O, C, E, A, or N which represent openness, conscien-
tiousness, extroversion, agreeableness and neuroticism, respectively. These five personality
traits are dependent on the features F' that are extracted from different OSNs, S, and each
trait is denoted by a single value, which is computed using a function G. The function G

takes F' as input and provides personality traits 7', i.e.,
T =G(F) (3.2)

Note that the value of T" is computed by combining all the features F' using the function

G, details of which are provided in Section [3.2.3]

Our goal of this work is to find GG such that the following error function £, is minimized:

E, =|T-T| (3.3)

where T is the personality traits obtained with the help of a user study, which is also
considered as ground truth. Here, T can be either O,C’, E,A, or N. The value of T is

calculated by user study. A lower value of the error function indicates improved accuracy.

3.2 Methodology

The proposed personality assessment method is shown in Figure [(3.1] The method includes
three basic steps: information extraction, feature normalization, and personality modeling.
The first step is to extract different features as numeric and text information from multiple
OSNs such as Facebook (F! = {fi1, fi2 - .- fi9}) and LinkedIn (F? = {fo1, fao . .. fos}). The
next step is to normalize these feature values, followed by the calculation of personality by
fusing normalized features. Based on feature information, we map features and personality
traits to find crucial features (feature which helps to determine and reduce the personality
traits) to determine the personality. Furthermore, we combine all crucial features that
depends on personality for each personality trait correspondingly. This fusion of social
network features helps to minimize the error. The details of each step are given in the

following subsections.
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3.2.1 Information extraction

OSNs have multi-modal information in the form of numbers (number of likes), images,
videos and texts (status, comments). In our case, we focus on mainly numeric and text
based information as it can be obtained easily and accurately. In 1989, Larsen & Katelaar
suggested that positive and negative words are associated with extroversion and neuroti-
cism respectively [41]. Therefore in our research we also considered these two linguistic
features (positive and negative words) to predict personality traits. While the usage of
statistics and basic information can be directly used numerically, we need to apply a psy-
chological linguistic software on text in order to find linguistic characteristics such as length
of text, a negative or positive words, which are used to analyze the attitude of a person. In
our case, we use an LIWC text analysis program that helps to count and sort words into
psychological meaningful categories [53]. It also estimates the count of positive and nega-
tive words used in text. However, text is only collected from LinkedIn but not Facebook.
The reason behind using LinkedIn text is that it reflects the experience level, academic
achievements, and awards. These factors describe the range of discipline of a person. In
addition to that, we extract a set of features from the OSNs (F?, for i = 1 to n). The
extracted features for Facebook and LinkedIn are shown in Table B.Il For the sake of
simplicity, we assume that the feature values in the set F' have already been converted to

numeric values.
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Table 3.1: Features extracted from Facebook and LinkedIn

Feature number

Facebook features

Ji Number of status updates
fi2 Number of posts from friends
J13 Number of friends

J1a Number of pages liked

J15 Number of photos

J16 Number of tags

Ji7 Number of events

fis Number of groups

f19 Number of games
Feature number LinkedIn features

Jo1 Length of text

Jo2 Number of connections
f23 Number of skills

foa Number of positive words
fos Number of negative words
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3.2.2 Feature normalization

The normalization of features is an important step in our method due to the fact that each
feature has its own range varying from zero to an unknown value, which is generally a large
number. To fuse different features together, we need to bring them on common measuring
scale and normalize them on a feature values between 0 and 1. We formally describe the

normalization steps below:

1. Divide features by the number of years in order to obtain the feature value per year.
For example, if a user has f status updates so far, divide it by the number of years

the user has been active on the OSN to obtain f' = f/years.

2. For user specific features, such as posts and tags, further divide the features by the

number of friends to obtain f” = f’/friends.

3. Normalize each feature by scaling between 0 and 1. Here, we consider the average of
features to be 0.5. Below average and above average values map to [0-0.5] and [0.5-1],
respectively. We obtain the normalized feature value f of a given feature value f”

using the following equation:

;

1 (f"—avg(f"))
2 + 2><(maz(f”)gfavg(f”))’ f” > CLUg(f”)

f - 2><a1])cg(f”)7 f// < G,Ug(f”) (34)
%, otherwise

\

In the above equation, avg and max denote the functions that return the average

and maximum values of f”, respectively.

This normalized feature matrix is used to determine personality traits (as described

in the next section).

3.2.3 Personality modeling

A feature can be related to a given personality trait in different ways. To study the nature of

the relationship, we need to find the correlation between the personalities of the OSN users
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and the corresponding feature values. Let us assume that Cr = {cry;|1 <i<m,1 <j <[}

is a correlation matrix between m personality traits and | = |F| features.

The features that affect the personality will have significant values in the correlation
matrix. In the experiments we found that the correlation value of each feature is different
for each trait. From the experiments we learned that any feature with an absolute corre-
lation value from +(0 — 1) can affect the corresponding personality traits. Therefore, we
found correlated crucial features with the trial and error method. The set of correlated fea-
tures obtained is denoted as F,,. € F. We have removed the personality trait subscript for
clarity. A personality trait can be related to the feature positively or negatively depending

on the sign of the correlation coefficient.

