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“Continuous effort - not strength or intelligence - is the key to unlocking our potential.”

Winston Churchill

“The secret of getting ahead is getting started. The secret of getting started is breaking
your complexr overwhelming tasks into small manageable tasks, and then starting on the

first one.”

Mark Twain






Abstract

User-centered and Group-based Approach for Social Data Filtering and
Sharing

by Xuan Truong VU

The social media have played an increasingly important role in many areas of our every day
life. Among others, social network sites such as Facebook, LinkedIn, Twitter and Google+
have recently exploded in popularity by attracting millions of users, who communicate
with each other, share and publish information and contents at an unprecedented rate.
Besides the recognized advantages, social network sites have also raised various issues and
challenges. We are particularly interested in two of them, information overload and “walled
gardens”. These two problems prevent the users from fully and efficiently exploiting the
wealth of information available on social network sites. The users have difficulties to filter
all incoming contents, to discover additional contents from outside of their friend circles,

and importantly to share interesting contents with their different groups of interest.

For helping the users to overcome such difficulties, we propose a User-centered and group-
based approach for social data filtering and sharing. This novel approach has a twofold
purpose: (1) allow the users to aggregate their social data from different social network
sites, and to extract from those data the contents of their interest, and (2) organize and
share the contents within different groups. The members of a group are moreover able
to choose which part of their social data to share with the group, and collectively define
its topics of interest. To achieve the proposed approach, we define a modular system
architecture including a number of extensible modules, and accordingly build a working
Web-based prototype, called SoCoSys. The experimental results, obtained from the two

different tests, confirm the added values of our approach.

Keywords: social media, social network sites, social data aggregation, information filtering,

groups of interest, collaborative system






Résumé

Approche centrée utilisateur et basée groupe d’intérét pour filtrer et partager

des données sociales

par Xuan Truong VU

Les médias sociaux occupent un role grandissant dans de nombreux domaines de notre vie
quotidienne. Parmi d’autres, les réseaux sociaux tels que Facebook, Twitter, LinkedIn et
Google+ dont la popularité a explosé ces dernieres années, attirent des millions d’utilisateurs
qui se communiquent, publient et partagent des informations et contenus & un rythme sans
précédent. Outre les avantages reconnus, les réseaux sociaux ont également soulevé des
problemes divers. Nous sommes particulierement intéressés par deux problemes spécifiques
: surcharge d’information et cloisonnement de données. Ces deux problemes empéchent les
utilisateurs d’exploiter pleinement et efficacement la richesse des informations poussées sur
les réseaux sociaux. Les utilisateurs ont des difficultés pour filtrer tous les contenus reus,
pour découvrir de nouveaux contenus au-dela de leurs réseaux personnels, et surtout pour

partager les contenus intéressants avec leurs différents groupes d’intérét.

Pour aider les utilisateurs & surmonter ces difficultés, nous proposons une Approche centrée
sur utilisateur et basée groupe pour filtrer et partager des données sociales. Cette nouvelle
approche a un double objectif : (1) permettre aux utilisateurs d’agréger leurs données
sociales en provenance de différents réseaux sociaux, d’en extraire des contenus de leur
intérét, et (2) organiser et partager les contenus au sein de différents groupes. Les membres
d’un groupe sont en outre en mesure de choisir quelle partie de leurs données a partager
avec le groupe et définir collectivement les sujets d’intérét de ce dernier. Pour implémenter
I’approche proposée, nous spécifions une architecture de systéme comprenant plusieurs mod-
ules extensibles, ainsi que développons un prototype fonctionnel basé Web, appelé SoCoSys.
Les résultats expérimentaux, obtenus des deux tests différents, valident les valeurs ajoutées

de notre approche.

Mots-clés : médias sociaux, réseaux sociaux en-ligne, aggégration de données sociales,

extraction d’information, groupes d’intérét, systeme collaboratif
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Chapter 1

Introduction

“The PC has improved the world in just about every area you can think of. Amazing
developments in communications, collaboration and efficiencies. New kinds of
entertainment and social media. Access to information and the ability to give a voice

people who would never have been heard.”

Bill Gates
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2 Chapter 1. Introduction

The work presented in this thesis is funded by the Paris-based agency 50A' and is a part

”2_ iBrain was launched in

of its research and development (R&D) program, called “iBrain
February 2011, and carried out by the R&D team of 50A made up of web experts, developers
and social media specialists. In March 2012, iBrain took a step forward by collaborating
with the research group on Information Knowledge Interaction® of the UMR CNRS 7253

Heudiasyc laboratory of the University of Technology of Compiegne (France).

iBrain focuses on social media, in particular, on the plethora of social data generated every
day by users. Its objectives are to design models and methods able to operate over different
social media services in order to gather, merge, process data and to transform them into
information and knowledge. These models and methods are furthermore intended to be
combined and integrated within a single system dedicated to the management of social
data. Thus, this project, first and foremost, called for learning about today social media,

their diversity, their advantages and their challenges.

To begin with, in this chapter, we give an overview of the current state of social media.
First, we will see some definitions of social media, their categories, and most importantly,
their growing influence in many fields of our society. Then, we will dig a little deeper
into social network sites which currently constitute the most representative category of
social media. Some of the most successful social network sites will be thereby introduced.
Next, we will discuss the existing issues and challenges raised by today social network sites.
Especially, we will deepen into two particular problems, information overload and “walled
gardens” which concern this work. Finally, we will reformulate these two problems in terms

of a research question.

1.1 Social Media Landscape

Nowadays, social media have become a very important part of our every day life. People
heavily and loosely use the term “social media” to refer to a wide range of online services
including Facebook, LikedIn, Twitter, Youtube, Flickr, del.icio.us, etc. But, what is “social
media”? what can we put under this term? and why are they so popular? This section

attempts to answer the questions.

! Agence 50A: http://www.50a.fr
2Project iBrain by 50A: http://ibrain.fr/
3Research group ICL: http://www.hds.utc.fr/heudiasyc/recherche/equipe-ici/
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1.1.1 Social Media Definition

“Social media” is one of the buzzwords that came along the advent of Web 2.0, somewhere
around 2005 [112]. Many seem to use the two terms interchangeably, but it is worth noting
that Web 2.0 is not a synonym for social media. It is a loose concept in reference to
online services and technologies that give users who mainly played the role of consumer
before, the possibility to become contributors as well. While Web 2.0 provides a functional
environment for the realisation of social media [79], social media have become the central
component of Web 2.0 [16].

Kaplan and Haenlein [81] defined social media as:

“A group of Internet-based applications that build on the ideological and tech-
nological foundations of Web 2.0 and that allow the creation and exchange of

User-Generated Content (UGC).”

Accordingly, Kietzmann and al. [84] further specify that:

“Social media employ mobile and web-based technologies to create highly interac-
tive platforms via which individuals and communities share, co-create, discuss,
and modify UGC.”

Basically, social media are composed of three core components, namely people, community
and UGC (see Figure 1.1). It makes it possible for people to form online communities and
share UGC [85]. The people may be the users of the open Internet or may be restricted
to those who belong to a particular organization (e.g., corporation, university, professional
company, etc.). The community may be a network of offline friends (whose friendship
is extended to online), online acquaintances, or one or more interest groups (based on
school attended, hobby, interest, cause, profession, ethnicity, gender, age group, etc.). The
User-Generated Content may be created or brought from somewhere else by users and be
of various types including photos, videos, bookmarks of Web pages, user profiles, user’s

activity updates, text (blog, microblog, and comments), etc.

Although current social media applications have a variety of features [84, 85, 93], there are

generally 5 following typical characteristics [102]:

e Participation: encouraging voting, comments and sharing information, thoughts from

everyone who is interested,

e Openness: being open to participation and feedback, removing protection boundaries,
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Social
Media

FIGURE 1.1: The core concepts of social media, adapted from those specified by [79]

e Conversation: fostering communications between users (i.e. one-to-one, many-to-

many exchanges),
o Community: allowing communities to form quickly and communicate effectively,

e (Connectedness: making use of links to other sites, resources and people.

1.1.2 Social Media Classification

A large number of social media applications exist through various forms and can be classified

into multiple ways. Mayfield shown in [102] seven basic kinds of social media:

e Social Network Sites: these websites allow people to build personal profiles and then
connect with friends to share content and communicate. The biggest social networks

are, Facebook*, Google+° and LinkedIn®.

e Blogs: perhaps the best known and the earliest form of social media, blogs are online

journals, with entries appearing with the most recent first. Blogger’, Tumblr® and

9

Wordpress” are some popular blogging services used today.

4Facebook: https://www.facebook.com/
®Google+: https://plus.google.com/
SLinkedIn: https://www.linkedin.com/
"Blooger: https://www.blogger.com/
8Tumblr: https://tumblr.com/
9Wordpress: https://wordpress.com/


https://www.facebook.com/
https://plus.google.com/
https://www.linkedin.com/
https://www.blogger.com/
https://tumblr.com/
https://wordpress.com/

Chapter 1. Introduction 5

e Wikis: these websites allow people to add content to or edit the information already
available, acting as a communal document or database. The best-known wiki is
Wikipedia!?, the online encyclopedia which has over 2.5 million English language
articles [152].

e Podcasts: audio and video files that are available by subscription, through services

like Apple iTunes!'!.

e Forums: areas for online discussion, often around specific topics and interests. Forums
came even before the term “social media” and are a powerful and popular element of

online communities.

o (Content Communities: communities which organise and share particular kinds of
content. The most popular content communities tend to form around photos like

Flickr'?, bookmarked links like del.icio.us'® and videos like YouTube'*.

e Micro-blogging: social networking combined with bite-sized blogging, where small
amounts of content such as short sentences, individual images, or video links are
distributed online and through the mobile phone network in real-time. Twitter!® is

the clear leader in this field.

