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ABSTRACT

This thesis examines the concept of tie strength and investigates how it can be determined
on the fly in the Facebook Social Network Service (SNS) by a system constructed using the
standard developer API. We analyze and compare two different models: the first one is an
adaptation of previous literature (Gilbert & Karahalios, 2009), the second model is built
from scratch and based on a dataset obtained from an online survey. This survey took the
form of a Facebook application that collected subjective ratings of the strength of 1642
ties (friendships) from 85 different participants. The new tie strength model was built
based on this dataset by using a multiple regression method. We saw that the new model
performed slightly better than the original adapted model, plus it had the advantage of
being easier to implement. In conclusion, this thesis has shown that tie strength models
capable of serving as useful friendship predictors are easily implementable in a Facebook
application via standard API calls. In addition to a new tie strength model, the
methodology adopted in this work permitted observation of the weights of each predictive
variable used in the model, increasing the visibility of the factors that affects peoples’
relationships in online social networks.
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RESUMO

Esta tese tem como objectivo estudar o conceito tie strength (forca de ligacdo) e investiga
como pode ser implementado em tempo real na rede social online Facebook a partir de
um sistema construido através da sua prépria API. Foram analisados e comparados dois tie
strength algoritmos: o primeiro é uma adaptacao da literatura passada; o segundo modelo
foi construido de raiz, baseado em dados colhidos a partir de um questiondrio online. Esse
guestionario estd em forma de uma aplicacdo de Facebook, colhendo assim um total de
1642 amizades de 85 participantes distintos. O novo modelo foi entdo construido baseado
nesse conjunto de dados e usando para o efeito o método de multipla regressdo. Vimos
gue o modelo recém-criado teve um desempenho ligeiramente melhor em relacdo ao
modelo anterior, sendo ainda mais facil de implementar. Em conclusdo, esta tese
demonstra que ambos os modelos sdo Uteis em prever amizades no Facebook e ao mesmo
tempo sdo faceis de incorporar numa aplicacdo de Facebook usando para o efeito a sua
prépria API. Adicionalmente a um modelo de tie strength, a metodologia utilizada permitiu
também compreender quais as varidveis que tém mais influéncia na predicdo de tie
strength, tornando visivel quais os factores que influenciam os relacionamentos das
pessoas nas redes sociais online.
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1. INTRODUCTION

1.1. Goals and Overview

This thesis aims to explore the feasibility of calculating tie strength on the Facebook social
network site live, in real time and using data captured directly from the Facebook API. To
achieve this, a survey in form of a facebook application was built with two goals in mind:
to validate and adapt a previous published offline tie strength model to an online scenario;
and to collect interpersonal data. The data collected was then used to build a refined tie
strength model; this step was achieved by performing a multiple regression analysis on the
data. Finally, both models were analyzed and conclusions draw as to which factors can
indeed predict a friendship between two persons — tie strength prediction. This same
analysis outputs a prediction equation that can be easily incorporated into a Facebook
application.

1.2. Motivation and Background

The exponential rise of social network sites (SNS) in the last years was the main motivation
to engage in this work. SNSs like Facebook, Twitter, LinkedIn, etc. are huge repositories of
information about their users. This information can be used to analyze and study various
aspects of peoples’ lives (Lazer et al., 2009). Today, more than ever, many valuable data
are available to researchers, originating a broad range of research studies. These studies
cover many topics, such as: social capital, influence, information propagation, trust,
privacy, network features, and much more. From all these topics, tie strength was chosen
as the main theme of this thesis.

Tie strength notion was first introduced by Granovetter in his landmark paper: The
strength of weak ties in 1973. Tie strength is defined as a linear combination of the
amount of time, the emotional intensity, the intimacy (or mutual confiding), and the
reciprocal services between two persons. It can be simply defined as the bonding level
between two persons. Tie strength can be characterized in three types: strong, weak or
absent. Strong ties are the people one usually trust, family, or close friends. On the other
hand, weak ties are loose relationships, i.e. acquaintances.

The possibility to measure friendships makes tie strength desirable to be studied and
modeled. One of the main uses for a tie strength model would be for example categorizing
friends on social networks, such as in Facebook smart lists or Google plus circles. In fact
Google recently acquired a company named Katango that is uniquely devoted to develop
social algorithms - developing automatic friend sorters (tie strength algorithm). Such
technology makes the users’ job much easier by automatically those monotonous tasks.

Considering another different perspective, one can use a tie strength model to identify
strong and weak ties. Emotional support is provided almost exclusively from strong ties

11



contributing for the happiness of an individual. At the first glance, weak ties seems to be
useless, however their importance is huge, for example they are said to be more helpful In
tasks such as finding a new job, or channels through which information is propagated most
efficiently in a social network (Zhao, Wu, & Feng, 2011). Studying tie strength can enhance
such models as well improve understanding of their operation.

To illustrate tie strength importance, below are presented a list of some practical
applications, some of them are just improvements of already existent services (Gilbert &
Karahalios, 2009; Xiang, Neville, & Rogati, 2010):

o Link prediction: improved systems for suggesting new connections;

e Item recommendation: recommend items that coincide with those a person is
strongly related;

o Newsfeeds: filter Newsfeeds, prioritizing the updates by relationship strength;

e People Search: when searching people in a SNS, rank the results according to the
relationship strength of the query sender and the discovered people;

e Visualization: improved visualization tools with scaling/shading links according to
the estimated relationship strength;

e Privacy Controls: system that make privacy choices, i.e. strong ties have less
restrictedly privacy options than weak ties;

e Broadcast Information: a system that only update strong or weak ties. If an
individual wants to share information and wants that it is only accessible for his
best friends, then it choose to broadcast only via strong ties. One can choose to
share information only with weak ties because it propagates more efficiently (Zhao
et al,, 2011; Zhao, Wu, & Xu, 2010).

e Friend Recommendation: if strong ties A-B and A-C exist, and if B and C are aware
of one another, then according to Granovetter (1973), a “psychological strain” may
exist between B and C. So, a system that understands tie strength can avoid those

recommendations, and make better friend recommendations.

1.3. Contribution

The Strength of Weak Ties has been cited about 19.000 times, however, very few of those
works did not try to make a quantitative or continuous measure of tie strength (Petrdczi,
Nepusz, & Bazsd, 2006). The most known and successful paper released about this specific
subject was Predicting Tie Strength with Social Media by E. Gilbert and K. Karahalios in
2009. In this work, the authors collected personnel data from Facebook, extracting then a
huge set of predictive variables that combined, effectively predict tie strength. All the data

12



was captured in a lab and using the Greasemonkey Firefox extension — this means the data
was collected at the client side. Only a few predictive variables and their correspondent
weights (beta coefficients) were made available on the paper. This motivated a validation
process of their partial model in order to check its effectiveness. This validation proved to
be insufficient therefore encouraging the construction of a new tie strength model.

In this thesis, as already mentioned, the data extraction process was made on the fly
through a Facebook application. The data collected is then used to build a new tie strength
model. This thesis offers the following contributions:

1. A tie strength model that can be easily implemented on Facebook by using its
own API.

2. Validate or test the Gilbert and Karahalios’ partial tie strength model.

This work intends to offer a model capable of predicting Facebook friendships as also to be
easily used for social network developers and researchers. At the same time we make an
interpretation and analysis of each predictive variable used in the model.

1.4. Structure

This thesis is divided in 5 main chapters; bellow follows summary of each chapter:

e Literature Review — In this chapter is made a review of the main literature. It
contains a detailed introduction of Social Network Analysis and Computational
Social Science; the fields which this thesis is embedded. Also, it covers relevant
works done with tie strength, with a special focus in Gilbert and Karahalios paper.

e Methods — This chapter covers mainly the study design. It contains the decisions
behind its design. It is described a pilot which motivated the following work, as
well the participants’ demographics. Other explanations regarding the process,
application, algorithm/model, and hypothesis are described in this chapter.

e Application Architecture — Some technical aspects are covered here. Specifically
the Facebook APl technology and the Software Development Kit (SDK) used. The
database and the file scheme organization are also presented here.

e Results — This chapter contains the statistical procedures and analysis of the data
previously obtained from the study. It covers a quick introduction of the main
method used: multiple regression. The tie strength models and their predictive
variables are also analyzed. Some other statistical procedures not directly related
with the models are also covered.

e Discussion — In this final chapter the results achieved in the previously chapter are
interpreted and discussed. We also see if the hypothesis are met or rejected.
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2. LITERATURE REVIEW

Social Network Sites (SNS) have gained great popularity in the recent years, attracting the
attention of academic and industry researchers therefore originating diverse disciplinary
and methodological studies, which addresses a range of topics, and builds on a large body
of Computer Mediated Communication (CMC) research. Along with some definitions and
concepts, some previous studies relevant to the current work are presented. It will be
done an introduction of SNSs, as well a brief history, as well the reasons why people use
them. It will also be presented the field that is responsible for studying SNSs as also the
theoretical concepts of Social Network Analysis (SNA). After reviewing the basic principles
of the field it is introduced the core notion of this work — tie strength. The main and more
relevant works about this concept are covered. Still in this chapter, another related
concept is covered - social capital, highlighting the relation between both. Finally, the last
section covers some methods of data extraction, important knowledge for the generation
of the GraphML files.

2.1. Social Network Sites

The usage of SNSs has increased exponentially in the last years, its popularity is so vast
that it is easily noticeable even for people that do not use Internet neither computers. To
illustrate this fact, in a recent survey-based study (K. Hampton & Goulet, 2011) — about
79% of American adults stated that they used the Internet, and almost half of American
adults (47%), that would be 59% of Internet users, say they use at least one SNS. It gets
even more astonishing if you compare it with the percentage of SNS users in 2008, 26% of
adult Americans (34% of Internet users, back then); it basically doubled the amount of
users in just three years. In this section, along with a formal definition of SNSs, | will make
a brief history of SNSs, and try to explain why these sites attract so many people.

2.1.1. Definition

According to Boyd and Ellison (2007) SNSs are defined as a web-based services that allow
individuals to create a public or semi-public profile in a bounded system, manage a list of
others users with whom they share connections, and navigate through their list of
connections and those whose profile is accessible within the system. These features define
the skeleton of a SNS, and the nature of these connections varies according to the site.

2.1.2. Brief History of SNSs

The first SNS that was according to the definition above emerged was SixDegrees.com
which emerged in 1997. SixDegrees.com allowed users to create profiles and list their
friends and introduced a new feature - friend lists which were visible to other another
users. SixDegrees.com ended in 2000 however during this period other sites adopted the
same features, such as AsianAvenue, BlackPlanet, MiGente, LiveJournal, CyWorld, and
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LunarStorm. A new generation of SNSs started with Ryze.com launch in 2001, with the
main goal of helping people to increase their professional networks. Similar to Ryze.com,
LinkedIn surged in 2003 and it is by now (2011) the most powerful business service used
by professionals in the web. A year before the launch of LinkedIn, one of the most
promising SNS was launched — Friendster. However, after its great popularity, Friendster
encountered a quick decline, mainly because of some technical and social difficulties. Its
servers were bad equipped to handle the fast growth and faltered several times.
Friendster also limited the profiles visibility of users who had more than four degrees way.
Some users, in order to view additional profiles started to add other users for the simply
expand their reach. This situation originated a large number of fake profiles (especially
fake celebrities) to gain more friends and consequently a higher reach (D.M. Boyd, 2006).
With the decay of Friendster, MySpace took its place as the most popular SNS, until 2007,
where was overtaken by Facebook. Today, Facebook counts with a total of 800 million
unique users by July 2011, followed by Twitter who has a quarter of Facebook users (200
million).

There are many SNSs available nowadays some of them will be mentioned below
according to their audiences (Danah M. Boyd & Ellison, 2007):

» Business networks - e.g. LinkedIn, Visible Path, and Xing.
Photo sharing - e.g. Flickr.

Video Sharing - e.g. YouTube.

Friendship - e.g. Facebook, and Friendster.

Music — e.g. LastFM, and MySpace.

YV V V V V

Religion — e.g. MyChurch.
2.1.3. Why people use SNSs

Adding the fact that SNSs are free and easy to use, Sledgianowski and Kulviwat (2009)
advocate that enjoyment is the most important factor which affects the behavior of SNS’s
users. Also, SNSs provide a vast range of features that enrich the experience of using these
types of sites, for example social games and applications (Lin & Lu, 2011). In some studies
(Burke, Kraut, & Marlow, 2011; Ellison, Steinfield, & Lampe, 2007) the usage of Facebook
increases social capital, especially bridging social capital. The work of Lampe and Ellison
(2006) made a distinction between ‘social browsing’ — the use of the site to develop new
connections with the purpose of making an offline interaction, and ‘social searching’ —
finding information about known offline people. They found out that the primary use of
Facebook it is for ‘social searching’ (maintaining offline relationships), and that ‘social
browsing’ obtained a low score among the respondents. This reinforces the idea that SNSs
do not necessarily serve the purpose of making new friends, but they are used to reinforce
or maintain offline connections (Ellison et al., 2007). In 2008, Joinson used a ‘uses and
gratification” framework to study the uses of Facebook and his findings were similar from
previous works, for example, Facebook was mostly used to ‘keep in touch’ with offline
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friends. Also, Choi (2003) found out that 85% of the study’s respondents listed
maintenance and reinforcement of pre-existing social networks as their main motive for
using Cyworld. Most of those relationships are acquaintances, however most of the times
there is some common offline element that connects the two individuals. This is one of the
main differences between SNSs and the earliest forms of CMCs such as newsgroups.