Let us denote positively correlated features as F.f and negatively correlated features as

e,

ie., F, = FI UF,. To combine these positively and negatively correlated features,

we use the following formula:

T= Y wf)fi+ Y, (-1 (3.5)

VfieFS Vfi€Fe
where 7" is the normalized personality trait value between 0 and 1, and w(fy) is a
function that returns the weight of feature f which is obtained by scaling the absolute
value of the corresponding correlation coefficient such that the sum of all weights for
features in F,, is unity. The standard personality trait value T is obtained by multiplying

T' by 100, i.e., T = 1007".

For example: we first extract two OSN features i.e. number of likes (from Facebook)
and number of skills (from LinkedIn), which are measured 20 and 30. In order to normalize
the number of likes feature, we divide it by the number of years, say 2, resulting into a
value 10. Further, this resulted value of number of likes, 10, is then normalized on a scale
0-1 using Equation [3.4] considering the maximum value of number of likes, say 100. In
our implementation, we used the maximum value obtained within 31 users. Therefore,
we divide 10 by 100 and finally get the normalized value of the number of likes as 0.1.
Similarly, the normalized value of the number of skills feature will be 30/100 (i.e. 0.3).
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For LinkedIn features, we do not use the first and the second step of normalization due
to the reason that LinkedIn does not disclose information about the joining year. After
normalizing all the features, we find the correlation between the personality trait values
and the normalized values of different features. Let us consider, for openness to experience
trait, we obtained a score 30 on a scale 0-100 with the help of user study, and it was found
correlated to both the features; number of likes and number of skills. We then combine the
values of these features using Equation where we first convert all negative values into
positive values by subtracting it by 1 and then multiply each normalized features to its
weight (correlation values) to further add all feature values, to find the value of openness

of experience.

3.3 Experiments and Results

The main goal of our experiments is to find the relation between features and personality
traits, and to show that the error in personality detection can be reduced using combined
features of multiple OSNs. In this section, we will first discuss the data collection for our
experiments (in Section . Then we will analyze data to explore the relation between
features and the big five personality traits (in Section [3.3.2)). Finally, in Section [3.3.3]
we will detect these personality traits using (1) only Facebook features, (2) only LinkedIn
features, and (3) features from both Facebook and LinkedIn.

3.3.1 Data collection
Participants

The data of 31 people from different locations was collected. Some of them were graduate
students and others were employed at different organizations. Participants were both
females and males of different ages from 18 to 50. We have involved people from different

fields to bring diversity to the data set.

The identities of all the participants were kept anonymous during the personality test
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using Globally Unique Identifier (GUID). GUID is a 128 bit integer number which is used
to name or to identify a resource. The generation algorithm of GUID is unique enough that
if 1,000,000,000 GUIDs per second were generated for 1 year the probability of a duplicate
would be only 0.5. In our case, we have only 31 users, therefore we can rely on the GUID

numbers.

Procedure and measurement

The collected data was of the following two types: i) OSN based, and ii) user study based.

We describe them as follows:

Facebook and LinkedIn data collection The user information uploaded on Facebook
and LinkedIn was collected using a PHP SDK and MySQL and was analyzed using
Matlab. The detailed description of the implementation is given in Appendix [A]
There are several features used for research, which are given in Table [3.1] With this,

we found patterns of OSN usage of different people.

The rationale for choosing Facebook and LinkedIn features is as follows:

1. Rationale for choosing Facebook features: It is well known that Facebook is
currently the most widely used OSN for communication and sharing views.
Therefore, we expect that it can provide useful information about a person
which can help to find the personality traits. We chose to use the following

Facebook features due to the reasons given below:

(a) fi11 (Number of status updates) : We postulate that extroverted and agree-
able individuals should have a large number of status updates. The reason
behind that is that extroverts tend to talk more and share their feelings
more often than others [12] [I8]. Therefore, they should have a positive
relation to the status update feature.

(b) fi2 (Number of friends): We suggest that fio (number of friends) should be
correlated to extroversion and agreeableness due to the reason that extro-

verts like to make new friends and meet people [12]. In addition to that,
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people like agreeable individuals and wants to be their friends due to their
warm and helpful nature [3§] [I].

fi3 (Number of posts by friends): We hypothesize that agreeable individuals
should have more posts on their time-lines from their friends due the reason
that they are the most liked personality among all other [3§].

fi4 (Number of likes): We postulate that the individuals who have high
openness scores would be more creative, like to explore new things, and
appreciate new inventions. They get bore easily because of their tendency
to pursue new interests, they tend to have more likes on Facebook [17].
fis (Number of photos): We believe that extroverted and conscientious
personalities would have more photos. The idea behind this relation is
that extroverts are outgoing people. Moreover, they love to share their
life events with their friends which leads them to upload more photos. On
the other hand, conscientious individuals, rather than spending their time
on status updates or other online activities, prefer to work due to their
hard working and disciplined nature [17]. However, they like to update and
share their awards with their friends and other people. This behavior leads
them to upload more photos to share their awards and achievements. Our
assumption is supported by the result obtained by Bachrach et al. [8] where
they showed that more conscientious people tend to upload more photos.
f16 (Number of tags): The people having high scores on agreeableness would
have more tags from friends because they are the most liked people and
usually have more friends [17],[38] and [I].

fir and fis (Number of events and number of groups respectively): We
surmise that neurotic individuals would have less fi7 (number of events)
and more OSN groups online [38] [I]. Neurotic individuals tend to have
low self esteem and confidence which leads them to avoid social gatherings,
parties and events. In addition, in real scenarios neurotic individuals tends
to have feelings of insecurity, inferiority, and shyness [I7]. Therefore, this is

a very presumptuous that in order to feel better and compensate, perhaps
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they involve with more online groups.