Kaplan and Haenlein [81] furthermore added virtual worlds as another kind of social media
that replicate a three-dimensional environment, in which users can appear in the form of
personalized avatars and interact with each other as they would do in real life. There are
two forms of virtual worlds: virtual game worlds like World of Warcraft and virtual social

worlds like Second Lifel.

It is important to note that these mentioned categories only represent the most common
and mainstream part of the whole social media landscape. Many specified sub-categories
and emergent categories of social media such as enterprise social networks, question-answer
services, social commerce sites or location-based social applications, although they attract

less users, also exist (See more categories in Appendix The Conversation Prism appendix).

Moreover, social media are a changing complex ecosystem as new services are created
when other disappear and most evolve constantly. The distinctions among the different
categories of social media are getting blurred. For example, social network sites and content

communities overlap more and more. Whearas social network sites are adding primary

Wikipedia: http://www.wikipedia.org/
"Ttunes: http://www.apple.com/itunes/
12FYickr: https://www.flickr.com/
3Delicious: https://delicious.com/
“Youtube: https://www.youtube.com/

5 Twitter: https://twitter.com/
'6Secondlife: http://secondlife.com/
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features of communities features, that is, the publishing and sharing of content, content
communities are adding primary features of social network sites, that is, building personal

profiles and forming communities.

1.1.3 Social Media Influence

Social media, over the past years, have rapidly increased in popularity and become a global
phenomenon. They have been adopted by a wide range of demographic groups. Younger
adults are especially enthusiastic adopters, but adoption rates for older people have grown
as well. 72% of all Internet users are now regular users of social media and claim social
networking their top online activity [31]. Therefore, they spend more time than ever on
social media sites [53]. Facebook users spend approximately 20,000 years online and share
2.5 billion pieces of content each day. Also, 500 years of video and 400 millions tweets are

posted on Youtube and Twitter per day [157], respectively.

There are many different reasons for the growing success of social media. Firstly, social
media come in a wide variety of forms which are able to meet users’ multiple needs. Sec-
ondly, most of them, in particular highly popular websites like Facebook and Twitter, are
free, which makes them open to everyone. Thirdly, they are built in a way that makes
them very user-friendly. Most sites are very easy to navigate and require little knowledge
of the Internet. They are furthermore quite scalable as allowing a huge number of users
to connect at the same time. Finally, social media have become ubiquitously accessible so
that users can be connected from anywhere at anytime, thanks to the growth of mobile

devices, in particular smartphones and tablets!”.

Social media have transformed the socio-cultural landscape - people’s behaviours, atti-
tudes, interactions and relationships [137]. They have introduced substantial and pervasive
changes to communication between organizations, communities and individuals [84]. It be-
comes very easy to link to others, to create groups, and to form communities. The distance
is cleared, cross border collaboration is then much facilitated. Constant flows of information
and real time communication are enabled and allow people to spread their ideas, opinions,
and thoughts at a great speed. Social media use is now widespread, mainstream and influ-
ential than ever. Individuals, organizations, companies, schools, and even governments are
utilizing social media on a regular basis. Obviously, each of them have their own purposes

and objectives.

17 According to the Adobe 2013 Mobile Consumer Survey[10], 71% of surveyed people use their mobile
device to access social media
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1.1.3.1 Personal purposes

Many studies were carried out for understanding why people use and keep using social
media [30, 39, 85, 96]. Reasons are multiple ranging from finding new friends to time
killing. Essentially, there are three main dimensions of use [26]: the Friendship Dimension,
the Connection Dimension, and the Information Dimension. The friendship dimension
is about sustaining friend network for keeping in touch with both old and new friends
and for locating old friends. The connection dimension is related to finding and making
connections with new friends or like-minded people, and to feeling connected in general.
The information dimension refers to the activities of gathering and sharing information
with friends. Users may share information about themselves, post or look at pictures,
learn about news, events. They may also engage in a one-to-one or one-to-many dialogs
with their online network in order to seek or give answers or recommendations to specific

questions of importance to them.

1.1.3.2 Professional and business purposes

Social media use for professional purposes is readily growing. Companies increasingly use
platforms such as Twitter, LinkedIn and Facebook for recruitment [19], as they can promote
their offers to a bigger number of potential candidates with less time. Job seekers are also
turning to social media as their primary tool for job searching. More and more hiring
managers and recruiters check candidates’ social profiles, even if they are not provided,
to study candidates’ social behaviours. Thus, candidates may be rejected if inappropriate
postings such as drinking, using drugs, negative comments about a former employer, lies
about qualification, and so on are found on their profiles. Some employers may do similar
things with their employees. They may decide to take disciplinary measures or even fire the
employees, if the employees, even in off hours, are found to be in violation of the employer’s

code of conduct and confidentiality rules [85].

Beside, social media has become an efficient target of publicity and marketing [98]. Social
media allow firms to engage (i.e. disseminate information, and receive feedbacks) in a
timely and direct way with their end-consumers at relatively low cost and high efficiency
[81]. That is not only relevant for large multinational firms, but also for small and medium
sized companies, and even non-profit and governmental agencies desiring to reach and
interact with their respective audiences [64, 97, 107]. However, using social media is not
an easy task and requires new ways of thinking. Brands need to have contents prepared
professionally. They also need to assign qualified employees to manage their presence on
social Web sites to deal with user comments and requests, gauge the tenor of reactions from

the users, etc. Negative reactions can spread widely and quickly on social media [85].
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1.1.3.3 Political campaigns

Social media is increasingly used for political and civic purposes. People are likely to post
their own thoughts about issues, post links to political material, encourage others to take
political action, belong to a political group on a social networking site, follow elected officials
on social media, and like or promote political material that others have posted. On the other
hand, politicians can tap into a wealth of information about the people who are following
them on social media, and customize their messages based on selected demographics. They
can also reply on social media analytics in order to weight public opinion on their policy

statements and moves during their campaigns.

The election of Barack Obama as President of the United States in 2008 [138] and the
so-called “Arab Spring” in the Middle East in early 2011 [62] are, among others, two strong
examples of the political power of social media. In both events, social media played a
decisive role, as it helped organize such demonstrations, mobilize their activists. Most
importantly, it allows a constant update and dissemination of news of the events locally

and globally.

1.1.3.4 Social mobilization

The use of social media for responding to emergency events, in particular natural disasters,
and creating situational awareness has risen in recent years [56, 145]. In many disaster
situations, people post situation-sensitive information on social media related to what they
experience, witness, and/or hear from other sources that allows both affected populations
and those outside the impact zone to learn about the situation, the state of their homes
and families [74].

Many emergency responders and humanitarian officials recognize the value of the infor-
mation posted on social media platforms by members of the public (and others), and are
interested in finding ways to quickly and easily locate and organize that information that
is of most use to them [73]. For example, social media can be used to solicit support for
resources from people to aid affected victims or can be utilized as a means of publicizing
the picture, names and addresses of missing persons so that relatives, friends or anyone

that finds them can easily help with reuniting them to their loved ones.

1.1.3.5 Corporate purposes

The wide acceptance of social media by the public has led numerous organizations to search

for using social media inside organizations. Many studies [44, 52, 144] have explored ways
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that would help organizations to take the opportunities to improve their organizational
effectiveness and to increase their employees’ work performance. Social media, especially
social network sites, typically allow the management to post announcements to employees,
encourage employees to learn more about each other, to share work-related documents,
materials and exchange messages. That gradually transforms organizations’ hierarchical
structure to some “networked” structure, which is more conductive to internal coordination,

knowledge sharing and teamwork.

Using public social network sites at work may cause serious problems such as business secret
leaking and personal information disclosure. Organizations therefore need “closed” services.
There are two ways in which organizations can operate closed social network sites. One
is to create a closed enterprise social network on an open social network site (i.e. private
group on Facebook, or company group on LinkedIn). Another way is to create a closed
enterprise social network by using enterprise social networking software, such as IBM Lotus
Connections, or Microsoft Sharepoint. In the last case, the associated data relating to the
connections, interests and activities of employees are made available by the organization,
providing new information sources and new possibilities to get meaningful insights aiding

to understanding the internal communication, and even to making decisions.

To sum up, it is important to realise that social media play a very important role in many
areas of our society. From a general point of view, social media give users two major fea-
tures, information and conversation. These two features offer the public an unprecedented
power. People can now compete with traditional media by publishing, communicating, and
sharing their own information, opinions and thoughts. Moreover, conversation barriers,
both distance and hierarchy, have been removed, as anyone can talk in a direct and timely

way to anyone including individuals, companies, organizations, and governmental agencies.