2.2. Social Network Analysis

SNSs made available on the web, a large amount of information about people’s lives. This
data can be fairly easily collected and analyzed to posteriorly be used to understand many
social aspects of a particular individual or even an organization. For instance, it is possible
to learn how to improve relationships to share knowledge by analyzing and discovering
patterns in online social networks. This aspect of the work is performed by Social Network
Analysis (SNA). The field that employs SNA as a tool is designated by Computational Social
Science which combines Computer Science with SNA.

SNA is based on the simple idea of a network, which involves a set of points linked with
each other, and that awareness lead SNA to the mathematical theory of graphs, with the
purpose of find a formal model to represent social networks (Scott, 1988).

The inherent necessity of human beings to socialize required an organizational structure to
represent people and their relationships. This social structure constituted by individuals
(or even organizations), which are designated by nodes, are connected by invisible bonds
which are linked together in a mesh of connections (Wasserman & Faust, 1994). An
example of social network is illustrated in Figure 1.

Allison Drew

Eliot

Keith

.///.

ROUQ

Figure 1 — Mathematical graph representing people (nodes) and their relationships (edges). This is
a directed graph, as we can see there are only two reciprocal connections (Drew with Eliot, and
Drew with Sarah) (Wasserman & Faust, 1994)

The connections between nodes may characterize specific types of interdependency, such
as friendship, kinship, professional relationships, and common interest and so on. For
example, Borgatti, Mehra, Brass, and Labianca (2009) divided dyadic relations into four
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basic types - similarities, social relations, interactions, and flows. Those relations are
represented in Table 1. Much of social network research can be seen as working out how
these different kinds of ties affect each other. SNA tools make it easy to analyze, visualize
and study the relationships between individuals, and then apply this information to
strategically identify the key nodes or even improve the flow of information (l.Ehrlich et
al., 2005).

Similarities Social Relations Interactions Flows
Location Membership Attribute Kinship Other role Affective Cognitive e.g., e.g.,
e.g., e.g., e.g., e.g., e.g., e.g., e.qg., Sex with Information
Same Same Same Mother of Friend of Likes Knows Talked to Beliefs
Sgggal clubs gender Sibling of Boss of Hates Knows Advice to Personnel
teﬁ";gg?' gfenr:?s astﬁmge Student of etc. SZZ:L;S Helped Resources
etc. etc. Competitor of happy Harmed etc.
etc. g

Table 1 - Typology of ties studies in SNA, edges can be represented by the above 4 different
categories (Borgatti et al., 2009)

2.2.1. Computational Social Science

SNA combined with the computer technology gave origin to a new paradigm -
Computational Social Science (CSS). CSS may be defined as a computational facilitation of
social studies and human social dynamics as well the design and use of Information and
Communication Technologies (ICT) (Lazer et al., 2009). In other words it is a multi-
disciplinary field which combines the usage of computer science techniques with SNA’s
methods. Social computing incorporates two main fields: computational and social
sciences. Other fields are important as well, such as: human-computer interaction;
communication; sociology; psychology; economic and anthropological (Wang, Carley,
Zeng, & Mao, 2007). One of the main advantage of this field is that allows to collect and
analyze large amounts of data, with relatively few efforts by the researcher, this was once
impossible in past times. After the data is collected it is performed a special kind of data
mining — “social mining”, with the finality of retrieve and find interesting social patterns.
These type of activities may be performed by "sociometers" - possible electronic devices
that perform some kind of data analysis with the goal of finding patterns from how a
population breaks down into groups, to which groups are most social and productive, to
the personality traits of single individuals (Lazer et al., 2009). This novel science requires a
distributed monitoring and permission for analyzing the data, which implies some privacy
issues i.e. it requires permissions from people to analyze their private data. Since CSS is an
interdisciplinary field, it has physical limitations - distance between social science
departments and engineering/computer science departments.
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2.2.2. Applications of Computational Social Science

According to Wang et al. (2007) there are 4 main applications areas of computational
social sciences:

» Creation of Web 2.0 services and tools to support effective online communication
among online social communities, e.g., blogs, wikis, social networks, RSS,
collaborative filtering, and bookmarking.

» Entertainment software which focus on the development of intelligent entities
that can interact with people, e.g., programs, agents, and robots.

» Business and public sector, e.g., various e-business, healthcare, economic,
political, and digital government systems.

» Forecasting systems, which could be various predictive systems for planning,
evaluation, and training in areas ranging from counter-terrorism to market
analysis to pandemic and disaster response planning.

2.3. Tie strength

The notion of tie strength was first introduced by Granovetter in 1973, who defined it as:
“combination of the amount of time, the emotional intensity, the intimacy (mutual
confiding) and reciprocal services which characterize the tie”. Granovetter in his work
differentiated two types of ties, strong and weak. Strong ties are the ones that a person
really trust and often are the beloved ones, i.e., family, and close friends. On the other
hand, weak ties represent acquaintances, and they often provide access to novel
information.

2.3.1. Why Tie Strength is important?

Strong ties have been found to provide social support to individuals therefore increasing
their mental health (Schaefer, Coyne, & Lazarus, 1981). It was also been found that they
help organizational subunits surviving in time of crisis (D Krackhardt, 1988). Paradoxically
those same ties are more likely to create crisis because they push organizations towards
change (David Krackhardt, 1992).

Weak ties have been shown to be more helpful than strong ties when trying to get a job
(Granovetter, 1973), because the information that flows from weak ties are novel to the
individual, therefore contributing to more opportunities to find a new job. For the same
reason, weak ties are more efficiently to propagate information in online social networks
than strong ties (Zhao et al., 2011, 2010). Also, weak ties have been shown to be useful in
conduit information in CMC (Burt, 2004; Petrdczi et al., 2006). Duhan et al. (1997) found
out that although strong ties were more likely to influence consumer’s decision, weak ties
were more likely than strong ties to facilitate word of mouth referral flows. Goldenberg et
al. (2001) came to the same conclusion but with a different method: a cellular automata
algorithm which estimated the propagation of the information of virtual individuals in a
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simulated social system. Organizations whose employees are weakly tied tend to receive
better performance reviews and produce more creative ideas. Also, weak ties have been
shown to be useful in conduit information in CMC (Burt, 2004; Petrdczi et al., 2006).

2.3.2. Tie Strength and Social Capital

Social Capital is “the actual or potential resources which are linked to a durable network of
more or less institutionalized relationships of mutual acquaintance or recognition”
(Bourdieu, 1986). This concept brings many positive social outcomes, for example better
public health, lower crime rates or even increased psychological well-being (Adler & Kwon,
2002; Helliwell & Putnam, 2004). Despite some initial beliefs that Internet contributed to
losses in social capital (Nie, 2001), many other works (Bargh & McKenna, 2004; Keith
Hampton & Wellman, 2003; Kavanaugh, Carroll, Rosson, Zin, & Reese, 2005) proved
otherwise, arguing that the Internet contributed to increases in social capital.

Putnam (2000) in his book makes a distinction between bridging and bonding social
capital. The relation between social capital and tie strength is perceived when those two
types of social capital are introduced. Bridging social capital is related to “weak ties”, i.e.
acquaintances or loose connections. On the other hand there is bonding social capital
which corresponds to strong ties. Some researchers (Donath & Boyd, 2004; Ellison et al.,
2007) argued that the usage of SNSs helps to maintain existing relationships and greatly
increase the weak ties one could form and maintain. So, SNSs are a very accessible and
cheap way that a person has to increase their bridging social capital. In a more recent
study Burke et al. (2011) made a survey to Facebook users which contained standard
scales for social capital (bonding and bridging, social communication skill, and self-esteem.
The survey responses were after matched with the server logs of the participant’s activity.
Burke et al. reinforced the hypothesis that the usage of Facebook was associated with
increases in bridging social capital.

2.3.3. How to measure Tie Strength

Many researchers have adopted tie strength as an analytic framework for studying
individuals and organizations however, when compared with the number of studies that
uses the tie strength notion; there is a lack of empirical studies that actually try to measure
it (Mathews, White, & Long, 1998).

Marsden & Campbell (1984) performed a survey which asked respondents to recall their
three closest friends along with ten characteristics of the friendship. This study permitted
a clear definition of two types of variables when measuring tie strength: indicators and
predictors. Indicators are actual components of tie-strength (closeness, duration and
frequency, breadth of topics and mutual confiding), whereas contextual contingencies
(neighborhood, affiliation, similar socio-economic status, workplace and occupation
prestige) are predictors. Predictors are aspects of relationships that are related to, but not
components of tie strength. In the same work, Marsden and Campbell (1984) showed that
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many indicators are not free of contamination by predictors, except for closeness. In Table

2 Petrdczi (2006) summarized a list of indicators of tie strength based on data collected in

offline social groups.

Indicators References

Frequency Benassi et al., 1999; Blumstein & Kollock,
1988; Granovetter, 1974; Lin et al, 1981;
Marsden & Campbell, 1984; Mathews et al,
1998; Mitchell, 1987, Perlman & Fehr, 1987

Intimacy/Closeness Blumstein & Kollock, 1988; Marsden &

Campbell, 1984; Mathews et al, 1998;
Mitchell, 1987; Perlman & Fehr, 1987

Voluntary investment in the tie

Blumstein & Kollock, 1988; Perlman & Fehr,
1987

Advice given/received

Mathews et al, 1998

Desire for companionship

Blumstein & Kollock, 1988; Perlman & Fehr,
1987

Breadth of topics

Blumstein & Kollock, 1988; Granovetter,
1973; Marsden & Campbell, 1984; Perlman
& Fehr, 1987

Duration Blumstein & Kollock, 1988; Granovetter,
1973; Marsden & Campbell, 1984; Perlman
& Fehr, 1987

Reciprocity Blumstein & Kollock, 1988; Friedkin, 1980

Granovetter, 1973; Mathews et al, 1998;
Perlman & Fehr, 1987

Provide support/emotional intensity

Blumstein & Kollock, 1988; Granovetter,
1973; Mitchell, 1987; Perlman & Fehr,
1987; Wellman, 1982; Wellman & Wortley,
1990

Mutual confiding (trust)

Granovetter, 1973; Marsden & Campbell,
1984; Mathews et al, 1998

Sociability

Mitchell, 1987

Table 2 - List of offline indicators along with their respective references (Petrdczi et al., 2006)

2.3.4. Measuring Tie Strength in social media

The indicators and predictors mentioned above were collected in offline social groups. In
the last decade some studies regarding tie strength on virtual communities emerged and
they tried to estimate tie strength as also verify if tie strength in online communities have
the same characteristics as offline communities. One of the first were Muncer et al. (2000),
which simply estimated tie strength by the number of posts between two participants.
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Paolillo (2001) made a different approach by analyzing the context of the messages and
used informal speech as indicator of tie strength (e.g. using “u” instead of “you”). In 2003,
L. Adamic obtained a social network by analyzing users’ homepages and mailing lists. Then
she introduced a matchmaking algorithm to predict the similarities between users and
found out that homepage links and mailing lists are poor predictors of relationships, whilst
having mutual friends. Petréczi et al. (2006) conducted a survey in an online forum to
analyze tie strength, each question corresponded to an indicator of tie strength, and he
found out that indicators in virtual groups are similar to those in offline networks. Also,
both Chun et al. (2008) and Petrdczi et al. (2006) in their works concluded that reciprocity
between individuals usually are indicators of tie strength. More recently Wuchty and Uzzi
(2011) used self-reported human relations and email data from a typical company to
investigate how email communication patterns map onto self-reported social network
data. This reinforced the idea that although the e-communication lowered the cost of
communication and barriers to communicate over long distances the fundamental
patterns of human interaction did not changed. Still in the same work, it was tested time-
resolved information on email responsiveness to determine whether a tie is a social or a
professional connection. Despite the lower absolute volume along social ties, it was stated
that social closeness is positively associated with response time.

2.3.5. Measuring Tie Strength in SNSs

The vast majority of the studies regarding tie strength in social media were not realized in
SNSs. However there are two recent studies (Gilbert & Karahalios, 2009; Kahanda, 2009)
that are particular interesting to the current work because they both were performed on
Facebook and they use interaction data (wall posts, photos, etc.) to predict tie strength.

Kahanda developed a supervised learning approach to predict link strength from
transactional information. He extracted the friendship, wall, photo, and group graph, and
then constructed 50 features divided in 4 categories: attribute-based features (i.e., gender,
relationship status, etc.); topological features; transactional features (i.e., wall postings,
picture postings, and groups); and network-transactional features (same as transactional
features but considers the context). He then compared his results to the results he got
from the top 10 friend application (collected from the same respondents). He found out
that transactional events are useful for link prediction, and that the wall and photo graph
offers important information to determine tie strength.