(h) fi9 (Number of games): We propose that fig (number of games) should
have a link with openness and neuroticism. The idea behind the relation
between fi9 (number of games) and openness is that open people like to play
different types of games because they tend to change their interests very
often and move on the new things. On the other hand, neurotic individuals
like to spend their time playing games to avoid stress and anxiety [45],
[14]. We do not find any reason to link games with other personality traits.
Note that although extroverts are fun-loving and athletic. They prefer to
play more outdoor games instead of playing online games. Conscientious
people like to spend their time in more meaningful ways such as doing their

professional work rather than playing games.

2. Rationale for choosing LinkedIn features: We noticed that LinkedIn is one of
the most widely used OSNs by professionals and students. Hence, we believe
that the information available from LinkedIn can be vital in the analysis of the

big five personality traits of a person.

(a) fa1 (Length of text): From [I5], we identify that personality is also related
to a person’s achievements, success, rewards and experience. In order to ex-
tract this information, we use the length of text from the LinkedIn profile as
it usually reflects that individuals having more achievements, rewards and
experience tend to have lengthy profiles. We believe that the fy; (length
of text) can be related to various features such as conscientiousness, open-
ness, and extroversion. Note that conscientious people tend to have more
achievements and awards. In addition to that we assumed that individuals
who are open to experience, have a great vocabulary and like to present
their ideas in more expressive ways, write lengthier text. Moreover, extro-
verts who like to speak more and has many things to say should have more

length of text in writing as well.

(b) fao (Number of connections): We postulate that the fo; (number of connec-
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tions) reflects the level of extroversion in a person. The reason behind this
is that on LinkedIn users have only professional connections, as opposed to
having both personal and professional friends on Facebook. It is noticed
that on Facebook people can have their own family, relatives and family
friends as their friends. In this way it is difficult to determine if a person is
actually an extrovert. On the other hand, LinkedIn connections are often
legitimate and professional which can show how extroverted a person is in
the external world.

(¢) fo3 (Number of skills): We propose that a high fo3 (number of skills) should
be related to openness and conscientiousness. Openness to experience indi-
vidual have a wide range of interests [14]. On the other hand, conscientious
individuals are extremely devoted to their work and success. We believe
that those who have more skills will have higher conscientiousness, as con-
scientious individuals are more organized and achievement-oriented in their
lives [10], which leads them to learn more professional skills.

(d) fas (Positive words): It is believed that the words people use in their daily
lives can reflect important aspects of their social and psychological worlds.
The words they use can reveal a person’s behavior, attitude, and overall
personality [46]. Therefore, we postulate that positive emotions should
be linked to extroversion, agreeableness and neuroticism. We know that
extrovert individuals are highly optimistic and exhibit positive emotions
[27], [42]. We also assume that agrecableness would have a positive relation
to the number of positive words because agreeable individuals are generally
calm, cooperative, helpful and sympathetic to others [10]. In contrast,
neurotic individuals should have a negative correlation to positive words
because they are more prone to negative emotions [14].

(e) fa5 (Negative words): Neurotic individuals would also use a large fo5 (num-
ber of negative words) because they are more prone to negative feelings

such as anger, hostility, guilt and anxiety [20].

The above postulates will be validated with experiments in Section [3.3.2]
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User study based data collection A user study was performed with 31 people. All
participants were asked to complete the personality assessment test with the widely
used big five model self-report measure. The test consists of 50 questions scored on a
five-point Likert scale from strongly disagree (1) to strongly agree as (5). The survey
questionnaire is provided in Appendix [B] Figure shows an example of the big five

personality test results.

Text to numeric data conversion

The two types of data that we utilize are: numeric data and text data. In our imple-
mentation, we get the numeric data from OSNs. For example: 2 number of likes (from
Facebook) or 5 number of skills (from LinkedIn). Because it is difficult to interpret and
fuse the textual data, we converted it to numeric values. In order to analyze the textual

data collected from Facebook and LinkedIn, we used LIWC linguistic software.

Over the last three decades, researchers have provided evidence to suggest that sys-
tematic associations between personality and usage of words differ for each personality.
[57]. More recently, Lecobelli et al. used LIWC for a large scale study on personality and
linguistic features [36]. The authors suggested that personality is related to fo, (positive
words) and fy5 (negative words). Hence, in our work, we used LIWC to find f5; (length of

text), fasa (positive words) and fo5 (negative words).
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3.3.2 Relationship analysis

In order to study the relationship between the collected OSN features and the personality
traits, we calculated the Pearson’s correlation coefficient between the features and the big

five personality traits values using the data of 31 people.

To correlate the personality traits and OSN features, we first extracted the actual
personality of the users with the help of the user study which consisted of the big five
personality test, as explained earlier in Section [3.3.1] The results of the user study are
normalized between 0 and 100. Here, normalization is important because the maximum
value of each feature is different. In order to analyze them together there is a need to bring
them on the same scale. In addition, each Facebook and LinkedIn feature is normalized
to its maximum value. However, the fos (number of connections) obtained from LinkedIn
is normalized to 500 because the maximum LinkedIn connection that can be extracted is
500. Also, we can only have a maximum of 60 skills on LinkedIn. Therefore, the skills

feature was normalized to 60.