1.2 Major Social Network Sites

Social network sites (SNSs), also called social networking sites [81, 85], online social net-
works [69], or social network services [87, 88|, are websites whose main goal is to congregate
and to connect people. They allow individuals to (1) construct a public or semi-public pro-
file within a bounded system, (2) articulate a list of other users with whom they share a
connection, and (3) view and traverse their list of connections and those made by others
within the system [29]. SNSs also enable users to invite friends and colleagues to have access
to their profiles, and to send e-mails and instant messages to each other [81]. SNSs have con-
stantly evolved to comply with users’ upcoming demands. These originally profile-centric
platforms recently facilitate and encourage publishing, sharing information and contents as

well.
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Over the last several years, SNSs have exploded in popularity. They are now occupying the
central place of the ecosystem of social media. Facebook, Twitter, LinkedIn or Google+
websites are the most successful examples. Each of them claims hundreds of millions of
active users worldwide [135] and belong to the ten most-visited websites on the Web [13].
Although sharing aforementioned common features, they have their own features and op-

erations that we examine below.

1.2.1 Facebook

Facebook was founded on February 4, 2004 by Mark Zuckerberg and initially used as a
Havard-only social network. It quickly expanded to other schools then to high schools,
businesses and finally to anyone who claims to be at least 13 years old by 2006. In 2008,
Facebook became the most popular social network site. Today, Facebook is accessible in
almost every country and through 78 languages, and is used by 1.23 billion monthly active

users'® worldwide. 88% of users are said to be loccated outside US and Canada [50].

After registering to Facebook, users need first to set up a personal profile. Users’ Facebook
profiles are currently very elaborate covering not only demographic information but also
information about schools, works, interests, and so on. Users may add other users as friends

and then begin to exchange messages and post status messages, photos, videos or links.

Facebook has constantly developed, experienced and rolled out a number of features in-
cluding News feed, Privacy. News feed appears on every user’s homepage and highlights
information including profile changes, upcoming events, and birthdays of the user’s friends
in a chronological order so that the user can comment, like or share information rapidly.
To allay concerns about privacy, Facebook enables users to choose their own privacy set-
tings and choose who can see specific parts of their profile and their posts as well (e.g.
only friends, friends of friends, everyone). Additionally, Facebook allows users to create, to
invite others or to join groups and events. Facebook attracts not only individuals but also
companies and organizations for professional and business purposes. Being on Facebook

allows them to reach, engage and interact directly with their consumers.

Facebook moreover opens its user database, called social graph, to third-party applications
and websites via its APIs, that makes Facebook more of a platform than a single service
where users’ social experience is definitively extended. In brief, Facebook is a general-
purpose social network site where people are mainly connected for keeping in touch with

family and friends.

'8 Monthly active users is a metric counting the number of unique users per the past 30 days
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1.2.2 Twitter

Twitter was launched in July 2006 as the first microblogging service combining social net-
working and micro-blog publishing. The service then rapidly gained worldwide popularity,
in particular in North America and Japan. To date, Twitter supports more than 35 lan-
guages with 271 million monthly active users worldwide who send nearly 500 million tweets
per day [148].

Twitter enables users to send and read short messages within 140 characters called tweets.
This unique feature makes it easy for anyone to quickly create, distribute and discover
content, and subsequently drives a very high information exchange rate that makes Twitter
highly “live”. Twitter furthermore introduced hashtags, words or phrases prefixed with a
# sign. Using hashtags allows users to efficiently group posts together and rapidly search
them by topic.

Unlike other social network sites which require reciprocal relationship, Twitter relies on a
following-follower relationship base. Any user can follow any other member (i.e. following)
to receive tweets from them as well as be followed by any member (i.e. follower) who desires
to receive his/her tweets. Tweets can also be retweeted by others for their respective network
of followers to enhance the audience. In short, Twitter is a blend of instant messaging,

blogging, and texting, but with short content and a very broad audience.

1.2.3 LinkedIn

LinkedIn was launched in May 2003 and was one of the first social network sites devoted
to the business community. The website has started to gain popularity since late 2006. In
April 2014, LinkedIn reached 300 million registered members in more than 200 countries

and territories. 67% of LinkedIn members are located outside the United States [95].

LinkedIn allows users to create profiles, basically resumes with emphasis on employment
history and education, and connections to each other. Unlike other free social network
sites, LinkedIn requires connections to have a pre-existing relationship. A member with
basic membership can only connect with someone that he/she has worked with, knows
professionally or has gone to school with. He/she is not allowed to contact other users
through LinkedIn without an introduction or a recommendation from LinkedIn. Moreover,

connections can only interact through private messaging.

The main functionality of LinkedIn is to link employees, employers, and companies with
each other. Employees can look for jobs, people and business opportunities whereas em-

ployers can list jobs and search for suitable candidates and companies can find potential
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clients or service providers. Each user can furthermore introduce or recommend someone
in their contact network to new available offers. Gradually, other features have been also
added, such as groups, question and answer forums for exchanging knowledge and expertise.
Briefly, LinkedIn is a professional network site mainly used for searching and advertising

for jobs or business opportunities.

1.2.4 Google+

Google+ was launched in June 2011 and was considered as Google’s biggest attempt to
rival the social network Facebook [35]. Google+ saw an explosive growth during its early
time, as it only took three months to reach some 50 millions users (years for other social
networks) [46]. It is now the second-largest social network site in the world after Facebook

with 359 million monthly active members worldwide [43].

Google+ is quite similar to Facebook with a lot of comparable features (e.g. stream versus
news feed, circles versus lists, or +1 button versus like button). There are however some
clear differences. For example, the feature circles allows a more customizable classification
of one’s contacts (family, friends, colleagues, and others) and allows users to choose to
which circles of users they want to show their content. Furthermore, like Twitter, Google+
does not require reciprocal relationships between users, but a unidirectional consent. Most
importantly, Google+ is intentionally connected to other popular Google Web services
such as Gmail, Youtube, Google Hangout or even Google’s search engine so that users can
seamlessly use these services. In short, Google+ is the social layer of the entire ecosystem

of Google.

Facebook, Twitter, LinkedIn and Google+ constantly try to differ from each other by
regularly adding new and specific features allowing users to even better personalize their
social experience. Users therefore tend to use many or most of these websites in order
to take full advantage of various features provided by each website. Such a significant
membership overlap along with a huge number of users make these four social network
sites very representative and powerful datasets for studies and researches [8, 67, 78, 125].
Likewise, instead of trying to consider the entire social media ecosystem, which, as described
earlier, is extremely large and various, we concentrated our efforts in studying SNSs, in

particular these four social networks.

1.3 Social Network Problems

The growth of SNSs, in particular large-scale websites like Facebook, Twitter, LinkedIn,

and Google+, in terms of the number of users, the level of daily traffic, and the amount of
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UGC, has been absolutely incredible. These particular social media services now have an
enormous impact, both positive and negative, in our society. Alongside the aforementioned
benefits, they have raised various issues and challenges [69, 85] as well. We categorized the
existing problems into two main families. The first family includes problems associated with
the users’ misuses of SNSs. The second family includes problems related to the inherent

characteristics of current SNSs.

1.3.1 User Misuses

User misuse issues are those that misuses of SNSs have brought about, whether intentionally

or unintentionally, by some users and impacted on themselves and/or other users.

One of the major problems is SNS addiction [86]. Many users seem to lose their appropriate
sense and spend excessive amounts of time to post and view every small and trivial updates
of their activities and their so-called online friends’ activities. Some furthermore suffer from

reduced productivity by spending time on SNSs while at work.

Another major problem refers to the privacy of SNS. Some users indiscreetly disclose too
much details about their identity, their activities, and thoughts on SNSs [156]. It can reveal
something about users that they would rather want their current or future employers or
school administrators not know. Additionally, inappropriate postings may lead to some

legal issues.

Security is another critical aspect of SNSs [42]. Pedophiles/sex offenders and terrorist
groups join popular SNSs to hunt for their preys and recruit their new members respectively.
Many spammer, phishing and malware attacks targeting unsuspecting users have been also

detected on SNSs. All of this can put your personal safety at risk.

Besides, damages can be also caused by irresponsible users. Some instigate or participate
in cyber bullying and cyber stalking that may lead to occasional suicides. Others spread
false rumours or information which, in the absence of an efficient verification mechanism,

may heavily damage someone’s reputation and business.

These negative aspects are only some illustrative examples of issues associated with the
users’ misuses of SNSs. Given the high velocity and the breadth of today SNSs, it is very
challenging to cope with such problems. They deserve many efforts including personal,

social and governmental efforts as well as the willingness of the SNS providers.
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1.3.2 Inherent Problems

The inherent problems are originated from the specific characteristics of current SNSs.
They do not alter the users’ behaviours, but prevent them from efficiently exploiting SNSs.
Information overload and “Walled gardens” are two major problems of this family. The
first problem is caused by the continued growth of SNSs, whereas the second problem is
due to the fact that the current SNSs are proprietary and disconnected from each other.

We further analyse both problems.

1.3.2.1 Information Overload Problem

Information overload is a general problem that occurs in a wide variety of disciplines [47].
Information overload occurs when the amount of input to a system exceeds its processing
capacity [141]. Individuals have fairly limited cognitive processing capacity. Increasing
information at first increases an individual’s capacity but eventually additional information

becomes unhelpful and information-processing ability declines [27].

SNS users are increasingly facing this problem of information overload [41, 63, 121, 160],
as they are often overwhelmed by the huge number of incoming contents. On SNS, users
typically receive contents from their social friends and other accounts representative of
organizations, companies that users follow. As most of SNSs do not tightly restrain the
number of ties that a user can add as friend or follow, many users’ social networks are
actually very large. For example, on Facebook, an average user has 338 friends [1] and
follows 40 pages'? [89]. The same user may, via these social connections, receive per day
hundreds of various pieces of content including profile updates, posts, photos, videos, links,
tags, check-ins, and so forth. This is much beyond the time that the user can devote to
process all contents. Certain SNSs provide features such as keyword/hashtag search as a
naive solution for the information overload problem, but these filters are not sufficient to

provide complete personalized information for a user.