Gilbert and Karahalios made a slightly different approach from Kahanda’s work. They
developed a script containing a survey with 5 tie strength questions on the user’s
Facebook page and at the same time they retrieved the results of the survey they also
retrieved interaction data between the respondents. The survey’s answers had the same
purpose of the top 10 friend nomination application in Kahanda’s work — proxy for the real
tie strength value. Based on past literature Gilbert and Karahalios defined 7 dimensions of
tie strength: intensity, intimacy, duration, reciprocal, structural, social distance, and
emotional support. With these dimensions as guide they identified 74 Facebook variables
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as potential predictors of tie strength. Some of these predictive variables are illustrated on
table 3. The authors tried to o take advantage of Facebook’s breadth while simultaneously
selecting variables that could carry over to other social media. After that, they used a
statistical model to determine the strength between two nodes, and compared it with the
survey’s results. They found out which dimensions and variables performed better
predictions, for example, intimacy dimension makes the greatest contribution when
measuring tie strength.

Despite some good insights to predict tie strength the above works require on supervised
methods, which usually involves human annotation, e.g., top friend nomination or
friendship rating (Xiang et al., 2010).

Dimensions of tie strength Predictive variables in Facebook

Intensity Wall words exchanged
Participant-initiated wall posts
Inbox thread depth

Friend’s photo comments

Intimacy Days since last communication
Wall intimacy words

Inbox intimacy words
Appearances together in photo

Duration Days since first communication

Reciprocity Links exchanged by wall post
Applications in common

Structural Number of mutual friends
Groups in common

Emotional Support Wall and inbox positive emotion words
Wall and inbox negative emotion words

Social Distance Age difference (days)
Educational difference (degrees)

Political difference (scale)

Table 3 - Gilbert and Karahalios defined 7 dimensions of tie strength based on past literature (left
column). On the right column are defined some of the 74 Facebook predictive variables predictors
of tie strength.

2.3.6. Practical implementation of a tie strength model

On gilbert’s PhD thesis (Gilbert, 2010) he also presents a practical implementation of the
tie strength model described above, on Twitter (OSN which allows a microblogging service
that enables its users to send and read text-based messages of up to 140 characters,
known as “tweets"). In order to understand the capabilities and limitations of the tie
strength model Gilbert developed a Twitter application, We Meddle, using the own Twitter
API. With such application it was possible to understand how a computational tie strength
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model generalizes to another SNS. Also it was able to see if the model can attack the
collapsed context problem, i.e. instead of relying on time as the central design axis it
would put relationships as the center of social design.

It was necessary to adapt all the tie strength Facebook predictive variables to Twitter’s
predictive variables. Most variables were drawn directly from the Facebook experiment,
with the exception of a few, for instance difference in education variable, which is absent
on Twitter. The nonexistence of this variable would complete exclude the Social Distance
dimension from the model. To avoid this, it was added a new variable: “fame differential”
— log of the difference in follower counts.

We Meddle is a web application that creates lists for the Twitter’s user. These lists cover
strong ties, weak ties and 6 more communities’ lists (e.g. university, golf club, etc.). This
research focus in the strong and weak ties lists. The other six lists are purely for
functionalities purposes. The user has the choice to correct the lists if he feels that their
lists are not fully customized

In general We Meddle experiment was successful where only 1,105 out of 14,075 potential
ties were subjected to corrections by the user. Corrections in this context, is seen as
changing a person of list to other list, for example: from the circle of strong ties to the
circle of weak ties. The ratio it is quite good, however it must be accounted that the We
Meddle usage were not supervised in the lab, so participants that did not made any
corrections could not perceive that it was possible to correct lists or did not feel that it was
not worth the effort to make the extra clicks.

2.4. Data Extraction

This last section covers some aspects of the collecting data process. This topic is separated
from SNA however it is important to have some notions of data extraction concepts for a
better and full understanding of a SNA study, as also having the foundations in how to
generate a GraphML file. Those files are important to study social network characteristics
and might offer some insights when studying tie strength.

Gjoka et al. (2010) distinguished two categories of crawling techniques: graph traversal
techniques and random walks. In graph traversal techniques each node is visited one time,
if the process is run until completion. These methods vary in the order in which they visit
the nodes, the most known is the Breadth-Search-First (BFS) which are used in the work of
(Mislove, Marcon, Gummadi, Druschel, & Bhattacharjee, 2007; Ye, Lang, & Wu, 2010).
Random walks are different because they allow node re-visiting. Gjoka itself have sampled
and analyzed the Facebook friendship graph with different visiting algorithms (BFS,
RandomWalk and Metropolis-Hastings RandomWalks).

Independently of the methodology used, the process of data collection can be performed
as it follows (Catanese, De Meo, Ferrara, Fiumara, & Provetti, 2011):
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Preparation for the execution of the agent.

Starting the process of data extraction.

The crawler execution extracts the friend lists, cyclically.
Raw data are collected until the extraction process is over.
Data cleaning and de-duplication of information.

ok wNRE

Data structured in appropriate format (e.g. GraphML).

Friend-List
L

start / resume
extraction

prepare for
execution

crawler execution

Raw Data

Data Storage

nodes / edges
compact storage

"Data Cleaning

GraphML
Structure

nodes / edges
deduplication

Figure 2 - Data collection process adopted in Catanese et al., 2011
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3. METHODS

3.1. Study Design

Tie strength survey is an online survey in a form of a facebook application. Only Facebook
users can perform the survey. The facebook application developed allowed participants to
rate as much friendships they wanted to. The goal of the survey is to make participants
answer several questions and at the same time capturing their interaction history about
their friendships. By doing this | gathered a comprehensive dataset and | could perform a
multiple regression analysis for better understanding which online social network’s factors
contributes to a friendship.

3.2. Theoretical Approach

The main research question addressed on this thesis is: it is possible to model tie strength
on Social Network Sites, in this particular case, Facebook by using its own API? Much of the
literature analysis implies that tie strength can be indeed modeled on online environments
as is on offline communities. The work of Gilbert and Karahalios, 2009 approaches this
subject eloquently by capturing a huge number of facebook predictive variables, using for
this end a script on the user’s browser. With the data gathered, Gilbert and Karahalios
performed a multiple regression analysis producing an accomplished equation, which
could predict tie strength with great accuracy.

This study, in the likeness of Gilbert and Karahalios work, has the goal to produce an
equation capable to predict tie strength between two particular users by adopting a
multiple regression equation by using the Facebook API. This method also permits
determining the weight of the different variables when estimating tie strength.

The main difference and emphasis are situated in the technical implementation as well a
different approach. In the previous research (Gilbert & Karahalios, 2009) of tie strength it
was a used a Firefox extension named Greasemonkey which allows JavaScript scripts inject
on the Firefox browser making changes in the webpage that it is displayed to the user.
Another approach can be used, for example the Facebook’s download your data feature
(Panovich, Miller, & Karger, 2012). This last method lacks the ability to interact directly to
the user, a step necessary to make the survey and collect the answers on the fly.

In this study it was used the Facebook API capabilities to perform the work. By using the
Facebook API it was possible to develop a survey in form of a Facebook application and at
the same time capture the data. This methodology did not require the presence of the
participants in the lab as did past work.

At the same time the application collected the data necessary for the purpose described
above and it also tested a tie strength algorithm on the fly. This tie strength algorithm is
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based on the beta coefficients of the predictive variables obtained Gilbert and Karahalios’
work. A similar algorithm based in those beta coefficients were used by Panovich, Miller
and Karger, 2012.

3.2.1. Pilots Test

Two pilots were addressed to test the tie strength algorithm based on the beta coefficients
got by Gilbert and Karahalios in 2009. The secondary goal of the pilots was to detect any
technical bugs related with the application itself in order to solve it in time to the main
study. The survey presented in the pilots had the following five tie strength questions:

e How strong is your relationship with this person?

e How would you feel asking this friend to loan you $100 or more?
o How helpful will this person be if you were looking for a job?

e How upset will you be if this person unfriended you?

e If you left Facebook for another social site, how important will it be to bring this
person with you?

Both pilots were performed on 10 participants and it was asked to each one to rate no less
and no more than 20 friendships, performing a total of 200 friendships for each pilot. The
first pilot served essentially to detect and solve technical errors. Errors were found in the
storing process consequently compromising some of the data collected. So, the first pilot
served essentially to correct some bugs as also some changes in the application design.

The second pilot conducted was free from errors and it was aimed to make a validation of
Gilbert and Karahalios partial algorithm by making a correlation between the respondent’s
answers and the tie strength algorithm scores.

IMean Std. Deviation N
model .2241 .23748 200
average .3366 .25284 200
Q1.HowStrong .3939 .30396 200
Q2.Loan100 .2102 .29949 200
Q3.Helpfullob .3668 .29339 200
Q4.Upset .3541 .28554 200
Q5.LeftFB .3579 .26921 200

Table 4 - Descriptive statistics for the tie strength model, the five questions and the mean of the
five tie strength questions
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The real tie strength score is indicated by the participant’s answers. It was assigned by the
five questions’ mean as also by each question individually.
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Chart 1 - Distribution of the mean of the five tie strength questions

In Chart 1 it is represented the mean of all the tie strength questions. As expected, low tie
strength values are more frequent than high ones.
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Chart 2 - Distribution of the tie strength algorithm for the corresponding 200 friendships rated

Most of the scores attributed were between 0 and 0.1, mostly due the fact that a lot of
people do not interact at all (acquaintances) on Facebook.
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Chart 3 - Scatter plot for the respondent's answers and tie strength values

model average [Ql.HowStrong |Q2.Loan100 |Q3.Helpfullob |Q4.Upset |Q5.LeftFB
Imodel Pearson Correlation |1 2737 2707 269 148" 261 2417
Sig. (2-tailed) .000 .000 .000 037 .000 001
faverage Pearson Correlation 273" 1 9317 826 763" 934" (899
Sig. (2-tailed) .000 .000 .000 .000 .000 .000
fa1.Howstrong [Pearson Correlation [270™ 9317 1 7617 645 854" 786
Sig. (2-tailed) .000 .000 .000 .000 .000 .000
la2.L0an100  [Pearson Correlation |269™ 826~ 761" 1 4137 778" (630
Sig. (2-tailed) .000 .000 .000 .000 000 000
la3.Helpfullob [Pearson Correlation |148° 763" (645" 413" 1 594" (672"
Sig. (2-tailed) 1037 .000 .000 .000 .000 .000
1Q4.Upset Pearson Correlation [261" 9347 (854" [778” 594" 1 844"
Sig. (2-tailed) L000 .000 L000 L000 .000 000
las.Leftr Pearson Correlation 241 (899" 786 (6307 672 844" 1
Sig. (2-tailed) 1001 .000 .000 .000 .000 .000

Table 5 - Correlation between the model and the five participant’s answers, including their mean

The scatter plot shows a positive correlation yet low between the model’s prediction and
the survey’s answers. In Table 5 is possible to see that the highest correlation occurs when
using the mean of the 5 questions. However the difference is not significant when
compared with others questions individually. With the exception of the question: “How
helpful will this person be if you were looking for a job?” which presents a very low
correlation. This low correlation is expected, since past literature supports that weak ties
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are better in finding a new job, so getting a job is almost unrelated to how strong a
relationship is between two persons, but more an indicator of the helpfulness of the friend
when searching for a job.

These results supported the decision to keep just the first question — “How strong is your
relationship with this person?” in a future survey as single indicator of the real tie strength
value. Excluding all the remaining 4 questions from the survey due its redundancy and
replacing it with other questions. Most important, these results motivated a quest for a
better tie strength model because Gilbert and Karahalios made available only a small set of
beta coefficients and these same coefficients were associated to predictive variables
whose extraction was very difficult to get or because of some technical limitations of the
Facebook API.

3.3. Participants

This survey gathered responses of 85 participants performing a total of 1642 friendships
rated. Not all participants rated friendships equally, i.e. not all participants answered the
questions for 20 friends, some respondents rated more than others. This was an expected
situation because these participants were not lab controlled. This means that most
participants did the survey where and when they wanted to do. In Chart 4 we can see the
distribution of participants that rated 20, less than 20, and more than 20 friendships.
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Chart 4 - Friends rating distribution

Most participants rated 20 friendships because of the way the survey was designed. Some
did more than 20 because they wanted to contribute more or wanted to unlock more
funny messages (funny messages appeared in the end of the 20 first friends and then for
each 10 increment). Some did less probably due to a lack of interest in completing it.

A great part of the participants were recruited through Facebook itself. Others participants
were got through submitting the survey to research websites. Of these 85 participants,
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40% were females. The mean age was 27 years old, with a median of 26, ranging between
12 to 60 years old. The participants ages falls slightly low from the mean of 38 years
obtained in 2010 by KN Hampton and Goulet, 2011.

20 m female

15 H male

10 -
3 1
0 - . . L .