The relationship between 9 Facebook and 5 LinkedIn features, and the big five person-

ality traits is discussed as follows.

Relationship between Facebook and LinkedIn features and openness trait

The correlation value between Facebook and LinkedIn features and the openness trait is
shown in Figure 3.3l In the given figure, we can see that the most prominent correlation
exists between openness and the Facebook and LinkedIn features. It is found that the
f14 (number of likes) have C'r = 0.86. In other words, people having more fi4 (number
of likes) on Facebook are found to be more open. Another significant correlation value
for Facebook features has been seen with fio (number of games) (Cr = 0.68). On the
other hand, openness has a positive correlation with two LinkedIn features, fy (length
of text) and skills, with correlations of 0.32 and 0.33 respectively. It is also noticed that
result shows a negative correlation between openness and fo4 (number of positive words).

However, this 'Cr’ result contradicts the behavior of open personalities. In Section we
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Figure 3.3: Correlation coefficient values between Facebook features (fi; to fi9) and

LinkedIn features (fs; to fos) and the openness trait

examined the true relation and analyzed that fo5; (positive words) are not useful to predict

openness. Therefore, we do not consider fo5 (positive words) to analyze openness.

Relationship between Facebook and LinkedIn features and conscientiousness

trait

The relationship between the conscientiousness trait and the Facebook and LinkedIn fea-
tures is shown in Figure in terms of the correlation coefficient. It can be seen in the
figure that there are both positive and negative correlation values. The conscientiousness
trait has a high positive correlation (Cr = 0.83) with Facebook feature fi5 (number of
photos). It is also found that conscientiousness shows a relatively high positive correlation
with three LinkedIn features: fo; (length of text), fos (number of connections), and fo3
(number of skills) given as Cr = 0.75, Cr = 0.61, and Cr = 0.70. Adversely, it has a

negative correlation (Cr = —0.24) with the Facebook feature fi3 (number of friends).

Therefore, it is evident from Figure [3.4] that the personality trait of conscientiousness
depends on the above mentioned highly correlated Facebook (mainly the fi5 (number of

photos)) and LinkedIn (mainly fo; length of text, fsy connections and fo3 skills) features.
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(f21 to fo5) and the conscientiousness trait

In later experiments, we will show that by incorporating these features, we can significantly

reduce the error in assessing the conscientiousness trait.

Relationship between Facebook and LinkedIn features and extroversion trait

Figure |3.5| shows the correlation between the extroversion trait and the features from
Facebook and LinkedIn. Similar to the previous two traits, we can see that there exists both
positive and negative correlations. As can be seen in the figure, the Facebook features fis
(number of friends) and fi5 (number of photos) have a relatively high positive correlation
(Cr = 0.38 and Cr = 0.48 respectively), followed by the LinkedIn feature fs; (length of
text) with Cr = 0.78 and fy (number of connections) with Cr = 0.91. We can see that
some of the above results contradict the postulates given in Section [3.3.1] For example: we
postulated that extroverts should have a positive correlation to number of status updates,
however we do not find a high correlation with it. Therefore we will consider and examine
both postulated and highly correlated features in Section to find out how these

features contribute in reducing the error for assessing the extroversion personality trait.
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Figure 3.5: Correlation values between features (fi; to fi9) and LinkedIn features (fa; to

fas) and the extroversion trait

Relationship between Facebook and LinkedIn features and agreeableness per-

sonality trait

As shown in Figure [3.6] the agreeableness trait has both positive and negative correlations
with features. We found that there is a reasonably high positive correlation between the
agreeableness trait and Facebook features such as C'r = 0.61 with fi; (number of status
updates), Cr = 0.59 with f12 (number of friends), and f5 (number of photos). While these
results support our postulates, we also found a new feature fi14 (number of photos) with
a high correlation. Furthermore, skills from LinkedIn provided a high positive C'r = 0.75
and fyy (positive words) a relatively high negative Cr = —0.44 partially supported by
postulates. We believed that fi5 (positive words) should have a positive correlation with
agreeableness, however results show this to be untrue. This result contradicts the basic

behavior of agreeable individuals. Therefore, we further examine it in Section |3.3.3]
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Relationship between Facebook and LinkedIn features and neuroticism trait

Similar to the other four traits, the neuroticism trait is also both positively and negatively
correlated with various features from Facebook and LinkedIn, as can be seen in Figure [3.7]
We observed that it is positively correlated with Facebook feature fi9 (number of games)
with Cr = 0.25 and negatively correlated to fio (number of friends), fi3 (number of
posts), fi5 (number of photos), and fi7 (number of events) with Cr = —0.32, Cr = —0.27,
Cr = —0.35, and Cr = —0.25 respectively. These results are partially supported by our
postulates where the fi; (number of events) and fig (number of games) were expected
to have good correlation. Interestingly, the neuroticism trait is found to have a stronger
correlation with the other three Facebook features (fio (number of friends), fi3 (number of
post), fi5 (number of photos)) as well. Therefore, these features are examined in Section
3.3.3] Furthermore, we noted very high positive correlation of neuroticism and LinkedIn
features which are: foy (positive words) and fos (negative words) with Cr = 0.90 and
Cr = 0.83. These outcomes partially support our postulates mentioned in the previous
section. Surprisingly, neuroticism was found to have a positive correlation with positive
words. In the next section, we will further examine the effect of these features on the

neuroticism trait.