On the other hand, popular SNSs like Facebook and Twitter respectively implemented
features like News Feed and Tweets Timeline which appear on every user’s homepage, and
display current updates and activities of their social friends into a single stream so that
users can easily and rapidly react, like, or comment. Such features are useful, as users may
not want to browse all of their friend list one by one, each time they are connected to the
SNS. However, there is a major drawback with this streamlined presentation when it comes

to searching for contents of interest. Indeed, contents are generally shown in the order of

19Facebook pages are for businesses, brands and organizations to share their stories and connect with
people. Like profiles, you can customize Pages by posting stories, hosting events, adding apps and more.
People who like your Page and their friends can get updates in News Feed.
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their timestamps and in proportion to the activity level of users’ friends, regardless of their
topics. Users therefore have to go through the stream to locate information that likely

interest them, among lots of other undesired information.

Some SNSs allow users to organize their friends into smaller lists according to users’ own
criteria (e.g. “Colleagues”, “T'V show comedians”, “Hightech related people”, etc.) so that
they can follow these connections separately. This listing task is however not easy and could
even lead to unsatisfactory results because of two clear reasons. Firstly, users do not share
only interesting contents but a lot of personal stuff as well [110]. Secondly, one’s interests

may change over time that requires users to maintain and adjust their lists regularly.

Consequently, many important and interesting pieces of information remain unnoticed by

users, whereas lots of irrelevant and contents not worth reading keep showing up.

1.3.2.2 Walled-Garden Problem

As mentioned above, it is common that one user engages with multiple SNSs in order to
take advantage of various free features provided by each website. According to a survey
conducted by Princeton Survey Research Associates International in 2013%°, 42% of those
interviewed claim use two or more of 5 SNSs (i.e. Facebook, Twitter, LinkedIn, Instagram?!,
and Pinterest??) [45]. Especially, there is a significant level of overlap between Facebook,
Twitter and LinkedIn users (See Table 1.1).

TABLE 1.1: Social Media Matrix - Pew Research Center (2013)

% of users of each particular site who use another particular site
(e.g. 90% Twitter users also use Facebook)

Use Facebook Use Twitter Use LinkedIn
% of Facebook

users who... N/A 22 25
% of Twitter

users who... 90 N/A 39
% of LinkedIn

users who... 83 31 N/A

These SNSs and others are however centralized. The companies providing the services have
the sole authority to control all the data of the users [155]. The identity of a user and their
data can easily be entered, but only accessed and manipulated via proprietary interfaces,

so creating a “wall” around connections and personal data [14], as illustrated in Figure 1.2.

29The survey was conducted from August 7 to September 16, 2013, among a sample of 1,801 adults, age
18 and older. Interviews were conducted in English and in Spanish, and on landline and cell phones.

2nstagram: http://instagram.com/

*2Pinterest: http://www.pinterest.com/
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The SNS providers just do not want their users to be active on other websites, given that

every user is pure capital to them.

The lack of interoperability across SNSs leads to many problems such as portability, identity,
linkability, and privacy [14]. Most importantly, that makes it difficult for users to transform,
reuse data including their profiles, their social networks, the messages with their friends
and their photos among different SNSs. Every time a user goes to a new site, he/she has to
create a new profile, re-enter his personal information, connect again to his/her friends, and
so forth. Thereby, users’ activities and their friendships are scattered across different SNSs.
It becomes increasingly inconvenient for users to manage their social data and constantly
check several SNSs to keep track of all recent updates [160]. As a result, some users have
ended up by reducing, or even stopping their activities on certain SNSs in order to focus

on others.

FicUure 1.2: Social Networking Sites as Walled Gardens by David Simonds, The
Economist, 19 March 2008

Disconnected SNSs moreover hinder the information sharing between users. There is no
direct way for a user of a given SNS to send a piece of information to other users of another
SNS. Thus, the user needs to be member of both SNSs and has to duplicate that same

information on each SNS, if he wants his friends on both SNSs to receive it.

1.4 Research Question

Although the first family of user misuse problems are very important, they go far beyond a
thesis work in the domain of computer science, and requires multi-discipline approaches and

solutions. We will mainly address the two aforementioned inherent problems, Information
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overload and “Walled gardens”. These two problems raise a number of interesting questions
which open new perspectives and call for researching suitable solutions. We focus on three

of them which are Filtering, Discovering and Sharing questions that we detail below.

1.4.1 Filtering Question

The two problems, Information overload and “Walled gardens”, make it very time-consuming
and laborious for users to manually extract contents of interest, as they have to navigate
social network by social network, and to go through all incoming information. Obviously,
most users cannot spend such a considerable time and effort. Consequently, they are missing
many important and interesting pieces of incoming information. So, the Filtering question

can be stated as:

Q1: How to help users to extract contents of interest from their different social networks

with less effort and without altering their social networking experience?

This question is made of four distinct parts corresponding to the four major requirements
to be fulfilled:

1. To extract contents of interest,
2. From the users’ different social networks,
3. With less effort,

4. Without altering the users’ social networking experience.

The first requirement narrows the set of possible solutions to the field of personalized
information filtering. The second requirement extends the scope of the expected solution
to multiple SNSs. The third requirement imposes that the expected solution has to reduce
the users’ manual effort to a minimum. The fourth requirement means that the users do
not need to change anything in their use of SNSs, and keep interacting with their social

networks normally.

1.4.2 Discovering Question

The SNS providers have established privacy rules restricting what a user may receive within
his/her social streams. In general, only the contents shared by the user’s social friends are

displayed. Contents, in particular, contents of the user’s interests, from outside the circle
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of friends are hidden from the user’s view. The user can still add new friends to expand
his/her circle of friends, subsequently the number of information sources. However, this
also increases the chance of information overload. Hence, the Discovering question can be

stated as:

Q2: How to help the users discover additional contents of interest from outside of their

circles of friends?

This question also leads to a closely related question:

Q,: What are the information sources to be considered, given that the users’ interests are

various and changing?

1.4.3 Sharing Question

People are often part of different groups of interest, which are held and driven by a com-
mon interest. It may be a hobby, something the group members are passionate about,
a common goal, a common project, or merely the preference for a similar lifestyle, geo-
graphical location, or profession [154]. Taking part in the group enables its members to
exchange information, to obtain answers to personal questions or problems, to improve

their understanding of a subject, to share common passions or to play [70].

Groups of interests impose a group setting, which makes sure that the members share
only contents related to one or several particular topics at a single place. This makes
it much easier to discover interesting information and useful contents. Nevertheless, the
group commitment degree is different among members. Often, it is only a small number
of members who actively generate contents, while the majority of members are passive
consumers. Therefore, a group may be short of good contents if its active members are
no longer active. This is more and more common, as people get used to push interesting
information on the different social networks to maintain their social presence and social
influence [39] while forgetting to also share it with their interested groups. Moreover, there
is no guarantee that the members of a given group are connected to the same social network
sites, or connected to each other. Hence, interesting information published by a member

on a particular social network is not necessarily visible to other members.

Some groups of interest may be formed within a particular SNS. For example, Facebook

and LinkedIn provide features allowing users to create, join groups, ask and share specific
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information inside the created groups. However, these groups are exclusive to the corre-
sponding social networks (i.e. kept behind “walled gardens”). The interaction between two
groups, for example a Facebook group and a LinkedIn group, is not directly possible, even
though they share a common interest and many identical members. One member has to
manually copy the same information to the two groups to ensure that it could be shown by

everyone.

So far, there has not been an efficient solution for a group of interest to tap into the contents
published by its members across different SNSs to retrieve some parts relevant to its topics
of interest. As a result, the group is missing lots of interesting information. This raises the

Sharing question:

Q3: How to make it possible for the users to share the contents of their various social

streams with their respective groups without extra charge?

The “without extra charge” part of the question is very important. It requires that the
contents matching the group’s topics of interest should not be selected and shared with
the group manually by the users, but in an automated manner. That saves the users from
extra manual efforts while making sure that the group receives regularly new and interesting

contents.

1.5 Summary

Social media have become a very important part of our every day life. There are a large
number of social media services that exist through various evolving forms. Among others,
social network sites have exploded in popularity over the last few years. Facebook, Twitter,
LinkedIn, and Google+ are some of the most successful examples with unprecedented num-
ber of users, daily traffic, and amount of generated data. Basically, these websites allow
people to build personal profiles and then connect with friends to share content and commu-
nicate. Each of them furthermore offer users specific features. It is therefore very common

that a single user is connected to most of or even all of these websites simultaneously.

We therefore concentrate our efforts in studying SNSs, especially the four cited websites.
Alongside the benefits, SNSs have also raised various issues and challenges. Some problems
are associated with the users’ misuses of SNSs when others are originated from the inher-
ent characteristics of the current SNSs. The second family, in particular the two detailed
above problems information overload and “walled gardens”, concern this work. They pre-

vent users from efficiently exploiting the current SNSs. Users have difficulties to filter all
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incoming information, to discover information from outside of their circles of friends, and
importantly to share the interesting contents with their groups of interest. With respect to
such difficulties faced by users, we will address the three corresponding questions: filtering,

discovering, and sharing. They will serve as reference points for our whole work.