Frequency

Under 18 18-24 25-34 35-44  Above 45

Age Categories

Chart 5 - Participant's age and gender distribution

The mean number of friends of this dataset is 360.1 friends, with a median of 324 ranging
between 28 to 872 friends. These statistics slightly exceeds the mean of 190 and 229
friends acquired by KN Hampton and Goulet, 2011; Ugander, Karrer, Backstrom, and
Marlow, 2011 respectively. In terms of number of friends, the results obtained could have
been larger since there was a restriction of a minimum of 20 and a maximum of 1000
friends in order to participate in the survey. The survey’s design itself implies a minimum
of 20 friends. The 1000 friends limit was imposed by two reasons: technical limitations —
for users with a very large number of friends (more than 1000) the Facebook API would cut
off connection, probably due very high traffic of data; and for design issues — with an
increase of the number of friends comes a low probability of capturing relevant friendships
since the study’s design suggests that participants would only rate 20 friends randomly
selected from their entire list of friends.
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Chart 6 - Participants' nationalities

Most participants were Portuguese (77), others eight participants were from different
nationalities (Chart 6). The lack of non-Portuguese participants is explained due the fact
that the survey was made available on online websites very late and to worse things both
websites posted the study after several days have been passed. The survey was available
in English and Portuguese.

It was asked the participants to enter data about their facebook usage by asking how many
hours they spent on Facebook on average per week. The results find a mean of 13.9 hours
a week and a median of nine hours. According to Burbary, 2011 the typical Facebook user
spent on average 15 hours per month on Facebook, so we can assume the participants
used Facebook on a daily basis.

3.4. Measures

3.4.1. Gilbert and Karahalios model’s predictive variables

The tie strength algorithm (Gilbert and Karahalios’ version) used is calculated according to
seven facebook variables. These variables are drawn directly from Gilbert’s paper. It is
taken the beta coefficients for each variable previously calculated using a multiple
regression method.

Some of the variables could be easily implemented, i.e. without any extensive data
computation. For example, the participant’s friends initiated wall posts variable can be
easily extracted from the JSON object by making a simple cycle to get all posts made by
one particular friend ID and so on. On the other hand, some other variables took more
complex steps in order to be collected. The general procedure to implement each variable
is described on Table 6.
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Predictive Variables Procedure

Days since last communication This variable was got by comparing all
interactions between two particular users
in order to find the most recent interaction.

Days since first communication Ideally would be the date that two users
became friends. Since this information is
only partially available on facebook, it is
attributed the most recent interaction
between two users using a similar process
like described above.

Wall words exchanged Counting the number of words exchanged
in the wall of the participant, as well the
words that the participant did in the
friends” wall.

Educational difference This variable was get by analyzing the
friends’ educational history, a function to
identify keywords that would correspond to
the degree of education, next the
difference was calculated.

Participant-initiated wall posts It is simply the number of wall posts made
by one particular friend on the participant’s
wall.

Inbox positive emotion words Number of inbox messages words that
counts as positive words. These words are
compared with words of a small dictionary
— short dictionary based in Bradley and
Lang, 1999.

Wall intimacy words Number of wall words that are considered
intimacy words. These words are compared
with words of a small dictionary— short
dictionary based in Nielsen, 2011.

Table 6 - Predictive variables and how they were retrieved

The educational difference variable was not available for some participants because they
did not enter this type of information on Facebook. LIWC (Linguistic Inquiry and Word
Count) was used by both Gilbert and Karahalios, 2009 and Panovich et al.,, 2012 to
compute the inbox positive emotion words and also the wall intimacy words. For this
thesis the use of LIWC software was not possible because it is not an online service, so
buying it would not help with a live Facebook application. The alternative was to
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summarize a set of positive emotion words and intimacy words from the papers Bradley
and Lang, 1999 and Nielsen, 2011, respectively.

One must be aware of the limitations of adapting Gilbert’s model; on his paper and thesis
he only made available the top 15 predictive variables with the highest beta coefficients. In
his experiment it were used a total of 67 individual predictive variables; some pairwise
interactions variables between the seven dimensions; and some network structure
variables. All these variables were not considered in the model for two simple reasons:
only 15 variables had their beta coefficients published; most of these variables, especially
the pairwise interactions and the network structure variables are very difficult to get and
even not possible to collect using the Facebook API.

The existent literature suggests seven tie strength dimensions; five of these seven
dimensions are represented on Table 6, which are: intensity (wall words exchanged and
participants initiated posts); intimacy (wall intimacy words and days since last
communication); duration (days since first communication); emotional (inbox positive
words); and social distance (educational difference). The structural and reciprocal
dimensions were not included in the algorithm.

3.4.2. Predictive variables for the new model

For the new model it was collected 13 different predictive variables from 3 different
dimensions: intimacy, intensity and structural. These variables were not necessarily
selected from a huge set of variables, but from the existent data available through the
Facebook API.

Predictive Variable Dimension
Wall posts exchanged Intensity
Mutual friends Structural
Common groups Structural
Common events Intimacy
Inbox messages exchanged Intensity
Degree of relatedness Intimacy
Comments on participant’s wall Intensity
Comments on participant’s photos Intensity
Comments on photos where the participant is tagged Intensity
Likes on participant’s wall Intensity
Likes on participant’s photos Intensity
Likes on photos where the participant is tagged Intensity
Appearances together in photo Intimacy

Table 7 - Facebook predictive variables used to build the new model
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The predictive variables chosen for the new model do not match the variables used in
Gilbert’s model; meaning that the variables used in the new model. Table 7 lists these
variables as well their correspondent dimension.

From this set of variables it is important to make some observations. The common events
variable considers only the events that the participant is taking part i.e. the participant is
“attending”; the following statuses are discarded: “unsure”, “declined”, and “not replied”.
The inbox messages exchanged variable is the only variable that can be annulled by the
participant. This variable as the name implies needs the inbox messages permission, and
for obvious reasons some participants did not want to concede it.

As shown on Table 8, degree of relatedness is divided in four different levels. For each
level is attributed a number. For example, for the level one is attributed the number one,
level two the number two, and so on. The higher levels correspond to a higher degree of
relatedness. Zero is the lowest level, which indicates a non-existing familiar relationship
between the participant and the friend.

Level Degree of relatedness
Zero Not defined
One cousin; niece; aunt; uncle; stepson;

stepdaughter; stepsister; stepbrother;
stepmother; stepfather; sister-in-law;
brother-in-law; mother-in-law; daughter-in-
law; son-in-law; father-in-law;

Two brother; sister; grandmother;
granddaughter; grandfather; grandson;
Three mother; father; wife; husband;

Table 8 - Levels and correspondent degree of relatedness

3.5. Materials

3.5.1. The Survey

As soon the user read the description of the study in the first page (Figure 3), and presses
the start survey button the application presents a loading page with a please wait
message. After that, the application starts collecting data and at the same time executes
the Gilbert’s partial algorithm for all the participant’s facebook friends. After finishing
these two steps, the user must enter some demographic data (age, nationality, gender and
average time spent on Facebook per week). Next the user is presented with the survey
itself, in which one of their friends is randomly selected, for each friend it is displayed their
basic information, eight questions and the next button. The eight questions are in the form
of horizontal sliders and the handle must be moved to the desired value. When the next
button is submitted the data is saved to a database and the next friend appears. This
process is repeated for 20 randomly selected friends. When the user finishes rating these
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20 friends a page is shown with all the friends rated so far and for each one a funny
message. The funny message is a way to captivate the participant’s interest and it is not
randomly attributed, instead it considers the tie strength algorithm scores as also the
respondent’s answers. At the bottom of this page there are three buttons: a button to rate
ten more friends (same process as 20 friends); a button to see their 10 best friends
according to the algorithm, as well the rankings of their survey’s responses; and an exit
button. A user can rate as many friends they want to. It starts with 20 and then with
increments of 10.

In an ideally scenario each participant would answer the eight questions not only for their
20 friends, but for all their friends. Unfortunately these conditions are impractical to be
met. Considering the average number of friends that a typical Facebook user has — 190
friends in 2011 according to Ugander, Karrer, Backstrom, and Marlow, 2011, as well the
natural tendency this number has to growth. It would be saturating to the participants to
answer the questions for all their friends even more unreasonable if we want that this
application is to be willingly installed by the participant. So, the participants could rate 20
friends at first and then rate more 10 if they want to and so on. At the end of each set of
ratings the user is prompt with some funny messages as reward.

Fill this survey and find out some interesting information about your friends

m or Learn More

Who are your closest friends?
Find out and at the same time help us with our research.

In this survey you will be presented with 8 questions for 20 of your friends. You just need to drag the sliders for each question. In order to ensure that all the
questions are considered. the sliders of the answers will be red by default. The answers will be accepted when the slider is moved (slider will turn blue). even slightly.
Afterwards, you will see what our algorithm thinks about who your closest friends are!

Please be patient when presented with the loading screen, it may take some several seconds.

When yon are finished, you have the option to rate more friends, if you like.

Thank you for participating.

Start Survey

Figure 3 — Survey’s start page with a short description of the study.

In order to make the survey faster, when the user pressed the next button a parallel
process was executed in the background. This process is responsible for some of the data
collection, generation of the GraphML files and getting the mutual friends for each friend.
These processes are time consuming, so doing this way saves time and intends to not
frustrate participants by waiting too long. For each participant is generated a GraphML file
of their entire network — relationships between their mutual friends.
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GraphML files and getting mutual friends are intrinsically connected since those files are
basically the relationships between mutual friends. Obtaining the mutual friends between
the participant and a friend is time consuming because one must do an API call for each
friend (note that the mutual friends gathered are for all facebook friends, not only for the
friend that is being rated at the time).

The decision of making these questions in the format of a horizontal slider form, as shown
in Figure 4, were based in the assumption that tie strength can in fact be continuous
(Granovetter, 1973). This assumption was not proven in the literature, as result the
decision of how many discrete tie strength levels exist is left to be specified. Choosing a
continuum scale avoids this problem. The answers as well the tie strength score are
modeled as continuous 0-1 scale, where 0 is the weakest and 1 the strongest.

How strong is your relationship with this person?
barely know them . we are very close

How much are you looking forward to receiving updates from this person?

not at all - very much
ik . How much do you think this person looks forward to receiving updates from you?
Wiliam Walker not at all . very much

29 of February of 1984
Imagine this friend went on a trip. How much are you looking forward to seeing, liking, or commenting on their photos?

Funchal, Madeira gotatal . very much

Imagine you went on a trip. How much are you looking forward to posting your photos from the trip so that this person can see, like
or comment on them?

not at all . very much

How interested are you in knowing exactly where this person is right now?
not at all i) very much

How much do you think this person is interested in knowing your location right now?
not at all . very much

How much do you trust this person?

I don't trust this . 1 would trust this
person person with my life
Total number of friends: 4/256 | Next (5/20) |

Figure 4 - Survey's main page displaying 8 questions for one random friend

When the page containing the questions first appears the sliders’ handles are colored red
and will stay this way until they are moved (Figure 4), when they are moved it turns blue.
The user is prompted with a warning message when trying to press the next button while
there are at least one red handle. By this design the user is forced to move the sliders even
if they want to leave the handle in its initial position. This decision was adopted after the
pilot was made and noticing an abnormal frequency of 0.5 scores in the distribution (score
attributed by leaving the handle in its default position). It was noted that participants had
tendency to leave the handler in the middle biasing this way the results.
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3.5.2. Tie Strength Algorithm implementation

The tie strength generation according to Gilbert’'s work, was performed to all the
participant’s friends. The purpose of this process was to compare these tie strength values
with the respective survey’s responses. While the loading screen is shown a PHP script
containing the algorithm is executed. The script’s time execution depends majority on the
number of friends a participant has, as also all their Facebook information.

The first step to calculate tie strength is getting all the data necessary as input by making
about 15 API calls. This number is relatively very low for the intended tie strength
generation. Despite doing very few API calls each call returns a relatively large JSON
object. For example | made an API call to all the stream (participant’s wall) data in one
single turn, this returns a large amount of data. After getting all the necessary data it is
performed several cycles to correctly analyze the data. This approach is more difficult and
more prominent to errors, however is much faster. The slower tactic would not be viable
due to its very long execution time. In the other hand the adopted approach despite being
faster as said before more error prone because one must carefully analyze each field. The
main problem would be the inexistence of some fields in some profiles. For example if a
person has declared relationship in Facebook it would have an extra field pointing for the
ID of the loved one. If a person is single, or only said to have a relationship but not
declaring who is the other person, then this extra field is inexistent. Those types of
problems could be easily avoided if this information would be available in detail on
Facebook Developer Site which is not.

After refining the variables the model is applied by multiplying each variable with their
respective beta coefficients which were drawn directly from Gilbert and Karahalios. Those
beta coefficients are standardized coefficients, so for the correct tie strength calculation
the variables must be first unstandardized, and then multiply it by the respective beta
coefficients.

3.6. Research Questions

This section has the goal to formalize the research questions this thesis intends to answer.
Below are presented the research questions:

RQ1 - It is possible to model Tie strength by using a live Facebook application for data
collection purposes?