3.3.3 Personality assessment results
Feature extraction and normalization

To determine the big five personality traits, nine Facebook features i.e. fi1, fi2, fi3,-- -, fi9
and five LinkedIn features i.e. fo1, faa, fos, - .., fas(as shown in Table were used. Since
the number of years a user has been on Facebook varies for different users, we normalized
the Facebook features based on the number of years. Note that there are some features
that can further vary based on other features, for example, fio and fig can vary based
on the number of friends in the user circle. Therefore, further normalization of Facebook

features was performed on the basis of fi2 number of friends.

In our experiments we used five LinkedIn features (i.e. f; to fo5). Note that these
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features were also normalized to their maximum values. However, unlike Facebook features,
LinkedIn features were not normalized based on the number of years. This is because a
LinkedIn profile does not provide any information on the year of the user’s joining the

OSN.

Validation

In this step, we find the difference between the vectors T and T , i.e., the value of the trait
achieved from the user study and the value achieved from the OSN feature set. In other
words, we compute the error E, (as per Equation . In order to find the accuracy of the
proposed method for all five traits, we used median, mean and mode as average functions
(in Equation . While choosing the Facebook and LinkedIn features for determining the
value T' of the five traits, we considered the correction between the OSN features and the

traits. For the sake of simplicity, the consolidated presentation of the correlation values is

provided in Table [3.2]

Overall, we found that for the openness, conscientiousness, agreeableness and neuroti-
cism traits, the error F, is less when both Facebook and LinkedIn features are used together
as compared to the error when Facebook and LinkedIn features are used separately. How-
ever, for one trait (extroversion), this is not the case. In other words, for the extroversion
trait, LinkedIn features work quite well and adding Facebook features does not offer any
benefit. In order to understand the reason behind this we tried to analyze the behavior of
both social media features. As we know, for the extroversion assessment we found the fol-
lowing crucial features: fi; (number of status updates), fio (friends), fo1 (length of text),
faa (connections) and fo5 (negative words). Out of these features, some behave in a similar
manner such as friends from Facebook and connections from LinkedIn, and some differently
such as status updates. fo; (length of text) and fo4 (number of negative words), which
can be common in both Facebook and LinkedIn, behave in a similar fashion. However, in
our research we only use text from LinkedIn due to the unavailability of Facebook textual
data. We believe that a similar feature can provide better results if used collectively from

two OSNs. Therefore, we suggest that there is a possibility to further improve the result
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Table 3.2: Consolidated presentation of the correlation values between OSN features and

the big five traits

OSN Features | O C E A N
Facebook fi1 0.38 0.32 0.12 0.61 0.09
Facebook fi2 0.35 0.4 0.38 0.59 -0.32
Facebook f13 0.18 0.25 |-0.01 0.19 -0.27
Facebook fia 0.86 0.27 | 0.09 0.47 -0.03
Facebook fis 0.36 0.83 | 048 0.5 -0.35
Facebook fi6 -0.06 -0.12 | -0.09 -0.19 -0.1
Facebook fi7 0.34 0.34 | 0.32 0.42 -0.25
Facebook fis 0.36 0.03 | 0.07 0.38 0.09
Facebook f19 0.68 -0.04 | 0.12 0.09 0.25
LinkedIn fo1 0.32 0.75 | 0.78 0.32 -0.3
LinkedIn foo 0.37 0.61 0.91 0.34 -0.12
LinkedIn fo3 0.33 0.7 0.31 0.75 -0.6
LinkedIn fou -0.39 -0.44 | -0.22 -0.44 0.9
LinkedIn fos -0.17 -0.34 | -0.13 -0.24 0.83
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Figure 3.8: Openness Error E, using (i) both Facebook and LinkedIn features (Proposed
method) (ii) only Facebook features and (iii) only LinkedIn features

by adding a Facebook textual feature.

In the following paragraphs, we discuss the results in detail for each personality trait.
We elaborate first on the openness, conscientiousness, agreeableness and neuroticism traits

and then on the extroversion trait.

Results for the openness trait: We found that the proposed method provides better
results for openness rather than using only Facebook or LinkedIn. The error graph

between proposed method, Facebook, and LinkedIn features is shown in Figure [3.8]

For Facebook, we accomplished the results as expected. In order to find the most
relevant features we used a trial and testing method where all the features and their
combinations were tested to get minimum error. On the other hand, after trial
and testing it is noticed that the features which are moderately correlated are most
relevant and provide less error for openness, such as fo; (length of text), and fo3

(number of skills) having correlation values 0.32, and 0.33 respectively (given in Table
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. However, we previously found a good correlation between LinkedIn features fo;
(length of text), foo (number of connections), fo3 (number of skills), and foy (number
of positive words) and openness. This indicates that we can not only rely on high
correlation, although it would be a preference, but in our research we test all the

features and find the most relevant features.