The rest of this thesis is organized as follows. In Chapter 2, we will review the works which
have already addressed the three questions. As we will see, they propose only partial solu-
tions, if at all, and cope with only one or two questions. They furthermore present some
limitations to be directly applied to our case. In the following chapters, Conceptual Design
and Technical Solution, we will present our adapted answer, its conceptual and technical
aspects respectively. In Chapter 5, we will present a working Web-based prototype as proof
of concept. We will discuss about the findings obtained from two testing experiences with
real users using the same prototype in Chapter 6. These findings show some encouraging
results confirming the added values of our work. Finally, before recalling the main contri-
butions of this thesis in the Summary chapter, we will set out some perspectives for future

work.
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Users constantly generate a myriad of data on SNSs. These social data are extremely rich,
since they include not only personal data but also relational data. While personal data
may unveil a lot about the involved individuals, for instance, their education, employment,
interests, and so forth, relational data furthermore describe their social interactions in terms

of how, when and with whom they share information [3].

Thus, SNSs contains a wealth of real-world and live information for researchers and prac-

titioners in multiple disciplines. A significant number of researches and studies on SNSs

21
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were reported in [20, 82, 87, 161]. Researchers have utilized SNSs, especially the generated
social data for sensing real-world events [17, 40, 126], for detecting key users [51, 150], or
for analysing online social networks [12, 25, 54, 158]. Likewise, enterprises and govern-
mental organizations, using suitable techniques for data gathering and content analysis,
have attempted to obtain from social data meaningful insights and knowledge about brand

exposure, brand community and acceptance by users [54, 58, 108].

Our bibliographical study allowed us to identify many interesting works. Most of them
tried to address the “walled gardens” problem (e.g. [7, 37, 105, 113]), or the information
overload problem (e.g. [48, 59, 129, 136, 143]), or both (e.g. [160]). Some others proposed
different recommendation methods with the objective to help users discover new interesting
contents (e.g. [6, 38, 80, 134]). We have not found any work studying the benefits and/or
proposing solutions for helping users to share the contents of their various social streams

with their respective groups.

It is worth noting that the identified works used various techniques from different research
fields such as data portability, natural language processing, data mining, recommender sys-
tems, information retrieval, and so forth. Given such interrelation with these domains, it
would be difficult to analyse the works domain per domain. Therefore, we prefer to review,
in this chapter, the related works with respect to our addressed questions and classify them
within three respective sections, Social Network Aggregation, Information Filtering, and

Information Discovering.

2.1 Social Network Aggregation

Social Network Aggregation is a common solution to the “walled gardens” problem of
current SNSs. It seeks to collect the various social data of a given user from different SNSs
into one unified presentation while attempting to organize and simplify the user’s social

networking experience. Social Network Aggregation is basically a three-step process :

1. Unique User Identification : Identify the user’s different accounts across SNSs,
2. Data Collection : Access and retrieve the user’s various social data,

3. Data Representation : Define a common model for representing the heterogeneous

social data.

Different alternatives have been proposed for each of these three steps. We will respectively
deepen them below. Then, we will show several representative commercial Social Network

Aggregation services.
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2.1.1 Unique User Identification

Popular SNS such as Facebook, Twitter and LinkedIn did not use open and interoperable
protocols like OpenID!, and instead implemented their custom authentication management
services mostly based on the OAuth framework?, for example Facebook Connect, or Sign in
with Twitter. Each time a user goes to a new site, he has to create a new profile, re-enter
his personal information, connect again to his friends, and so forth. As a result, a user may

have different social identities across SNSs.

Therefore, the first requirement when aggregating a user’s social networks is to identify
his/her various social identities. People search engines such as Peekyou®, Pipl*, or one
introduced in [37], allow searching the different social accounts of a user, based on some
public personal attributes, for example name, username, email or location. However, a user
may set different values to these attributes, or even leave them undefined, which makes the

identification incomplete.

Google proposed an alternative, named Social Graph API°, which crawled users’ personal
web pages, essentially Google profiles, and extracted links referred to their other social
profiles. Given a user’s URI of an online account, the API would return all available

mappings. Unfortunately, it has been withdrawn by Google.

Another straightforward way is to systematically implement for each SNS its corresponding

authentication protocols and to ask users to directly authenticate their social identities.

2.1.2 Social Data Collection

After identifying a user’s social accounts, the next step is to collect (i.e. access and retrieve)
the social data associated with these social accounts. For that purpose, several methods
were discussed in [153], of which there are two automated techniques : (1) scrapping the

user’s profile pages, and (2) using the APIs provided by the SNS providers.

The first technique consists of crawling the user’s profile pages with an automated script
that scans and extracts the wanted information from HTML codes using HTTP requests
and responses. This approach does not require the implementation of specific protocols

and the provision of authentication data [37]. However, it is only possible when the SNS

1OpenlID is a single sign-on system that allows users to log on across multiple sites without having to
register with their information over and over again. http://openid.net/

20Auth : http://oauth.net/

3Peekyou : http://www.peekyou.com/

4Pipl : https://pipl.com/

®Google Social Graph API : https://developers.google.com/social-graph/
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providers do not disallow it in their terms and conditions. Few providers open a very small

set of public information for scrapping while many others totally prohibit this practice.

The second technique requires first to register an application with the SNS. Users then
have to give suitable permissions to the application so that it can send relevant queries to
the corresponding API of the SNS for collecting data. With this technique, an application
is not limited to public information, but can access much more users’ social data. Using
proprietary APIs and specific authentication services provided by the SNS providers has
become a common practice for most developers. There are however two considerable draw-
backs. Firstly, the SNS providers often restrict the number of API calls that an application
can make for a certain time interval. Secondly, provided features vary greatly from one

API to another, which requires developers to learn how to handle each API.

Regarding the latter issue, OpenSocial® has been developed as a first attempt for standard-
ization of APIs. In fact, it provides a common cross-platform API, which gives access to a
number of supported SNS. More than 80 SNSs have currently subscribed to Google Open
Social [106]. Nevertheless, many popular SNSs like Facebook and Twitter do not support
it yet.

Another way for collecting users’ social data is to reply on commercial solutions like GNIP7,
Datasift®, or Topsy”. These data vendors are the premium partners of some major SNSs
that allows them to access to full real-time streams of public data from these SNS. One
important advantage is that data are already aggregated from different sources whenever

the customers want to buy them.

2.1.3 Social Data Representation

SNSs use their own syntaxes and terms in order to describe users and their social activities.
A same kind of information may be called differently across SNSs. Therefore, to be able
to consolidate heterogeneous social data, a unified representation model is required. Such
common data model is crucial, as it allows the integration of data gathered from various

sources, instead of a mere juxtaposition.

Researchers have put a lot of efforts into developing many generic user models [36]. One
remarkable effort is the General User Model Ontology (GUMO) [68]. This ontology is
intended to cover all aspects of a user’s life ranging from contact information and demo-

graphics over abilities, personality right up to special information like mood, nutrition or

50OpenSocial : http://opensocial.org/
TGNIP : http://gnip.com/

8Datasift : http://datasift.com/
9Topsy : http://topsy.com/
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facial expressions [119]. Despite a large number of important dimensions, GUMO lacks

properties relevant to SNS users such as social accounts or user interests.

TABLE 2.1: Semantic Web Vocabularies for representing social data

Ontology Description Purpose
FOAF!0 Friend of a Friend Describing persons, their activities and their rela-
tions to other people and objects
Relationship!! Relationship Specializing the type of people relationship (e.g.
familial, friendship or professional relationships)
DOAC!? Description Of A Career | Representing the past working experiences of the
users and their cultural background
GeoNames'3 GeoNames Adding geospatial semantic information to user
locations
SIOC* Semantically-Interlinked | Representing user activities in blogs and forums
Online Communities
SCOT?® Social Semantic Cloud of | Describing user tagging activities
Tags
WI6 Weighted Interests Vo- | Representing user interests and their correspond-
cabulary ing degrees
OPM'7 Open Provenance Model | Stating that an interest was originated by a spe-

cific website

Another approach is to combine a number of light-weight ontologies which have already

been widely adopted by the Semantic Web community to depict users and their activities

on the Web. Some Semantic Web vocabularies useful for representing social data are listed

in Table 2.1. Such approach is increasingly getting attention, as many researchers, in their

related works [7, 57, 80, 105, 113, 124], showed that a large part of social data could be

translated into the corresponding semantic counterparts provided by these vocabularies.

Additionally, some authors [57, 105, 113] proposed to use interlinked datasets on the Web

of Data, such as DBpedia'®, in order to semantically enrich social data (see Listing 2.1). It

requires hence an extra step of analysis that identifies entities from the text retrieved at the

previous stage and links them to URIs, for example, on DBpedia. Available named entity

YFOAF project : http://wuw.foaf-project.org

' Relationship specification : http://vocab.org/relationship/

2DOAC specification : http://ramonantonio.net/doac/0.1/

13GeoNames specification : http://www.geonames . org/ontology

1310C project : http://www.sioc-project.org/

5SCOT specification : http://rdfs.org/scot/spec/

16WT specification : http://purl.org/ontology/wi/core#

1"OPM Specification : http://openprovenance.org/

18DBpedia is the semantic representation of Wikipedia. It is currently the largest cross-domain dataset

on the Web of Data. http://dbpedia.org/About
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twitter:user_3 | [twitter:user 2 facebook:user_7
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. f ] dbpedia:Photography
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FIGURE 2.1: Example of merging a user’s different social profiles using owl:sameAs

recognition services like Zemanta!', DBpedia Spotlight?’, Alchemy API?' can be used to

perform such a task [123].