Past literature focus their experiments in building tie strength models from no-live
environments — by collecting data passively. The software built for this experiment is a
Facebook application with two main goals: test Gilbert’s partial model and collect data for
the purpose of constructing a new tie strength model. This model differs from the ones of
past research in the sense that the data used to build the model is collected by a live
Facebook application.
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RQ2 - Which variables are more important in predicting tie strength?

Tie strength can be modeled by a various set of components — predictive variables. This
research question looks to highlight the variables that have greater impact to the model
built.

RQ3 - Can the new model built from the data collected by the Facebook API perform better
than the partial Gilbert and Karahalios” model?

This question aims to answer which model performs better: the new model or the Gilbert
and Karahalios’ partial model. It is said partial model instead of just model because many
variables are left over as mentioned on 3.3.1 section.
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4. APPLICATION ARCHITECTURE

4.1. lframe applications

Facebook allows the creation of two distinct types of applications: Facebook for Websites
and Canvas Applications. The first one consists in using the Facebook API to add features
such as the like button and the share button to a website. The second ones are the actual
applications which can only be used from within Facebook.

The application created for this thesis is a Canvas application. Those applications are
constituted by two different parts: a container that is defined on Facebook itself and an
external web application that is connected with the container, as shown in Figure 5. The
canvas page is basically an ordinary web page (HTML, JavaScript, CSS, etc.) which is loaded
within an iframe on Facebook. Iframe’s applications will only reload the content inside the
actual iframe, instead reloading the entire facebook page.

Canvas application Web application
in Facebook in our own servers
-’- -——m — =
- This is my Facebook Application
This is my Facebook Application
Y

Figure 5 - A Facebook App is a Web application inside Facebook, i.e. an iframe

4.2. Security

All Facebook applications require a valid SSL certificate (was not mandatory until very
recently) to work. Despite the Facebook login is secured, the application or page where
the application is hosted may not be, leaving the user susceptible to attacks. For this
reason the canvas URL provided must be SSL secured. This policy reinforces security by
protecting the privacy of the user as well preventing attacks against the Facebook account.

4.3. Authentication and Permissions

When a user authenticates into an application this gives it the ability to determine the
identity of the Facebook user, as well read and write data using the Facebook API. The
protocol that serves this authentication is called OAuth 2.0. This protocol enables a third-
party application (iframe) to obtain limited access to an HTTP service (Hammer & Hardt,
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2012). OAuth 2.0 accomplishes this by introducing an authorization layer and separating
the role of the client from the resource owner.

Tie Strength Survey
(RGN | Cancel

Your basic info
Who can see posts this app makes for you on your Your profile info: birthday, education history, groups,
Facebook timeline: interests, likes, relationship status and religious and

‘ 8 OnlyMe = political views
o Your events

Your photos

Friends' profile info: birthdays, education histories,
interests, likes, locations and religious and political
views

Events shared with you

Photos shared with you

Terms of Service Privacy Policy * Repost App

Figure 6 - Application authorization dialog

More specifically, instead of using the resource owner’s credentials to access all protected
resources the third-party application uses an access token — a string representing an
authorization issued to the client and composed a scope, lifetime and other access
attributes. The client (third-party application) now uses a different and more restricted
credential to access the protected resources hosted by the resource server (Facebook).

By default, when a user authorizes an application, it only grants access to their basic
information such as id, name, picture, gender, and locale. Also, some information about
friends may be available, this depends which data is publicly available. The access of
additional information is allowed by asking the user for extra permissions. These types of
permissions are asked when the user is about to authorize the application. There are three
categories of permissions: user permissions — information about the user; friends’
permission — information about the user’s friends (must be made public by the user’s
friends); and extended permissions — are presented on the second page of the dialog and
can be individually discarded (Figure 7). On the other and, user and friends’ permissions
cannot be revoked, as is seen is Figure 6.
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Tie Strength Survey would also like permission to:

@ Access messages in your inbox

Access posts in your News Feed

Crsow [

Figure 7 - Dialog box asking for extended permissions

$location = "". $facebook->getLoginUrl(array(
'scope’ => 'read_stream,
read_mailbox,
user_likes,
user_education_history,
user_birthday,
user_relationships,
user_photos,
user_interests,
user_groups,
user_events,
friends_events,
friends_likes,
friends_birthday,
friends_photos,
friends_education_history,
friends_location,
friends_interests',
'redirect_uri' => 'https://apps.facebook.com/tie_strength/'

)

Figure 8 — Snippet for asking Facebook permissions

There are no distinctions when asking for different types of permissions. It is achieved by
adding the permissions required to the scope parameter in getLoginUrl method of the PHP
SDK, like shown in the code bellow. The redirect_uri parameter indicates the applications’
URL which is redirected as soon the user grants access to the application.
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4.4. Facebook SDK for PHP

The main programming language used to develop this application was PHP. This decision
was made considering the existence of a Facebook SDK for PHP and also a vast
documentation available on the web.

The SDK for PHP provides many server-side functionalities for accessing Facebook’s server-
side API calls. The integration of Facebook SDK for PHP is made by providing the ID and
Secret of the Facebook application, as it shown in the following snippet (Figure 9).

require_once("facebook.php");

$config = array();

$config[appld] = "YOUR_APP_ID’;
$config[secret] = "'YOUR_APP_SECRET;
$config[fileUpload] = false; // optional

Figure 9 — Initialization of the Facebook object

As we see in the snippet above, after the installation of the PHP SDK libraries, the SDK is
used to instantiate a new Facebook object, and it needs an app id and app secret. These
parameters are provided in the Facebook developer page. The recent created variable
Sfacebook serves as access point of all Facebook methods. Some of the most important
are described below:

1. api is the most used method, it allows calling the Graph API or using a FQL
(Facebook Query Language) query. This method was used to get all the data
needed for the study from the participant. For instance, the following code (Figure
10) gets the entire participant’s friends data in a JSON object.

$friends = $facebook->api('me/friends’);

Figure 10 - Code to get all participant's friends

2. getlLoginUrl method returns a URL that when clicked will redirect the user to login
into Facebook to authorize the application, this only happen if the application has
not been authorized before. The process behind this method it is described in the
Authentication section.

3. getUser method returns the Facebook ID of the current logged in user.

In conjunction with PHP SDK, the Facebook JavaScript SDK provides a smooth integration
between the client and server-side of the application. If a user has already authorized the
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application, the JS SDK can pick up the user session which was previously saved by the PHP
SDK.

<script type="text/javascript">
FB.init({
appld : '"APP_ID',
status : true, // check login status
cookie : true, // enable cookies xfbml : true // parse XFBML

b

</script>

Figure 11 - JavaScript SDK initialization

JavaScript for Facebook needs to be initialized in every page where it is used by providing
the application ID. The JavaScript SDK provides a method which can access Facebook
server side APIs. However in the scope of the application developed, all API calls were
made by PHP. JavaScript was solely used for resizing the Canvas iframe and for supporting
communication with the parent facebook.com page.

4.5. Graph API

The main concept of the Facebook API is the social graph. The graph represents all the
objects (e.g. people, photos, events, and comments) as well the relationships (friendship,
photo tags, and shared content) between these objects. Every object in the social graph
has a unique ID and the properties of an object can be accessed making the following http
request: https://qraph.facebook.com/ID. Additionally, people and pages can also be

accessed by their usernames.

The social graph makes possible fetching all kind of data available on Facebook. This
feature is essential to this application, since it is used to capture all kind of Facebook
information. However, when querying a particular object, the query returns only the public
information. To get additional information it is necessary as mentioned before get the
proper permissions.

4.6. Facebook Query Language (FQL)

FQL is a SQL-style language used to query the data exposed by the Graph API. Despite
being a more complex method when compared with the Graph API it has more advanced
features, for example it can access some information not available through the Graph API,
it is more customizable and permits batching multiple queries into a single call. Data
returned from a FQL query is in the JSON format. FQL is a more limited version of SQL this
is easily visible because: the FORM clause can contain only a single table; subqueries
cannot reference variables in the outer query’s scope; and the query must contain
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properties that are indexable (they are marked in the documentation). In the figure it is
presented one query used in the application.

$fql_events = "SELECT eid, uid
FROM event_member
WHERE eid IN (
SELECT eid
FROM event_member
WHERE uid = me()
AND rsvp_status = 'attending’)
AND rsvp_status = 'attending'
AND uid IN (
SELECT uid2
FROM friend
WHERE uid1 = me())";

Figure 12 - Query that returns a JSON object with all the friends that will attend an event that the
current user will participate.

4.7. Batch Requests

The typical way of querying the Graph API consists in getting data for individual objects in
a single go by doing multiple individual HTTP requests. Batch requests are a performance-
enhancing feature for making API calls that allow packing multiple transactions in one
single http request (batch). Each request is processed as independent operation and
executed in parallel. In practical terms, if 20 independent http requests are made, it will
take a very long execution time because they are executed sequentially. In the other hand,
using batch requests will make only one HTTP request instead of 20 since it is performed in
parallel. This brings an enormous performance advantage because we get rid of 19 HTTP
requests. The application built takes advantage of this feature to improve the data
collection speed otherwise would be impractically to gather some types of data. At the
moment this was writing, it was possible to make 50 API calls as one single batch request
(increases the speed in 50 times).

For implementation purposes it was created a Facebook Batch Requests PHP Class. This
class replaced the use of the PHP APl method to get Facebook data. The process is divided
in four simple steps:
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1. Create an instance of the class:

$batch = new facebook_batch();

2. Add the queries one by one:

$friends_key = $batch->add('/me/friends’, ‘get);
$photos_key = $batch->add('/me/photos’, ‘get");
3. Execute the queries:

$batch->execute();

4. Get back the response using the keys:

$friends = $batch->response($friends_key);
$photos = $hatch->response($photos_key);

4.8. Data collection

There are two processes executed when the loading screen is on: the tie strength
algorithm; and data collection. Based on facebook APl documentation it was possible to
verify the types of personal information possible to gather. The facebook API calls
necessary by the tie strength algorithm are the same used to capture the participant’s
data. Obviously some additionally API calls were made with the purpose of gathering
information.

All the data was stored in a MySQL database which we can see in Figure 13. In the storing
task it is important to state that both participants and participant’s data are stored in one
single table called user. The distinction between participants is made by one Boolean field.
The database design adopted was built with flexibility in mind with the drawback of adding
some complexity to the data analysis step. Flexibility was a concern because the data is in
their original format, i.e. raw data. This way one can make different types of data analysis.
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! idInterests BIGINT
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name VARCHAR(45)
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> owner BIGINT
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' wall_posts_post_id VARCHA

> question_1 FLOAT
¥ user_id BIGINT

> question_2 FLOAT
 question_3 FLOAT
 question_4 FLOAT
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 question_5 FLOAT e
& question_6 ALOAT
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question_8 FLOAT
& question_9 FLOAT
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Figure 13 - EER diagram of the database used, note that table user plays a central role
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4.9. File organization

Figure 14 shows the directory scheme of this application, it contains all the files
responsible for the application operation. The main structure of the application is
constituted with 10 PHP scripts, seen as 10 first PHP files in the figure. The files concerning
the survey’s introduction are index.php and start_page.php. The core file is the
algorithm.php which contains the tie strength algorithm as well all the data retrieval
methods and the respective insertions in the database. All the following pages, with the
exception of the background.php are responsible with the survey itself. The
background.php is a UNIX background process responsible for inserting the respondents’
answers in the database as well the GraphML files generation.

All the sub-folders are necessary for a correct application’s operation. The configuration
folder deals with the database’s connection and contains the facebook PHP SDK which has
two PHP files and a certificate file, these files ensures the connection between the
Facebook APl and the webserver that hosts the application. The functions folder contains
all the PHP functions built for the application — the Facebook batch file allows multiple API
calls in one single HTTP request; the translation file is responsible for supporting multi-
language of the survey (English and Portuguese); the funny functions file is responsible for
the funny phrases generated in the end of the survey; and all the remaining functions are
embedded in functions.php file.

For building the survey’s horizontal slides, the loading page, alert messages and the
calendar it was used jQuery. The files responsible for this are confined in the jQuery folder.
Not required for the functioning of the application is the GraphML files folder. This folder
serves as a repository for all the GraphML files created.
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5. RESULTS

5.1. Why Multiple Regression?

Multiple Regression is a statistical method for studying the relationship between a single
dependent variable and one or more independent variables. It is one of the most widely
used statistical techniques in the social sciences (Allison, 1998). Multiple regression is very
desirable for two main reasons. The first one is for prediction purposes; by using it is
possible to combine many variables to produce an optimized equation to predict the value
of the dependent variable. The second reason is that it separates the effect of
independent variables from the dependent variable, making it possible to examine the
unique contribution of each variable. A multiple regression analysis outputs a linear
predictive equation as shown in the following equation (Lane, 1998).

]//\ = a+ b1x1 + b2X2 + b3X3+ e +bnxn (1)

In equation 1, ¥ is the dependent variable and the x,, are the independent variables. The
letters a and b represent constant numbers which represents the intercept and slope
respectively. The intercept is the line on the vertical axis that intercepts the line. The slope
indicates how big a change we get iny from one unit increase in x; the so called
unstandardized coefficients are represented by the slopes.