Moreover, we have noticed a reduction in error for openness by collectively using
Facebook and LinkedIn features (proposed method). The error computed is 3.71
which is much less than when using only Facebook or LinkedIn features individually,
i.e 10.64 and 15.56 respectively. In the error graph we can see that in maximum cases
the proposed method gives more accurate results than the other two cases except for
one user (27th user) as shown in Figure 3.8/ Therefore, we can say that the level
of openness of a person can be computed by knowing his/her fi, (number of likes),
fio (number of games), fo; (length of text) and fo3 (number of skills). Our results
support some previous studies, such as [§], and [39], done using the Facebook feature
number of likes. Moreover, in our study we found some new crucial features such
as fio (number of games), fo; (length of text), and fo3 (number of skills) which can
equally contribute to the analysis of the openness trait. Furthermore, our results also

support our assumptions in section [3.3.1]

Results for the conscientiousness trait We found that the Facebook feature fi5 (num-
ber of photos) gives the least error among all Facebook features as expected and
postulated in previous sections. We also obtained speculated outcomes for LinkedIn.
After trial and testing we observed that out of all five LinkedIn features used, only
fo1 (length of text), fo (number of connections), and fa3 (number of skills) together
provided less error than other LinkedIn features. The total error computed, by using

Facebook and LinkedIn, is 12.23 & 7.33 respectively, as given in Table [3.3]

Furthermore, we used the proposed method and found that the combined results
of Facebook and LinkedIn provide better results for conscientiousness using mode
average. The error computed by combining Facebook and LinkedIn features was

noted as 2.61. Therefore, it was observed that the total error (i) for conscientiousness
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Figure 3.9: Conscientiousness Error E, using (i) both Facebook and LinkedIn features (ii)

only Facebook features and (iii) only LinkedIn features

is reduced by 65.13% (i.e. from 10.64 to 3.71) by adding LinkedIn features to the
feature set. Figure shows the error £, graph for all 31 users using the proposed
method. It can be seen in the figure that the plot showing the error using the
proposed method is much closer to zero than the compared to other two options,

resulting in higher accuracy.

Results for the agreeableness trait As mentioned in the previous section [3.3.2 agree-
ableness was found to be highly correlated with the Facebook features fi; (number
of status updates), fi2 (number of friends), and fi5 (number of photos). However,
after trial and testing we noticed that only fi; (number of status) and fio (number
of friends) together contribute to reduce the error. Similarly, the LinkedIn feature
fo3 (number of skills) provides better results than using a combination of both fa3
(number of skills) and fy4 (positive words). The error computed by incorporating
these Facebook and LinkedIn feature is 3.06. We can see that this error is less than

the error computed by using Facebook and LinkedIn independently i.e, 10.12 & 15.46
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Figure 3.10: Agreeableness Error E, using (i) both Facebook and LinkedIn features (ii)

only Facebook features and (iii) only LinkedIn features

respectively. The reduction in error for agreeableness is noted by 69.76% (i.e. from
10.12 to 3.06) by adding LinkedIn features to the feature set. The error graph for
the proposed method, Facebook and LinkedIn is shown in Figure We can see
that the error computed by the proposed method is much closer to zero than in the
other two cases. Additionally, our result is partially supported by a previous study
[8] which showed that highly conscientious people have a large number of photos. On
the other hand, we collected some new crucial features from LinkedIn as mentioned

above.

Results for the neuroticism trait Similar to above three traits, openness, conscien-

tiousness and agreeableness, we tested the different combinations of Facebook and
LinkedIn features. We found that neuroticism was best analyzed by the Facebook
features fi7 (number of events) and fi9 (number of games), and the LinkedIn features
foa (number of positive) and fo5 (number of negative words). The error computed

by integrating these Facebook and LinkedIn features (proposed) is 3.58 which is less
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Figure 3.11: Neuroticism Error E, using (i) both Facebook and LinkedIn features (ii) only

Facebook features and (iii) only LinkedIn features

than the other two options, using Facebook and LinkedIn, which have error of 25.69
& 10.44. We can see the reduction in error in Table [3.3, which is noted as 86.06%
(i.e. reduced from 25.69 to 3.68) by adding LinkedIn features to the feature set. The
error graph for the proposed method, Facebook, and LinkedIn is shown in Figure
[B.11] where we can see that for almost each user the error is much closer to zero when
using the proposed method. This confirms that combined features from multiple so-
cial network provide better results than using a single OSN, which results in higher
accuracy. Our results support the outcomes of [41] which states that neurotic indi-
viduals use more negative words because they are not emotionally stable and tend

be become hopeless, anxious, and hostile.

Results for the extroversion trait Unlike the above mentioned four traits, extrover-
sion better relates to LinkedIn features than combined features of Facebook and
LinkedIn, or only Facebook. We found that fs; (length of text), fo2 (number of con-

nections), and fo5 (number of negative words) can collectively contribute to reduce
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Figure 3.12: Extroversion Error E, using (i) both Facebook and LinkedIn features (ii) only

Facebook features and (iii) only LinkedIn features

the error for extroversion. This result supports our postulates made above in section
. While the Facebook features fi; (number of status updates) and fis (number
of friends) also give good results, we could not see any benefit of adding LinkedIn
features to them. The total error computed by using only LinkedIn features is 2.65
which is less than the other two options: (i) proposed method, and (ii) Facebook
features. The error calculated for these two options is 5.53 and 18.73 respectively.
We can see the reduction in error in Table [3.3] where it is shown that the error is
reduced to 69.40% (i.e, from 18.73% to 5.53%). Our results can clearly be seen in
the error graph for the proposed method, Facebook, and LinkedIn which is shown
in Figure [3.12] Although we could not find any benefit of the proposed method in
the case of extroversion, we were able to conclude that LinkedIn information can be

equally beneficial for personality trait assessment.