@prefix sioc: <http://rdfs.org/sioc/spec/>
@prefix dcterms: <http://purl.org/dc/terms/>
@prefix dbpedia: <http://dbpedia.org/resource/>

<http://twitter.com/bob/status/73748435752333312>

a <sioc:Post> ;

dcterms:created "2011-05-26T15:52:51+00:00"

sioc:has_creator <http://twitter.com/bob> ;

sioc:content "Awesome, love the new Garageband for iPad http://is.gd/
SJqVav" ;

sioc:links_to <http://is.gd/SJqVav>
sioc:has_topic dbpedia:Apple_Inc.

sioc:has_topic dbpedia:GarageBand ;

sioc:has_topic dbpedia:IPad .

LisTING 2.1: Example of representing a user’s post using SIOC and DBpedia

Beside, there are different proposed techniques for merging a user’s social data from different
SNSs. Bojars et al. [24] suggested to use two semantic properties, namely owl:sameAs

and rdfs:seeAlso to associate a user with his/her existing social profiles as illustrated

197Zemanta : http://www.zemanta.com
2°DBpedia Spotlight : http://dbpedia.org/spotlight
21 Alchemy API : http://www.alchemyapi .com
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in Figure 2.1. Abel, Gao et al. [7, 57] simply put all aggregated information under one
unique entity. Some user attributes could therefore get several identical or different values
extracted from various profiles. Kapanipathi and Orlandi et al. [80, 113] inserted the
provenance information into each user interest by means of the Open Provenance Model
(OPM) (see Listing 2.2).

@prefix wi: <http://purl.org/ontology/wi/core#>
@prefix wo: <http://purl.org/ontology/wo/core#>
@prefix dbpedia: <http://dbpedia.org/resource/>
@prefix ex: <http://example.org/stuff/1.0/>

@prefix opm: <http://openprovenance.org/model/opmo#>

ex:me
wi:preference [
a wi:WeightedInterest ;
wi:topic dbpedia:Semantic_Web ;
wo:weight [
a wo:Weight ;
wo:weight_value 0.5 ;
wo:scale ex:Scale ] ;

opm:wasDerivedFrom <http://twitter.com/me>

1

LisTING 2.2: Example of using OPM to state the provenance of a piece of information, in
this case, a user interest

t22, which is an

Another important work of standardization is the Activity Stream projec
effort to develop a protocol to syndicate activities taken by users in different SNSs. In its
simplest form, an activity consists of an actor, a verb, an object, and an optional target. It
basically tells the story of a person performing an action on or with an object, for example
“Bob posted a photo” or “Bob liked a video of a friend”. One important advantage of Ac-
tivity Stream is that its wide range of verbs and objects*® were directly inspired from users’
real activities on current SNS, thus reflecting very well user social networking experience.
Another advantage is that many SNSs including Facebook have already implemented their

user activity streams with Activity Stream and opened up them to developers to use.

2.1.4 Social Network Aggregators

Services implementing Social Network Aggregation are commonly called Social Network
Aggregators. These services allow a user to consolidate at a single point the various social

activities in such a way that the user is not required to login to each SNS and perform

22 Activity Stream project : http://www.activitystrea.ms/
23 Activity Streams - Base Schema : https://github.com/activitystreams/activity-schema/blob/
master/activity-schema.md
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FIGURE 2.2: FriendFeed screenshot

the same social activity. The user performs the social activity within a social network

aggregator and the information is synchronized to all of SNS that the user specifies [149].

Currently, both free and commercial social network aggregators are available. All of them
reply on APIs provided by the SNS providers for performing the aggregation process. More
specially, users have to authenticate their social accounts to be syndicated, and give suitable
permissions to the social network aggregator such that it can access to these accounts for
collecting data. Once access is granted, recent social data will be regularly or in real-time

mode pulled from SNSs into the social network aggregator.

FriendFeed?* (see Figure 2.2), Hootsuite®® (see Figure 2.3), TweetDeck?® (see Figure 2.4)
are some representative examples. FriendFeed is used for individual purpose. It aggregates
updates, posts and photos submitted by a user and friends on multiple SNSs so that the user
can read, share, and comment on these things in real-time without leaving the platform.
Hootsuite and TweetDeck are more professional use oriented, and may be used as social
network management tools. In addition to the aggregation functionality, they include
advanced features like scheduling posts and share in advance, content analysis, bookmark,
RSS feeding which allow businesses and organizations to efficiently lead their marketing
campaign across SNSs. We will discuss about the drawbacks of the current social network

aggregators later in this chapter.

?FriendFeed : http://friendfeed.com/
2*Hootsuite : https://hootsuite.com/
26TweetDeck : https://tweetdeck.twitter.com/
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FIGURE 2.4: TweetDeck screenshot

2.2 Information Filtering

Information Filtering (IF) is an efficient solution to the information overload problem. The

aim of IF is to expose users only to information that is relevant to them [65]. Many IF

systems have been developed for various domain applications, for example personal email,

content-sharing platforms, and e-commerce websites. Traditional IF systems typically share

the following features [18] :

e They are designed for unstructured or semi-structured data, for example journal

articles, email messages;
e They deal primarily with textual data;

e They handle large amount of data;
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e They involve streams of incoming data;
e They are based on descriptions of individual or group information preferences;

e They are often meant to imply the removal of data from an incoming stream, rather

than finding data in that stream.

Social data meet all these conditions, as they are unstructured, mostly textual, and con-
stantly appearing within a user’s social streams in a great number. Thus, many IF solutions
adapted to social data have been proposed. We classified them into four major categories:
(1) Friend Grouping, (2) Streaming Categorization, (3) Stream Filtering, and (4) Stream
(Re)Ranking. The (2) and (3) categories are based on the derived description of social data
and the user’s preferences. The (1) and (4) categories focused on the context of social data
(e.g. the provenance, the type of relationships, the common interests, etc.) rather than

their descriptions.

2.2.1 Friend Grouping

Friend Grouping approaches consist of splitting a user’s entire list of friends into a number
of sub-lists of “homogeneous” friends according to certain criteria. So, instead of managing
the whole long stream of information coming from all friends, the user can separately
monitor different reduced streams via the corresponding sub-lists. The user can check only
the contents from a given sub-list at a given time for seeking certain information. The more

coherent the lists are, the higher the chances to locate good contents.

Friend Grouping have been already included in some SNSs such as Facebook, Twitter, and
Google+. While Facebook and Twitter call it “Lists”, Google+ use the term “Circles”.
Users have to manually create a number of lists and insert into each list different friends
according to their personal convenience. These lists are expected to provide user with a
primary tool for privacy control, selective sharing and filtering. However, the high burden

of manual grouping still prevents many users from adopting it.

Thus, there is a need for automating group creation while allowing users to edit created
groups. Facebook includes a feature called “Smart Lists” which are lists automatically
generated based on friends’ personal information, namely work, school, family and city.
For example, a list of friends living in the same town as the user, or a list of friends going
to the same school as the user, is automatically generated and updated whenever a new
friend is added. However, these lists only cover a small part of the user’s entire friend list,

and are in some cases too broad to facilitate information filtering.
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Gao et al. [57] and Eslami et al. [48] proposed to use graph-based techniques for clustering
friends. They first rebuilt for a given user his/her friend graph in which each node is a
friend of the user. If two friends are also friends to each other, they are linked. Then, they
performed a specific clustering algorithm on the same graph in order to cluster its internal
nodes. There are three different categories of clustering algorithms: (1) disjoint clustering
algorithms where each friend can only belong to one group; (2) overlapping clustering algo-
rithms where a friend can be a member of more than one group; (3) hierarchical clustering
algorithms which categorize friends in a multi-level structure where one group can be a

subset of another group.

Qu et al. [120], in addition to using network information (i.e. users’ social links), used
textual information (i.e. users’ tweets published on Twitter) for group member suggestions.
More specially, they tried to capture and to model users’ topical interests. For that purpose,
Latent Dirichlet Allocation (LDA) [23] was applied to derive topics from users’ tweets. The
proposed system furthermore took group seeds (i.e. some first group members) provided
by users so that it could calculate the similarity between one target user and group seeds

in order to determine how likely the target user belong to the group in question.

In the real world, users like to group their friends in many ways [120]. For example, some
might create topical lists like “computer scientists” or “television comedians” while others
might create lists containing their real-life friends. So, it is probable that automatically
generated lists are not enough personalized to meet any user’s requirements. Additionally,
as one’s interests change with time [121], users still have to maintain and adjust regularly

their lists.

2.2.2 Stream Categorization

Text Categorization, also known as text classification, or topic spotting, aims to automat-
ically sort a set of documents into categories (or classes, or topics) from a predefined set
[132]. Each document can be either in multiple, or exactly one, or no category at all [77].
Users can subscribe to and view only the documents of certain categories based on their
own interests. Stream Categorization applies Text Categorization to a user’s social stream

where each piece of social data is considered as a document.