By applying this concept to the tie strength model it is quickly visible that the dependent
variable would represent the tie strength score and the independent variables represent
the various facebook predictive variables. It is possible to build an equation that helps
predicting tie strength and at the same time the contribution of each variable to the model
is known.

5.2. Variables entered in the model

The dependent variable will correspond to the real tie strength value; in this case it
corresponds to the scores obtained in the “How strong is your relationship with this
person?”’ question. As stated before, tie strength scores are represented in an interval of 0
to 1 with two decimal places; being 0 the weakest and 1 the strongest.

Chart 7 shows the answers’ distribution, as expected there is a higher concentration in the
0 — 0.1 interval. These friendships are predominantly acquaintances; people in social
network sites are more willingly to accept or make friend requests than in an offline
environment. The mean of the all the 1642 first question responses is 0.29 with a median
of 0.20. The tie strength value (dependent variable) will be our 7. There will be a set of 13
independent variables which would be ours x,.
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Chart 7 - Frequency of the tie strength question - "How strong is your relationship with this

person?”
N Range Minimum | Maximum Sum Mean Std. Deviation
How strong is
your relationship 1642 1.00 .00 1.00 472.11 .2875 .28720
with this person?
Valid N (listwise) 1642

Table 9 - Descriptive statistics for the "How strong is your relationship with this person?” question

Table 10 shows some descriptive statistics for the 13 independent variables entered in the
model. Most variables have a small range. These variables occur with a very low frequency
due its own nature and due to some limitations regarding the Facebook API which limits
the access of some old data. Not all participants contributed equally in terms of variables,
the inbox messages authorization was denied by some participants, excluding this way the
inbox messages exchanged variable for these friendships. Approximately 20 percent of the

participants did not grant access to the inbox messages permission.

50




N Minimum | Maximum Sum Mean Std. Deviation

wall_posts_exchanged 1642 0 12 391 24 , 726
wall_post_comments 1642 0 14 149 ,09 ,539
photo_comments_of_participant 1642 0 16 87 ,05 ,692
comments_participant_tagged 1642 0 19 444 27 1,466
likes_wall_posts 1642 0 142 594 ,36 3,809
likes_participants_appearences

photos 1642 0 24 389 24 1,396
likes_participants_photos 1642 0 12 78 ,05 ,450
mutual_friends 1627 0 326 57247 35,19 43,903
groups_in_common 1642 0 13 1102 ,67 1,252
events_in_common 1642 0 3 48 ,03 ,204
inbox_messages_exchanged 1341 0 21900 44600 33,26 654,173
family 1642 0 3 48 ,03 ,210
appearences_together_photos 1642 0 23 565 34 1,633
Valid N (listwise) 1328

Table 10 - Descriptive statistics for the 13 predictive variables

5.3. The new model

In this section | have entered all the independent variables and the dependent variable as
in SPSS then | executed a multiple regression. The enter method was chosen to run this
regression. This method means that all independent variables enter in the method
ignoring their actual contribution to the model; this way it is possible to see the impact of
each variable to the equation created, or see if exist or not a relationship between tie
strength and the variables.

R R Square Adjusted R Std. Error of
Square the Estimate
,398 ,158 ,150 .26425

Table 11 — Overall Model Fitt

Table 11 summarizes the completeness of the model. The letter R represents the
regression (correlation) coefficient; it is the correlation coefficient between the observed
values of Y and the predicted values of Y. The interpretation of R is similar to the
interpretation of the correlation coefficient, the closer the value of R to one, the greater
the linear relationship between the independent variables and the dependent variable.
The R value is 0.398, meaning that exists a positive correlation between the tie strength
score and the predictive variables. Nevertheless, the correlation coefficient has a relatively
low moderate value.
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On the next column there is the R-squared (coefficient of determination) value. This
coefficient is the ratio of the sum of squared errors produced by the least squares
equation that is being evaluated by the sum of squared errors for a least squares equation
with no independent variables (just the intercept). The R-squared score of 0.158 means
that using those 13 predictive variables to predict tie strength yields a 15.8 percent
reduction in the prediction errors when compared with using only the mean. In other
words, it can be said that those 13 predictive variables “explain” 15.8 percent of the
variation in tie strength.

A R-squared of 15.8 percent may appear low; however the R-squared is only an indicator
of the completeness of the regression model (Haynes, 2010). Only the p-value in the
regression ANOVA (Analysis of Variance, Table 12) and the p-value of the coefficients
(Table 13) should be used to determine the goodness of a regression. So, if the p-value is
less than five percent then it may be possible that the regression has found a significant

relationship.
Sum of df Mean Square F Sig.
Squares
Regression 17,278 13 1,329 19,034 ,000°
Residual 91,752 1314 ,070
Total 109,030 1327

Table 12 - ANOVA table

In this experiment we consider a significance level of 0.05 (five percent); the null
hypothesis is that the independent variables do not aid the prediction of tie strength —
none of the independent variables has a relationship with the dependent variable. The
column Sig. in Table 12 states a p-value of .000 which is smaller than the confidence level.
This means that at least one of the coefficients values is not zero, which means that at
least one independent variable has a significant relationship with the dependent variable;
by rejecting the null hypothesis we conclude that the model is useful.

Looking at Table 13 it is visible the weight of each variable to the model created.
Considering a significance level of five percent, the following variables are not statistically
significant: mutual friends, events in common, comments in participant’s photos, wall
posts’ likes, likes in photos where the participant is tagged, and likes of the participants’
photos. The remaining variables are significant related to the dependent variable;
therefore they have effect in the predicting tie strength. By watching the beta
standardized coefficients column we can make a direct comparison of the independent
variables. The variables wall posts exchanged, family and wall posts comments are
considerable significant when estimating tie strength. The unstandardized coefficients may
seem to have a very small value, but one must take in account that tie strength is modeled
between 0 and 1. So for a valid comparison, one must look into the standardized
coefficients.
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New model Unstandardized Coefficients | Standardized t Sig.
Coefficients
B Std. Error Beta

,242 ,010 24,175 ,000
(Constant)

,080 ,012 ,180 6,629 ,000
wall_posts_exchanged
mutual friends ,000 ,000 -,045 -1,605 ,109
common_groups ,016 ,006 ,073 2,591 ,010
Common_events ‘,019 ,034 ',015 ',561 ,575
inbox_messages_exchanged 3,018E-005 ,000 ,069 2,713 ,007
wall_post_comments ,084 ,019 ,131 4,464 ,000
photo_comments_of_participant -,003 ,017 -,007 -,188 ,851
comments_participant_tagged 012 ,007 ,060 1,741 ,082
likes_wall_posts ,002 ,002 ,025 ,908 364
likes_participants_appearences -,005 007 -,026 -692 489
likes_participants_photos 024 021 042 1,147 252
appearences_together_photos 017 006 105 2.674 008
family

,202 ,034 ,155 5,880 ,000

Table 13 - List of the predictive variables and their respective coefficients and significance level

By excluding the not significant variables from the equation we can come with the
equation (2) which helps predicting tie strength. Only six of the 13 predictive variables are
inserted in the model, the others are discarded because they are not significant.

7 = 0.242 + 0.08X; + 0.016X, + 3.01875 X5 + 0.202X, + 0.084X5 + 0.017X, (2)
Where:

e X, is the number of wall posts exchanged between the participant and the friend.

e X, is the number of groups in common between the participant and the friend.

e X;is the inbox messages exchanged between the participant and the friend.

e X, is the family rank between the participant and the friend.

e X: is the wall posts comments of the friend on the participant’s wall.

e X, is the number of appearances together in photos .

The 6 terms equation has a correlation coefficient (R) of 0.394 for the training dataset. To
achieve the maximum correlation coefficient (0.398), all independent variables must be
entered; this implies entering the not significant independent variables in the equation.
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Chart 8 - Scatter plot for the respondent's answers and correspondent new model scores

The intercept for this model as seen in Equation 2 is 0.242 so the model basically does not
make predictions below the 0.2 level (chart 12). However the Pearson correlation
coefficient is 0.394.

How strong is New
your model
relationship
with this
person?
How strong is your Pearson Correlation 1 ;394"
relationship with this Sig. (2-tailed) ,000
person? N 1642 1341
Pearson Correlation ,394” 1
New model Sig. (2-tailed) ,000
N 1341 1341

Table 14 - Correlation between the tie strength question and the new model (six terms)

5.4. Tie strength model using Gilbert’s beta coefficients

As indicated earlier on this thesis, the Facebook application tested a tie strength algorithm
using some of the beta coefficients obtained on the Gilbert and Karahalios paper. It were
used a total of seven predictive variables whose beta coefficients were available. These
variables and their beta coefficient are listed in Table 15.
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Predictive Variables B

Wall words exchanged 0.299
Days since first communication 0.755
Days since last communication -0.76
Inbox positive emotion words 0.135
Wall intimacy words 0.111
Participant initiated posts 0.146
Educational difference -0.22

Table 15 - Predictive variables and their respective beta coefficients. The coefficients were drawn
directly from Gilbert and Karahalios.

Since we are dealing with standardized coefficients and not unstandardized coefficients;
the prediction equation is formulated as follows:

p=p T+ g g BT o g T (3)

S1 Sy S3 Sn
Where:

e [ s the beta coefficient of the independent variables.

e x istheindependent variable.

e m is the mean of the respective independent variable.

e s isthe standard deviation of the respective independent variable.
The values are then normalized between 0 and 1.

A total of 35708 friendships were analyzed using the equation above. The distribution
chart is as follows. The mean of the score is 0.15 and the median is 0.06.

The high concentration at the 0.1 level indicates that most of these variables were
attributed a very low value probably due a lack interaction between the participant and
the friend. These distributions are similar to the Panovich et al., 2012 experiment, which
used six Gilbert and Karahalios’ beta coefficients to generate tie strength.
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Chart 9 - Distribution of the tie strength scores for all the participant's friendships

Chart 10 illustrates the frequency distribution of the tie strength scores for only the
friendships that the participant rated. It is important to keep in mind that Chart 11
contains 1341 data points, not 1642 (total number of friendships rated). These 301
friendships were removed from the scatter plot because the participants from these
ratings did not allowed access to the inbox messages, removing this way the variable inbox
positive emotion words. So, for a better comparison with the new model developed these
301 ties were left out. This exclusion in the sample improved the correlation coefficient
from 0.276 to 0.311 (Table 16).
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Chart 10 - Distribution of the tie strength scores for only participant's friendships that were rated

The mean of these scores is 0.19 with a median of 0.08; slightly above of the mean and
median of all the friendships analyzed (chart 12).
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Chart 11 - Scatter plot for the respondent's answers and tie strength values

Table 16 shows a low moderate correlation of 0.311 between the tie strength algorithm
and the tie strength question. The Correlation is significant at the 0.01 level (2-tailed).

How strong is Gilbert’s
your
relationship
with this
person?
Pearson 1 311™
How strong is your Correlation ,
relationship with this ] ]
Sig. (2-tailed) ,000
person?
N 1642 1341
Pearson -
) 311 1
Correlation
Gilbert’s . .
Sig. (2-tailed) ,000
N 1341 1341

Table 16 - Correlation between the tie strength question and the tie strength scores obtained by
the algorithm
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5.5. Small Validation Study

A small pilot was conducted to answer the following questions:
1. Does the sampling method influence the tie strength model?
2. Could the new tie strength model perform well in another dataset?

This validation study counted with only two participants: one with 264 friends and another
with 182 friends. It was asked the participants to rate all their friends; creating a dataset of
446 ties. Rating all friends is an exhausting process, turning difficult to find participants
that were willing to participate.

The mean of the survey’s answers was 0.31 and a median of 0.22, which are higher than
the main dataset. Chart 12 shows the distribution of the survey’s answers; this dataset
distribution is similar to the dataset of the 1640 friendships of the main study.
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Chart 12 - Distribution of the survey’s answers

The Chart 13 and Chart 14 show the scatter plots between the survey’s answers and the
new model, and the survey’s answers and the Gilbert’s model respectively. A small
correlation is visible in both charts. The new model does not rate friendships below the
0.242 value; 0.242 is the intercept value, and one must keep in mind that the new model
considered has only 6 predictive variables and none of them have negative coefficients.
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Chart 13 - Scatter plot for the survey's answers and the new model predictions

In table 13 we can see the Pearson’s correlation coefficient for Chart 14 is 0.409; a low
moderate value. It is even higher than the Pearson’s correlation coefficient obtained when
correlating the new model on the main study’s dataset.

model's prediction

0 0,1 0,2 0,3 0,4 0,5 0,6 0,7 0,8 0,9 1
participant's response

Chart 14 - Scatter plot for the survey's answers and Gilbert's partial algorithm

The Pearson’s correlation coefficient for Chart 14 is 0.394; very similar to the new model
correlation coefficient. Both correlations are significant at the 0.01 level (2 tailed).
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Question New Model Gilbert’s Model

Pearson Correlation 1 409" 394"
Question Sig. (2-tailed) ,000 ,000

N 446 446 446

Pearson Correlation 409" 1 619"
New Model Sig. (2-tailed) ,000 ,000

N 446 446 446

Pearson Correlation 394" 619" 1
Gilbert's Model Sig. (2-tailed) 000 000

N 446 446 446

Table 17 - Correlations between the main question, new model predictions and Gilbert's model
predictions for the new dataset

For this new dataset it was also performed a new multiple regression analysis in order to
see the fitness of the model. It was used the same 13 independent variables as in the
previous model.