Because we only considered five LinkedIn features, our research is limited to them.

Therefore, there is a further need to figure out the crucial features of LinkedIn which
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Table 3.3: Error E, between T' and T using Facebook and LinkedIn, individually and
collectively, for the big five personality trait trait

Trait Using proposed | Using only | Using only | Reduction

method Facebook LinkedIn fea- | in E),
features tures

O 3.71 10.64 15.56 65.13

C 2.61 12.23 7.33 78.65

E 5.53 18.72 2.65 69.40

A 3.06 10.12 15.46 69.76

N 3.58 25.69 10.44 86.06

Table 3.4: Personality traits and relation found with features

Trait Facebook features LinkedIn features
O Number of like, Number of games Length of text, Number of skills
C Number of photos Length of text, Number of skills, Num-

ber of connections

E Number of status, Number of friend Length of text, Number of connections,

Number of negative words

A Number of status, Number of friend Number of skills

N Number of events, Number of games Number of positive words, Number of

negative words

can minimize the error closer to zero. Table gives a brief summary of crucial
features obtained from both Facebook and LinkedIn. Also, in Table [3.3| we can see
the error computed for all three options and the percentage of reduction in error for

all five personality traits.

Scalability

Here we analyze the practicality of the proposed method for personality traits assessment
when more than two OSNs are used. Generally speaking, it is not the number of OSNs
but the total number of OSN features which adds to the computational complexity of the
proposed method.

The proposed method first determines the most relevant set of features and then uses
these features to compute the trait value. The former step has a computational complexity

of O(2"), n being the number of used features. Note that it is of exponential order because
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all the features and their combinations are tested to minimize the error. The latter step
is performed in linear O(n) time. It is important to mention that as the former step is
performed only once, it can be done in advance in an offline manner, and hence it does not

have any significant impact on the practicality of the proposed method.

3.4 Chapter Summary

In this chapter, we have formally described the problem of personality assessment. Also, a
brief description about methods involved in this research was provided which includes: i)
the details about the process of information extraction from OSNs; ii) the process of feature
normalization and, iii) the steps involved in modeling the personality. In addition, details
about the useful experiments and results were presented. In this section, we provided
details on the process of data collection obtained from the survey and OSNs with the
recruitment requirements and participants. We also explained how to measure and use
the OSN features. Moreover, the correlation between the five personality traits and OSN
features was given for both Facebook and LinkedIn. Finally, we provided the validation

for our study and results obtained from the proposed method.
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Chapter 4

Conclusions and Future Research

Direction

The work presented in this thesis is aimed to identify the big five personality traits (open-
ness, conscientiousness, extroversion, agreeableness and neuroticism) in individuals using
informational OSNs. The objective of the study was to reduce the error by incorporating
data gathered from multiple OSNs. We used two OSNs in our research: Facebook and
LinkedIn. We found that there exists a significant relationship between the Facebook and
LinkedIn features and the big five personality traits (as given in Table . However, they
differ in the pattern of usage and level of effectiveness. Our study shows that the correla-
tion between personality traits and OSN features is not straightforward as mentioned in
the previous studies. We noticed that although some features have high correlation with
personalities but they seem not at all beneficial to reduce the error (for example: open-
ness was having a high negative correlation to fo4 (number of positive words), but from
experiments we found that it is not beneficial to consider this feature for determining the
openness trait), where the integration of some other features that had low correlation were

able to reduce the error.
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4.1 Conclusions

This thesis makes the following conclusions:

e In addition to Facebook features, LinkedIn features such as length of text, number
of connections, number of skills, and number of positive and negative words can be

used to assess personality.

e The accuracy of personality assessment results (for four traits: openness, conscien-
tiousness, agreeableness and neuroticism) improves when both Facebook and LinkedIn
features are used together compared to when the features from these OSNs were used

separately.

e In case of extroversion, we do not achieve any advantage of using both Facebook
and LinkedIn features. Rather, extroversion trait is assessed more accurately with
LinkedIn features alone compared to Facebook features only or both Facebook and

LinkedIn features together.

4.2 Future Research Direction

Some interesting aspects for future exploration are:

1. We examined a number of Facebook and OSN features in our research, however it
remains to be seen how network features such as edge centrality and k-score can
impact the personality assessment results and how they can be used in our fusion

model.

2. Integration of other OSNs such as Twitter and MySpace can be an interesting ex-

pansion for this work.

3. We considered the big five personality trait model for this research. Other personality

trait models can be considered in the future in a multiple OSN setting.
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Appendix A

Implementation Detalils

Here we provide the details of implementation performed in this work. We divide the

implementation in two sections: (i) Data extraction from OSNs, and (ii) Data analysis.