The first attempt of Stream Categorization was introduced by Sankaranarayanan et al. in
[129]. Their system, called TwitterStand, is intended to classify incoming tweets as either
Junk or news where the junk tweets have a good chance of not being related to the news and
hence, are discarded, while the news tweets have a good chance of being related to news.
For that purpose, they used a naive Bayes classifier [92] that was trained on a training

corpus of tweets that had already been marked as either news or junk. A very similar
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FIGURE 2.5: Eddi - Interactive Topic-based Browsing [21]

but more general work was introduced in [143], where the authors increased the number of

categories from 2 to 5 categories such as news, events, opinions, deals, and private messages.

Categorizing social data by predefined topics may encounter two particular issues, as social
data are various, numerous and constantly evolving. First, if the topics are too broad, the
associated contents will overfeed the user. Second, if the topics are conversely too specific,

they will become outdated quickly.

To address such dynamic, broad nature of social data, some researchers [4, 21] proposed
to replace predefined topics by dynamic topics. More specially, they applied Topic Identi-
fication techniques to identify the topics of each piece of incoming social data. Moreover,
taking into consideration the fact that social data are often short and ungrammatical texts,
researchers have also used external sources of information to enrich and disambiguate the

original content of social data.

For example, Bernstein et al. [21] proposed to use search engines to identify the topics of
a tweet. A tweet is first transformed into keywords, mostly noun phrases, which are then
sent as a query to a given search engine in order to retrieve a result set of documents (i.e.
top ten results). From those results, a number of most frequent noun phrases, including

those requested, are extracted and considered as the topics of the tweet.

Alternatively, Abel et al. [4] used DBpedia as an external knowledge source to enrich
users’ tweets. Their technique consists of extracting named entities from the tweets. The
identified entities are linked to the corresponding DBpedia entities, the categories of which
(e.g. locations, people, events, etc.) are also retrieved. Both the DBpedia entities and their

categories are assigned to the original tweets as topics.
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At visualization level, most of researchers have adopted a faceted browsing interface where

each facet corresponds to a given topical category, for instance Eddi (see Figure 2.5).

2.2.3 Stream Filtering

Stream Filtering aims at actively delivering users with only information relevant to their
interests. Unlike the previous method, Stream Categorization, where a user explicitly spec-
ify his/her interests by selecting certain categories, Stream Filtering attempts to implicitly
learn and infer the user’s interest profile from the contents that he/she published in SNSs.
In general, incoming information is selected by how well it, or more precisely its description,
matches the user’s interest profile. Technically, the user interest profiles and the information
descriptions are represented by a set of weighted items (e.g. keywords, hashtags, topics,

semantic entities) [2].

Chen et al. [38] used the traditional Bag of Words and TF-IDF weighting to generate
and weight users’ interest keywords from their tweets. They modelled incoming tweets,
in particular those containing URL, by the words inside the tweets and then used cosine
similarity to decide whether a given tweet was in the scope of the user’s interests or not. The
main problems with this method are Polysemy, which is the presence of multiple meanings
for one word, and Synonymy, which indicate that relevant information can be missed unless

the exact keyword exist in the profile [2].

Garcia-Esparza et al. [59] proposed another user profiling approach based on the topical
categorisation of users’ posted tweets. Like [38], they mainly focused on tweets containing
URL. These tweets are assigned to one or more categories based on the contents of the
referred webpages using a naive Bayes Multinomial classifier [83]. There were 18 categories
in total, which correspond to general topics such as music, sports or health. A user’s
interest profile is derived from the categories of his/her posted URLs, and is used as the
basis for filtering his/her timeline, prioritising those tweets that conformed to the user’s

own interests (as illustrated in Figure 2.6).

Kapanipathi et al. [80] applied a semantic approach to construct users’ profiles. Using
the same technique described in [105], they extracted entities from users’ tweets and linked
them to DBpedia concepts. Each extracted concept represented a user interest of which the
weight was calculated using the frequency of occurrences. Kapanipathi et al. also collected

interests that had been explicitly stated by the users on LinkedIn and Facebook.
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2.2.4 Stream (Re)Ranking

Most of SNSs display a user’s social stream in reverse chronological order. Such a stream
is full of contents of very different qualities, many informative or relevant contents might
be flooded or displayed at the bottom while some nonsense buzzes might be ranked higher
[136]. (Re)Ranking approaches consist of (re)ordering the user’s social stream in prioritizing

the information relevancy.

Facebook implemented its own ranking algorithms, called EdgeRank. This algorithm de-
cides which stories called “edges” (e.g. status updates, comments on another status update,
photo tags, etc.) appear in each user’s homepage. EdgeRank is proprietary and not avail-
able to the public. No one other than Facebook knows exactly how it works. Nevertheless,

Facebook revealed in 2010 the three following ingredients of the algorithm [151] :

e Affinity Score means how “connected” a given user is to the Edge, or more precisely

its author.

o Fdge Weight shows that each category of edges has a different default weight, for

example comments are heavier than likes.

e Time Decay indicates that a story loses points, as it gets older.

The final rank of an edge is therefore computed from these three scores. Facebook will
filter each user’s homepage to only show the top-ranked stories for that particular user.
Seemingly, the stories of friends who interact the most with the user often go to the top of

the stream.
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Researchers also started to be interested in social stream (re)ranking. Several re-ranking
methods have been introduced for different SNSs, for example Twitter [136], LinkedIn
[11, 71], and Facebook [28]. Like EdgeRank, these methods do not focus on the analysis
of the textual content of incoming information, but rely on a wide set of specific features

involving not only the information, but also the source and the target users.

Shen et al. [136] included the freshness of tweets, the influence of authors, the quality
of tweets, and some social features. The freshness of tweets is the difference between the
time ¢ the user u saw the tweet m and the time this tweet was posted or the rank of the
tweet m in the user’s timeline at the time ¢ when the user visited Twitter. The influence of
authors is computed based on the number of followers that the author a has, the number of
users that the author a follows, the number of lists the author a belongs to, the number of
tweets the author a posts each day, the number of days since a’s account was created, and
whether the author a is authenticated by Twitter officially or not. The quality of tweets is
determined by taking into account the length of the tweet m, whether the tweet m contains
URL, the number of hashtags that appear in the tweet m, the number of retweets that
rooted from the tweet m. Social features represent the relationship between the user u and
the author a which is computed with the number of a’s tweets being retweeted by u in the
past, the number of a’s tweets being replied by u in the past, the percentage of a’s tweets

retweeted by u, the percentage of a’s tweets replied by w.

Bourke et al. in [28] introduced some additional interesting features for re-ranking a message
posted on Facebook. These are, for instance, the number of explicit clicks the message
received, the number of shares the message received, the number of comments the message
received, and the mean number of message comments per hour and the number of comments

received in the last hour.

Generally, based on a set of predefined features, a ranking model is first built on a train-
ing dataset with a certain machine learning technique, and is then applied to incoming

information to compute its corresponding rank.

2.2.5 Summary

Table 2.2 summarizes the principal techniques, on which the related works of the four
approach categories (i.e. Friend Grouping, Stream Categorization, Stream Filtering and

Stream (Re)Ranking) rely, and their respective limitations.
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TABLE 2.2: Summary of Information filtering related work
Approach Technique(s) Related work | Limitation(s)
Manual grouping Facebook lists, | Regular maintenance re-
Google+ circles, | quired
Friend [160]
Grouping Graph-based clustering al- | [48, 57, 120] Not personalized enough
gorithms for users’ various prefer-
ences
Text categorization with | [129, 143] Model training required,
Stream the predefined topics Too generic topics
Categorization | Topic detection [4, 21] Too many topics gener-
ated
Stream Filtering | User profiling based on | [38, 59, 80] Incomplete and/or impre-
users’ social activities cise profiles for passive
users
Stream Ranking algorithms based | [28, 136, 151, | Model training required,
(Re)Ranking on a set of specific features | 160] Sources containing helpful
contents but low-ranked

2.3 Information Discovering

Information Discovering is loosely used here to categorize various solutions. Briefly, the
solutions of this categorization are expected to help users discover new and interesting
information from outside of their social streams. We arranged related works into two main

groups : (1) Friend Recommendation and (2) Additional Sources.

2.3.1 Friend Recommendation

The aim of Friend Recommendation is to recommend to a user other members who are likely
interesting to follow. Most of current SNSs include a friend recommendation feature. For
example, Facebook, LinkedIn and Twitter all show in every user’s homepage a suggestion
panel titled “people you may know”. However, they are roughly based on the number of

common connections that two different users have, in order to suggest one to another.

Hannon et al. [66] introduced a user profile based recommender for Twitter users, called
Twittomender. The proposed system attempted to build up for each user an interest profile
which is a weighted term-vector. The frequent terms are directly extracted from the tweets
published by the user and/or friends. Upon one’s request, his/her profile would be matched

with others’ profiles in order to find out the most similar ones.

Likewise, Armentano et al.

Twitter.

[15] proposed an algorithm for recommending followees in
In addition to using users’ profiles inferred from their tweets, they moreover

added an extra selection step at the begining of the recommendation process. In fact, the
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proposed algorithm limited the candidates to those inside one’s extended social network
(i.e. friends of friends). Their main assumption was that if a user up follows a user that is

also followed by ur , then other people followed by ur can be of interest to urp.