R R Square Adjusted R Std. Error of
Square the Estimate
A73 ,224 ,204 .23415

Table 18 - Model summary.

The regression coefficient is relatively high and the r-squared of 0.205 states that the
variables inserted in the model are responsible for 20.5% of the variation of tie strength.

5.6. Survey’s Questions

Apart the survey’s main question — “How strong is your relationship with this person?”
which is the indicator of the real tie strength, it was made another seven questions, and
these questions are listed on Table 19. The initial idea was to study in more detail these
questions accompanied with a more specific literature review as well. However, due to
lack of time to analyze the respective literature, the research of these questions was
discontinued; still some basic statistics - descriptive statistics and correlations were
performed on them.

From this table we can see that questions two and three, four and five, six and seven are
related. Question number eight regards trust and is not related with the other questions.
Questions two, four, and six are questions with intend to capture the “interest” of the
participant on the friend that is showing up.
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Number | Questions Mean Std. Deviation
1 How strong is your relationship with this person? .2875 .28720
2 How much are you looking forward to receiving updates from
) .2954 28771
this person?
3 How much do you think this person looks forward to receiving
.2538 .26679
updates from you?
4 Imagine this friend went on a trip. How much are you looking
. o . . .2963 .29573
forward to seeing, liking, or commenting on their photos?
5 Imagine you went on a trip. How much are you looking forward
to posting your photos from the trip so that this person can see, .2516 27422
like or comment on them?
6 How interested are you in knowing exactly where this person is
. 2274 .28850
right now?
7 How much do you think this person is interested in knowing
S .2107 .26955
your location right now?
8 How much do you trust this person? 3175 .28810

Table 19 - Descriptive statistics for the seven remaining questions

In the other hand, the questions three, five, and seven tries to capture the “interest” that

the participant thinks the friend have on him. Questions two, four, and six have higher

averages than questions three, five, and seven. This could mean that most relationships

captured are not mutual, or more likely, people usually tend to believe that the person

they are rating is slightly less interest in them, than vice-versa.

Table 20 shows us the Pearson correlation for all the survey’s answers. At a first glance we

can see that the first question (tie strength question) is highly correlated with question

eight (trust question). There is a high correlation (0.910) between question six and seven

(Location’s questions). As expected all the correlations are high and positive indicating

coherence in the answers by the participants.

Ql Q2 Q3 Q4 Q5 Qb Q7 Q8

Q1 1 ,812 ,819 ,756 ,793 ,625 ,676 ,845
Q2 ,812 1 ,850 ,884 ,823 ,743 ,715 ,796
Q3 ,819 ,850 1 ,791 ,881 ,713 ,786 ,775
Q4 ,756 ,884 ,791 1 ,862 ,763 ,733 ,751
Q5 ,793 ,823 ,881 ,862 1 , 742 ,788 ,764
Q6 ,625 ,743 ,713 ,763 ,742 1 ,910 ,607
Q7 ,676 ,715 ,786 ,733 ,788 ,910 1 ,643
Q8 ,845 ,796 , 775 ,751 ,764 ,607 ,643 1

Table 20 - Correlation between the survey's answers. Correlation is significant at the 0.01 level (2

tailed)
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6. DISCUSSION

This chapter analyzes and interprets the results described in the previous chapter by
answering the three research questions separately, which were formulated previously. Still
in this chapter, an informal analysis is conducted to evaluate the sampling method. This is
achieved by comparing the main dataset with a small but complete dataset of two
particular participants. This same dataset is still used to test both models making an
independent comparison of both models. Finally, some limitations of the current work are
pointed in the last section of this chapter. Bellow follows the research questions and their
analysis and interpretation.

RQ1 - It is possible to model Tie strength by using a live Facebook application for data
collection purposes?

Very few works address the question if tie strength can be modeled using a real time
facebook application as data collector. In fact there are a huge number of Facebook
applications that use tie strength, for instance: my top friends; top 10 friends; who cares?;
etc. Those applications rely on simple metrics to estimate tie strength such as number of
posts, number of comments, and so on. Estimation of tie strength in those applications is
very vague, i.e. no empirical work has been made to answer these questions and
consequently no work has been done to model tie strength in those types of
environments. The regression coefficient R of 0.398 (Table 11) between the 13
independent variables and the tie strength question shows a medium low correlation. The
R-squared of 0.158 indicates that 15.8% of the variation in tie strength is explained by
these 13 variables. From those 13 variables, six of them have p-values less than 0.05 (Table
13), demonstrating statistical significance. These results support the assumption that is
possible to model tie strength via a Facebook application by using a system using the
standard developer API.

RQ2 — Which variables are more important in predicting tie strength?

When interpreting Table 13 it is important to highlight two important aspects, the
standardized coefficients and their respective p-values. Standardized coefficients allow
checking the individual importance for each predictive variable. The p-values allow us to
know if the predictors are statistically significant. With this in mind we can identify the
variables that most contributed for the model. The predictors contributed to the model in
the following order: wall posts exchanged; family; wall post comments; appearances
together in photos; common groups; inbox messages exchanged. The statistical analysis
supports that these variables do not occur by chance and can indeed predict tie strength.
The stronger predictor is the wall posts exchanged, This finding are supported by the work
of Kahanda, 2009, where he states that wall content and photo tagging are important in
link prediction. Common groups have a very small beta coefficient (0.073) however is
statistically significant, meaning that group members have a higher chance to be really
friends than just acquaintances. The family variable scores well, it was expected to do so
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because usually people include only real family members in their family lists. Appearances
together in photos implies physical proximity between the actors, the findings support this
affirmation. The results suggest that the usage of facebook chat occurs more between
strong ties than weak ties. In the other hand, seven of the 13 variables were not
statistically significant. Common events do not show a small negative beta coefficient,
however the p-value is very high (0.575), so most likely the beta coefficient occurred by
chance, discarding this way common events from the equation. Surprisingly, photo
comments did not contributed to the model, neither did likes. Three types of likes were
considered: wall posts, participant’s photos, tagged photos. In none of them were found
any relationship with tie strength. This suggests that people do make likes for the content
of the posts or photos itself than the affinity for the content’s owner. This assumption is
easily accepted in the wall posts scenario, however in the photos context this situation
seems unlikely to happen. Since photos implies the participant presence, is expected that
likes serve as a kind of intimacy between the participant and the “liker”. At last, mutual
friends did not show any relationship with tie strength itself therefore it does not add
strength to the model. In fact, mutual friends do not necessary indicate higher tie strength,

Ill

a participant who has many mutual friends with other person can feel “obliged” to accept
or made a friend request to this person. No mutual friends in a friendship could mean a
more genuine friendship since it is not “forced” by other elements — mutual friends. These
results support previous findings that mutual friends are negatively correlated with a

closeness measure (Bapna, Gupta, Rice, & Sundararajan, 2011).

RQ3 - Can the new model built from the data collected by the Facebook API perform better
than the partial Gilbert and Karahalios’ model?

In the pilot performed before the main study, the correlation between the tie strength
question and Gilbert and Karahalios’ partial model was 0.27. This value was somehow low
than expected therefore motivating a new study with a larger dataset to collect enough
data to build a new model and at the same time executing Gilbert’s algorithm. A total of
1640 friendships were successfully rated, however only 1329 friendships were entered in
the model, after excluding participants who did not granted the inbox message access
permission and some outliers. This permission added an extra variable in both the Gilbert’s
model and the new model, and in both models this permission contributed positively. As
said before the multiple regression coefficient R (Table 11) for the new model
construction, scored 0.398 which shows a medium low correlation. The not significant
variables were omitted from the prediction equation (only 6 terms remained), then
performing a correlation on the same dataset. The result was a Pearson’s’ correlation
coefficient of 0.383; very similar when considering all the independent variables in the
equation. To comparison purposes the tie strength question was correlated with Gilbert’s
model. It scored 0.311, slightly higher than what it was gotten in the pilot experiment.
Despite that, this comparison has a weakness — the correlation coefficient of the new
model is calculated on the same dataset that it was used the build the new model. In order
to make a more reliable comparison it was conducted a small validation experiment; this
same study had as secondary goal to check the effectiveness of the sampling method. This
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last experiment, as already said on this chapter counted with only two participants, in
which they rated all their friendships. Three kinds of statistical analysis were performed on
this data: a correlation between the tie strength question and Gilbert’s partial model; a
correlation between the tie strength question and the new model built; and a new
multiple regression analysis. The latter will be discussed in the next section. Both models
performed relatively well on this dataset. Gilbert’s partial algorithm correlated at the
0.398 value and the new model at the 0.409 (Table 17). These values do not show a
significant difference between the two models in terms of effectiveness. It is very
important to emphasize the fact that Gilbert’s partial model uses seven variables and the
new model counts with six variables. This research question cannot be answered, a more
comprehensive dataset would be necessary to see which model can predict better. With
the experiments conducted so far, one can assume that both models perform equally fine.

In their paper, Gilbert and Karahalios made available their top 15 predictive variables and
their respective beta coefficients. Some similarities and differences can be found between
their and this new model predictive variables. For instance, wall words exchanged is a
good predictor; this variable may not be directly, but indirectly related with the wall posts
exchanged and number of wall posts comments variables contained in the new model;
both these variables are also good predictors. Regarding to the number of inbox messages
exchanged variable, the findings suggests that it is positive correlated with tie strength.
This assumption clashes with Gilbert and Karahalios work, their findings claims that inbox
depth is negatively related with tie strength. However our findings are supported by the
work of Whittaker, Terveen, Hill, and Cherny, 1998 which states that familiarity between
Usenet users increases with inbox depth.

6.1. Evaluation of the sampling method

Sampling method is the way that the answers and data were collected from the
participants. The application aimed to gather an average of 20 questions for each
participant, prioritizing the ratio: number of participants by number of answers than vice-
versa. It is not practical to ask participants to rate all their Facebook friends. Sampling
decision could have other implications in the tie strength’s calculation. So an informal
analysis has been made to address the following assumption: A tie strength model could
perform better if the dataset was formed by participants that rated all their friends.

The small validation study cited in the previous chapter had as secondary goal to validate
the sampling method adopted. The sampling method chosen consisted in select more or
less 20 friendships randomly for each participant. The dataset constitutes partial
friendships from a lot of participants (mostly 20 friendships, some less, some more). This
hypothesis states that a dataset composed by ties from participants that rated most of
their friends would result in higher performance by the tie strength models. The high
mean (360) of participants’ number of friends motivated this assumption. A high number
of friends could signify that a great probability of valuable friendships would be left over.
This could be solved by making the “valuable” friendships occur more often by creating a
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simple metric which could indicate tie strength, however this action would biased the
study. So, a totally random selection was imposed, but the high mean number of friends
may have lowered the models’ performance. The two participants recruited had a mean of
223 friends. In the last section we saw correlations of 0.398 and 0.409 for the Gilbert’s
partial model and the new model respectively. Higher values from the ones obtained in
the main study. A multiple regression analysis was also conducted in this new study,
outputting a multiple regression coefficient R of 0.473 and a R-squared of 0.224 (Table 18).
Again these values were higher than the R and R-squared from the main study. This
indicates that the sampling method chosen may have not the better. This limitation could
have been avoided, by keeping just one question (tie strength question) and removing the
other questions, and at the same time making the application faster. Doing this would
make participants rate more friends, therefore getting more tie strength data. However
due the reasons cited on the 5.6 section the extra questions and the survey design had
been kept.

6.2. Study limitations

Some limitations have been associated to this study. Firstly, the inherent restraint of using
the facebook API for data collection, although many data were made available through the
facebook API, some of them would return null because sometimes participants had
declared their personal data as private in their facebook settings. Limiting to some degree
the information gathered. Secondly, some participants did not grant access to their inbox
private message count (no content was stored neither used in the model, although it was
possible). Inbox messages count revealed to be an important predictor of tie strength.

Some technical difficulties had been the source of some participant’s dropouts. The main
technical problem was failures in some API facebook calls. Without apparent reason some
API calls were lost, most of the times if the participant reloaded again the application it
started working. Participants who made the survey without supervision, was not aware of
the problem and probably quitted the study after the first error. This was more frequent in
participants with a great number of friends.