A.1 Data Extraction

In order to extract data we used PHP SDK and MySQL databases. Figure shows the
steps involved in data extraction from Facebook and LinkedIn. First, we built a web appli-
cation on Facebook and LinkedIn respectively. To create a sample application on Facebook
and LinkedIn at https://developers.facebook.com/ and https://www linkedin.com/secure/
developer respectively; we needed to take a note of the applications API Key, Secret Key,
OAuth User Token, and OAuth User Secret credentials, which was then used to program-
matically access the APT [50]. Here, OAuth stands for ’open authorization’ which provide
a means to authenticate an application to allow access of account data through an API
without the users needing to hand over their sensitive credentials such as username and
password. There are few fundamental steps involved in the OAuth dance that ultimately
enable a client application to access protected resources from the service provider on behalf

of resource owner (client):

1. The client obtains an unauthorized request token from the service provider.
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2. The resource owner authorizes the request token.
3. The client exchanges the request token for an access token.

4. The client uses the access token to access protected resources on behalf of the resource

owner. owner.

In this research, we use OAuth version 1.0. The description of steps involved in the data

extraction are given below and can also be clearly seen in Figure [A.T]

1. Create a web app on Facebook: In order to get the OSN data we first need to
create a web application which can connect to Facebook and LinkedIn. In or-
der to build an application we first need to have a valid domain (for example:
www.viewmypersonality.com, etc.) which should be SSL certified. This domain
will later work as a canvas for our application. In addition, a domain must have a
database to save the responses. In our research we use a MySQL database in order

to save the responses obtained from different users.

2. Get app id and app secret: Every application has its own Id and Secret which helps
to identify the user/admin. All users has their own app Id and app secret. Therefore,

they are specific for the application.

3. Get access token: There are different kinds of features available on Facebook and
LinkedIn profiles. In order to get the access for each feature we sent a request to the

user.

4. Get OAuth: This step involves to providing a login pop-up window. Once the user
logs in he/she will be able to open the next window containing the app page. Our app
provides an option to allow access to the user’s data or decline. This page contains
of all the information that a user is asked to share. Once the user accepts to share

the data, the authorization process is complete.

5. Getting data by using API:
For Facebook: In order to get Facebook data we user Open graph API. This API
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Data Extraction from OSN

1. Create a web app on 1. Create a web app on
Facebook LinkedIn

2. Get app Id and app

2. Get app Id and app
secret

secret

3. Get access token 3. Get access token

4. Get Oauth using PHP

4. Get Oauth using PHP
script

script
]

5. Use Rest APl and get
response in JSON.

5. Use Open graph API to
get data.

Figure A.1: Steps involves in data extraction
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gives three different permissions to access a user is data as follows: (i) To get data,
(i1) To post, (iii) To delete. In our research we use only to get data permission. We
obtained the results of a Graph API query in a convenient ’JSON’ format that can
be easily manipulated and processed.

For LinkedIn: We use 'Rest API” to get LinkedIn data which can help to capture
the full profile and connections of a user. We obtained the response in the ’JSON’
format. Although Rest API can provide the response in the form of both 'xml” and
"JSON’, but in our research we use only JSON.

The extracted data files were then converted into excel files for use in personality

analysis.

A.2 Data Analysis

For data analysis we used Matlab software. It provides the tools to easily acquire, analyze
and visualize the data. The data extracted from the OSNs in the form of excel files was
used as a database and imported in the Matlab software. In this process, we implemented
our methodology described in Section in Matlab. We first calculated the Pearson
correlation between all five traits and features using the command corr(X). It gives a
measure of the strength of the linear relation between two variables. Finally, we calculated

the error between the traits obtained from the survey and the proposed method.
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Appendix B

User Study

The big five personality test questionnaire that was used in our user survey consisted of

the following 50 questions:

1. Is talkative?

2. Tends to find fault with others?

3. Does a thorough job?

4. Is depressed, blue?

5. Is original, comes up with new ideas?
6. Is reserved?

7. Is helpful and unselfish with others?

8. Can be somewhat careless?

9. Is relaxed, handles stress well?
10. Is curious about many different things?

11. Is full of energy?
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12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

Starts quarrels with others?

Is a reliable worker?

Can be tense?

Is ingenious, a deep thinker?
Generates a lot of enthusiasm?

Has a forgiving nature?

Tends to be disorganized?

Worries a lot?

Has an active imagination?

Tends to be quiet?

Is generally trusting?

Tends to be lazy?

Is emotionally stable, not easily upset?
Is inventive?

Has an assertive personality?

Can be cold and aloof?

Perseveres until the task is finished?
Can be moody?

Values artistic, aesthetic experiences?
Is sometimes shy, inhibited?

Is considerate and kind to almost everyone?
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33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

Does things efficiently?

Remains calm in tense situations?

Prefers work that is routine?

Is outgoing, sociable?

I[s sometimes rude to others?

Makes plans and follows through with them?
Gets nervous easily?

Likes to reflect, play with ideas?

Has few artistic interests?

Likes to cooperate with others?

Is easily distracted?

Is sophisticated in art, music, or literature?
Is politically liberal?

Your gender?

How old are you?

Number of years of formal education you have completed?
How much do you enjoy your profession?

How long have you been involved with your profession?

Note that questions 1 to 47 were mandatory to answer whereas questions 48 to 50 were

optional. This online test uses Likert scale to rate the answers which is given as: Strongly

agree, Agree, Not sure, Disagree, Strongly disagree. This psychological big five personality

test is available online freely at [http://www.outofservice.com /bigfive/|
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