The participants may have experienced some fatigue with the progression of the survey,
some of the answers might be biased, especially the latter ones. The Facebook application
was totally translated to Portuguese; as well the dictionaries used in the Gilbert’s partial
model to get the positive emotion words and intimacy words. Some complications may
have existed, not in the translation itself but in the semantic context of some words in the
dictionaries from English to Portuguese. Fortunately, these problems are believed to have
a small effect or even none in the study.
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7. CONCLUSION

The main contribution of this thesis is a prediction model of tie strength which can be
implemented using the Facebook API. Another tie strength model based in past work (by
Gilbert and Karahalios) was also explored; this model was also adapted so that it could be
implemented using the Facebook APl. A comparative analysis was made to verify the
effectiveness of both models. The results suggest a modest improvement of the new
model over the existing model, however the new model had the advantage of being
simpler to implement as, among other factors, it lacked variables based on complex lexical
analysis. Consequently, the new model does not require searching for intimacy or positive
emotion words in the participant’s wall or inbox messages. This step requires dictionaries
of intimacy or positive emotion words, something can be challenging to collect for a wide
range of languages.

This thesis has also uncovers the unique contribution of each predictive variable to the
final model. Knowing the single weight of each predictive variable is important because it
can help understand which variables should be focused on in order to improve future tie
strength models. For example, this information can help select the strongest predictors for
future refinement. For instance, as the analysis indicates that wall posts exchanged is a
good predictor of tie strength future work might refine this measure by analyzing their
nature (funny, motivational, personal, etc.). These types of refinements may lead to
improvements in the power of the tie strength model.

Tie strength models have many practical applications. For example they could help the
monotonous task of automating and sorting friends lists, or more accurately setup
automatic narrowcasting services. Depending in the complexity of the models, tie strength
calculations could also be adapted to be used in other SNSs. Another interesting aspect of
studying tie strength is that it can help us better understand human relations. Since SNSs
provide huge repositories of data, this data can be used to better understand the factors
which affect people’s friendships in real life. In this scenario, SNSs would work as proxy of
real human relationships. This method would be more practical since it would be easier to
get data without disturbing people with observations and interviews.

The model built in this thesis was intended to be used through the Facebook API as a tie
strength algorithm. It could be used by other developers for example as a friendship
predictor when developing Facebook applications. It could also be used by researchers in
order to study tie strength or even use this model as a means to study other subjects.

Facebook growth has been remarkable in these last few years, with 840 million active
users by the end of 2011 and a total of 10.5 billion minutes spent on the site per day,
excluding mobile use (Protalinski, 2011). Indeed, Facebook is not simply growing but is also
eliminating competition by attracted users from others SNSs. In June of 2009 there were
17 SNSs in the top 100 sites (according to Alexa and Google trends), but this number has
been reduced to just six in just two years (Protalinski, 2012). As the dominance of
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Facebook grows this provide increased opportunities to study and apply online tie strength
models.

These facts increase the relevance of studying social networks. However, tie strength
modeling is not an exact science. Even with all the large amounts of data available it is still
difficult to build a model that makes perfect predictions. Human nature is hard to predict
and many aspects of human life are still excluded from SNSs. Regardless of this limitation,
research on this subject remains important as there is a huge amount of data available to
be mined and studied.

7.1. Future Work

Future work is necessary to improve the described tie strength model. A more extensive
data collection, as also the refinement of more creative predictive variables would be first
steps. Also, it would be crucial to design the study/survey to get a larger number of
friendships rated by making it faster and prioritizing only a single tie strength question.
This would undoubtedly produce tie strength models that are more accurate and reliable.
Instead of working to improve the tie strength model one could choose another path, and
apply the tie strength model to real facebook applications. For example a narrowcasting
application that sorts and group friends according to strong or weak ties, i.e. close friends
and acquaintances.
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APPENDIX 1. SNA Metrics

One important concept of SNA is their metrics, which allow measuring the topology of a
social network, for posterior analysis and conclusions. In this section the most relevant
SNA metrics to the current work are presented. Centrality metrics are a group of metrics
particularly important to the current work because it permits to identify key nodes, i.e.
identify the most popular/important nodes within a network. Centrality measures include:
degree, betweenness eigenvector, and closeness centrality. In this study the degree and
betweenness will be covered with some detail. Other metrics of interest, such as:
clustering coefficient, assortativity, disassortivity, diameter, and disparity are also
presented. All of these metrics are essentially important if one wish to analyze the
GraphML files provided in this thesis.

Before continuing it is important to distinguish two different types of networks:
ego/personal networks and whole/complete networks. Ego networks may be defined as
networks consisting of a single actor (ego) together with the actors (alters) they are
connected to, and all the links among those alters. On the other hand, whole networks as
the name indicates, are complete networks. Most studies have adopted ego-centric
network because these networks provide a simple structure which brings the benefit of
simplicity in data collection (Everett & Borgatti, 2005).

Degree Centrality

The most common measure of Centrality is the degree. A degree of a determined node is
the count of the number of ties to other actors in the network. This metric usually
corresponds to the number of friends of a SNS, but it can be extended to other social
activities and therefore obtain multiple graphs and their respective degree (De Meo,
Ferrara, & Fiumara, 2011). The standard representation of a social network assumes that
the graph is undirected, for instance the notion of friendship in Facebook, which does not
differentiate a receptor from a receiver, yet some studies apply the use of directed graphs
for example to map an activity network (Chun et al., 2008; Xiang et al., 2010). In these
cases the degree is divided and represented by the in-degree (edges directed to the node)
and out-degree (edges which directs out from a node).

Betweenness Centrality

Defined by Freeman (1979) as an index measuring one’s potential to control
communication in a given network. Put in another words, it can be simply defined as the
number of shortest paths from all vertices to all others that pass through that node. This
measure considers the connectivity of the node’s neighbors and assigns a higher value for
nodes that serve as a bridge between clusters, as it is visible in figure 2. Although there are
several metrics to compute the centrality of a node, such as degree, closeness, eigenvector
and betweenneess centrality, the latter one has been shown as the more accurate metric
to calculate the actual importance of a node in a network (Latora & Marchiori, 2007;
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Wasserman & Faust, 1994). So, a person can have a low degree (few connections) but if
one has an high betweenneess centrality, then it plays an important role in a social
network, because it contributes to a more connected network (Everett & Borgatti, 2005).
For instance, Ennett et al., (2006) argue that students who demonstrate high
betweenneess centrality play a central role in the transmission of behaviors, norms, and
cultural knowledge. In the work of Catanese, De Meo, Ferrara, Fiumara, and Provetti
(2011) it was concluded that the study of betweenneess centrality in Facebook is
fundamental for all those aspects related to discovering central nodes of the network, and
it is a numerical property for applications, e.g., for marketing purposes, broadcasting
news, etc. Also, Lewis, Kaufman, Gonzalez, Wimmer, and Christakis (2008) showed that
betweenneess centrality was used to understand the role of social categories, such as
race/ethnicity, socioeconomic status, and gender in network behavior more generally and
in online social network behavior in particular. In two similar experiments realized on
Facebook and performed by Zhao, Wu, & Feng, (2011) and Zhao, Wu, & Xu, (2010) the
nodes with higher betweenneess centrality were used preferentially to diffuse
information, and it was found out that it achieved better efficiency of information
propagation than random, strong and even weak nodes.

Clustering Coefficient

In simple terms this metric computes the tendency of a network to cluster together and is
computed as the ratio of number of connections in the neighborhood of a node and the
number of connections if the neighborhood was fully connected. In figure 2 it is visible the
calculation of the clustering coefficient in three different simple networks. The clustering
coefficient of a network is defined by the average of the individual clustering coefficients
(Wasserman & Faust, 1994). Barrat, Barthélemy, Pastor-Satorras, and Vespignani (2004)
proposed a slightly modified model for calculate the clustering coefficient of a weighted
network. Based on Barrat’s model, Chun et al., (2008) calculated both the unweighted and
weighted clustering coefficient of Cyworld which corresponds the clustering coefficient of
the network and the activity network respectively, with the purpose to check if the activity
network of a network flows between their close neighbors. Networks with a low value of
clustering coefficient reveal a poor rate of information propagation because there is a
negative correlation between the number of positive weak ties and the clustering
coefficient of the network, weak ties are fundamental to disseminate information more
efficiently (Zhao et al., 2011). In order to solve the apparent conflict between clustering
coefficient and short paths Watts and Strogatz (1998) defined a simple model of social
networks to show that as long as there is a small fraction of ‘random’ connections
between cliques, social networks could display both high clustering and small average
shortest paths.
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Other metrics of interest

Here other interest metric are presented but with less detail. Other important centrality
measure is the metric of closeness which is based on the notion closeness or distance. It
focuses on how close a node is to all other nodes in the network. An actor which has high
closeness score can communicate information more efficiently to other actors
(Wasserman & Faust, 1994). Still in the centrality metrics there is eigenvector centrality
which is a more sophisticated view of centrality, it makes an approximation of the
importance of each node in a graph. Ye, Lang, and Wu (2010) states that a person with few
connections could have a very high eigenvector centrality if those few connections were
themselves very well connected.

The assortativity metric is directly related with homophily (tendency of individuals to
associate with similar others), if the nodes in a social network are connected with similar
nodes it is said to have an assortative mixing pattern, otherwise they have a diassortative
mixing pattern. Assortative mixing patterns are an unique characteristic of social networks
(Newman, 2002) and basically most known studies follows this pattern (Ahn, Han, Kwak,
Moon, & Jeong, 2007). We can say that a network has diameter D if every pair of nodes
can be connected by a path of length of at most D edges (Wasserman & Faust, 1994).
Today’s SNSs (e.g., Facebook, Twitter, LinkedIn, etc.) are huge, and their diameter
computation is infeasible. Palmer, Gibbons and Faloutsos (2002) proposed an
approximation for the effective diameter of massive networks but it requires the entire
knowledge of the network’s topology. Not very know, yet important, it is the disparity
(Almaas, Kovdcs, Vicsek, Oltvai, & Barabasi, 2004) between two nodes, this metric allows
us to identify if the nodes interact evenly, e.g., two friends in Facebook have a reciprocal
relationship. In Chun et al. (2008) experiment, users with a smaller number of
correspondents tend to interact more with a subset of correspondents, while users with a
very large number of correspondents actually spread their activity evenly across all of the
correspondents.
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APPENDIX 2. GraphML Files

The Tie Strength Survey application generated a GraphML file for each participant,
containing the relationships between all the participant’s friends. A GraphML file format is
a XML based format for graphs (GraphML Project Group, 2002; U. Brandes, M. Eiglsperger,
2000). This thesis did not follow this line of research since it was out of its scope, therefore
the study of GraphML files have been discontinued. However this work produced a total of
85 GraphML files, which is available for anyone who wants to study and analyze.

Figure 15 - A participant's network displayed in the program Gephi and obtained from the GraphML
file
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APPENDIX 3. Tie Strength Survey Screenshots

facebook Pesquisa pessoas, locais & coisas Q

Figure 16 — Choosing language page, the first page to be shown

facebook

Tie Strength Survey

Fill this survey and find out some interesting information about your friends

Get Started RIFFEIEVA

Learn More

Thank you for your interest in this survey and helping us in our research. The purpose of this survey is to better understand people relations. This survey consists of about §
questions selected from 20 of your facebook friends (you can choose to rate more if you like) and should take about 15 minutes to complete.

About your data

‘We do not access your private data, such as your private messages, email, or phone number. Also. we will not post anything to Facebook on your behalf. Any mformauon
collected is for research purposes only and data will be accessed only by the investigators of this study. Only summarized data and no single indivi s data will be p d or
detailed at conference meetings or in any reports or publications

About the Survey

This survey is part of a research project of the University of Madeira and the Madeira Interactive Technologies Institute. If you have any questions or comments about the study,
feel free to contact Diogo Pereira, Tasos Spiliotopoulos or Ian Oakley.

Figure 17 - Learn more section, it is available from within the application, right after choosing the
language
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facebook Pesquisa pessoas, locais e coisas Q

Please give us some basic information about you

Gender: |male E]
Country: |Portugal B
Birthday: 09/23/1987

How many hours do you spend on Facebook during an average week?: 10

Continue Survey

Figure 18 - Demographic questions about the participants

Pesquisa pessoas, locais e coisas

A few things you should know about your friends

Flavio Delgado

Lénia Freitas

Paulinho Santos

Emanuel Canha

Keep your friends close but your
enemies closer! You're doing it right!

The friendship is strong with this one!

I see great potential in this
relationship, consider investing a little
more.

Uh oh...Are you sure this person
middle name isn't Judas? Keep your
eyes open.

Figure 19 - Some funny phrases for some friends that the participant rated. These phrases were
only available for the friends that the participant rated
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Top 10 friends

Rank Picture Name

3° llidio Freitas

2° Zé Rodrigues

3° Fabio Santos

4° Catia Neves

h2 Jaime Andrade
6° Fabio Gois

7° Lita Freitas

8° Gongalo Gouveia
g° Joana Pereira
10° Filipe Graca Santos

Figure 20 - Top 10 friends, provided after the participant rated at least 20 of their friends
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Pesquisa pessoas,

Thank you for your participation.

If you have any comments for this application, we will be happy to hear them, you can just fill up the form
bellow.

Email:

Comments:

Submit and exit

Figure 21 - Last page shown in the application

81