We may also assign the works of Weng et al. [150] and Lim and Datta [94] to the field of
Friend Recommendation. Weng et al. [150] proposed a new algorithm called TwitterRank
to measure the influence of Twitter users. TwitterRank took the link structure between
users, and especially users’ expertise and /or interests into account. It was therefore intended
to find out topic-sensitive influential users. Lim and Datta [94] differed with an approach
for finding communities of users with common interests. They first identified celebrities
that were representative of an interest category, then detect communities based on linkages
among followers of these celebrities. Although, these works do not directly suggest suitable
friends to a user, they provide the user with open choices to consider based on his/her own

interests.

Friend Recommendation is useful for a user who wants to discover new and interesting
people to follow, thus reaching relevant information. It works and is effective when the user
is new to the SNS or has few friends. Otherwise, it becomes counter-productive, as the

user has to manage with many friends, and all the contents that those friends may share.

2.3.2 Content Recommendation

Content Recommendation approach is complementary to Stream Filtering. Stream Filtering
solutions limit the user experience only to his/her personal stream, which means that the
information sources are restricted to the user’s circle of friends. Additional Sources then
allows a user to increase the number of sources without expanding his/her current circle of

friends which is already very large.

Chen et al. [38] extended a Twitter user’s sources of information in two ways FoF (followees-
of-followees) and Popular. FoF takes the tweets of the users who are followed by the users
who are followed by the target user. Popular takes popular URLs which are the most shared

by Twitter users.

Kapanipathi et al. [80] built a central repertory called “Social Hub” which allows users
to subscribe and regularly receive interesting tweets which are extracted from the entire

Twitter public stream.

Other researchers [6, 111] recommend a user the latest news articles (e.g. posted within 24
hours) from The Huffington Post [111], from BBC, CNN or New York Times [6] which are

related to the user’s news interests derived from his/her tweets.
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2.3.3 Summary

Table 2.2 summarizes the recommendation strategy, especially the choice of sources, of the

Information discovering related works, and their probable limitations.

TABLE 2.3: Summary of Information discovering related work

Approach Source(s) Related work Limitation(s)
Friend Recommen- | Members of the | [15, 66, 94, 150] Information overload risk
dation same SNS
Contents published | [38] Incomplete and/or impre-
by friends of friends cise profiles of inactive
users
Content  Recom Contents published | [80] Incomplete and/or impre-
mendation by the entire SNS cise profiles of inactive
users
Contents form ex- | [6, 111] Incomplete and/or impre-
ternal sources cise profiles of inactive
users

2.4 Discussion

Thus, we have seen a number of works related to Social Network Aggregation, Information
Filtering, or Information Discovering (see summary table 2.4). These interesting works have
their preferred way to help users to better manage their social networks and the information

shared within them. Nevertheless, they also have some drawbacks.

Current social network aggregators allow to integrate multiple SNSs rather than integrate
the information available within them. They facilitate users’ social networking experience,
but do not really ease their Information Filtering process. Retrieved data are simply put
together without being filtered. Some of them are able to display contents into different
categories based on their types, for example photos, videos, links, updates, and so on. It

unfortunately does not help users very much to extract useful information.

Information Filtering is important as its allows to reduce users’ filtering efforts and provide
interesting contents. However, most of related works have applied different machine learning
techniques, which need to be trained on some set of training data. Consequently, they have
become domain-specific solutions. For example, an efficient solution dedicated to Twitter is
no longer suitable for Facebook. All presented related work, discussed above except [160],

have actually been designed for only Twitter or only Facebook.
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Information Discovering is complementary to Information Filtering. It is interesting in
that it helps a user to discover additional information from outside his/her circle of friends.
Some related works, presented above, have considered additional sources of information only
from a given SNS, or from very popular news media. Groups of interests have not been

considered yet, even though they represent a very reliable source of contents of interest.

One of the most interesting works is [160] where the authors introduced a personalized social
network aggregator and recommender, named SocConnect, supporting at this moment the
two SNSs Facebook and Twitter. In order to filter the heterogeneous social data from both
SNSs, the authors have implemented manual Friend Grouping and applied different machine
learning techniques on the textual features and the non-textual features (e.g. actor, activity
type, source, etc.) of social data as well. SocConnect is however limited to an individual
basis. The users are not expected to share the interesting information and useful contents

with each other.

This is also the case for all the above-discussed works. None of them included features in
response to the Sharing question, as shown in Table 2.4. Certain existing collaborative
systems may include features allowing to retrieve and capitalize public contents from so-
cial networks, essentially Twitter, by watching specific keywords. However, they need to
permanently listen to the entire social network, which furthermore leads to a big number
of contents to review and to filter manually or automatically. The most suitable answer is
at the moment to encourage the members of a given group to manually select and put the
useful contents from their respective social streams into the group so that other members

can access to as well.

No complete answer to the three questions of filtering, discovering, and sharing social data
across SNSs has been proposed yet. Our work therefore aims at searching for such an
answer. In the following chapters, we will see in detail how our answer is conceptually de-
signed (Chapter 3 - Conceptual Design) and technically implemented (Chapter 4 - Technical
Solution).



TABLE 2.4: Summary of related work

Reference Support multiple SNSs In response to (- |In response to ()2- | In response to (Q3-Sharing
Filtering question Discovering question question

FriendFeed, Hoot- | yes no no no

suite, TweetDeck,

Plumbaum et al. [118]

Gao et al. [55], Eslami | no: only Facebook yes: based on Friend Group- | no no

et al. [48] ing

Qu and Liu [120], | no: only Twitter yes: based on Friend Group- | no no

Rakesh et al. [121] ing

Sankaranarayanan et | no: only Twitter yes: based on Stream Catego- | no no

al. [129], Sriram et al. rization (static categories)

[143]

Bernstein et al. [21], | no: only Twitter yes: based on Stream Catego- | no no

Abel et al. [4] rization (dynamic categories)

Shen et al. [136] no: only Twitter yes:  based on Streaming | no no
(Re)Ranking

Bourke et al. [28] no: only Facebook yes:  based on Streaming | no no
(Re)Ranking

Hannon et al. [66], | no: only Twitter no yes: based on Friend Recom- | no

Weng et al. [150], Lim mendation

et al. [94], Armentano

et al. [15]

Chen et al. [38] no: only Twitter yes: based on Streaming Fil- | yes: URLs from followees of | no
tering (keyword level) followees and popular URLs

on Twitter

Garcia-Esparza et al. | no: only Twitter yes: based on Streaming Fil- | no no

[59] tering (topic level)

Kapanipathi et al. | no: only Twitter yes: based on Streaming Fil- | yes: all public tweets no

[80]

tering (semantic entity level)

ov
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O’Banion et al. [111] by news media
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Stream Filtering and Stream
(Re)Ranking
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Conceptual Design
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In the previous chapters, we have raised the three following questions:

1. Qi-Filtering: How to help users to extract contents of interest from their different so-

cial networks with less effort and without altering their social networking experience?

2. (Q2-Discovering: How to help the users to discover additional contents of interest from

outside of their cycles of friends?

3. @s-Sharing: How to make it possible for the users to share the contents of their various

social streams with their respective groups without extra charge?

To answer these questions, we propose in this work a novel User-centered and group-

based approach for social data filtering and sharing. This approach is in line with

a new emergent paradigm called Social Internetworking System (SIS), where a SNS can

be seen as a part of a more complex system comprising many users, social networks and

43
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resources [106]. A SIS enables strategic applications whose main strength is the integration

of different communities that nevertheless preserves their diversity and autonomy [33].

Conceptually, our approach consists of two main components: (1) User-centered social data
filtering, and (2) Group-based social data sharing. The first component is meant to answer
the question )1 by allowing the users to aggregate their different social networks and to
extract and organize contents which are of the users’ interests. The second component is
intended to answer both questions Q2 and Q)3 by enabling collaborative spaces over SNSs
where the members of a given group of interest can share with each other the contents of

interest originated from their respective social networks.

In this chapter, we will first present the general requirements that these two components
must fulfill. Then, we will go into the details of their respective conceptual foundations.

To conclude this chapter, we will stress out how our approach meets the expectations.

For reasons of clarity and consistency, from here we will use the term “social data” to
refer to a user’s raw social data aggregated from different SNSs and the term “contents of
interest” or simply “contents” to refer to the social data which are processed and considered

to contain information relevant to the user’s interests.

3.1 General Requirements

3.1.1 Filtering Requirements

The question @)1 leads to the three underlying questions:

e (Q11: How to access and collect a given user’s social streams, which are protected by

and scattered across different SNSs?

o (Q19: What are the appropriate techniques for extracting the contents, which are rele-
vant to the user’s interests, given that the available contents are numerous and mostly

text-based?

e (Q1.3: How to organize the contents of interest and how to present them to the user?

A solution noted S supposed to answer the question )7 and taking into consideration
its three underlying issues, could be in compliance with the overall design illustrated in
Figure 3.1. S is at least composed of two features (1) Aggregating and (2) Filtering. The
first feature answering the question (1.1, is responsible for aggregating a user’s social data

across SNSs in a single place. It should also comply with the privacy policy of SNSs.
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FIGURE 3.1: User-centered social data aggregating and filtering overall design

The second feature addressing the questions 1.9, Q1.3 is responsible for helping the user to
extract the contents of interest from the aggregated social data with a minimum of manual
effort. More specially, each piece of social data is analysed and classified as interesting
contents or useless data. Only interesting contents are selected for being shown to the
user, whereas others will be hidden from the user’s view. The contents of interest should
furthermore be organized by topics which means that each of them is indexed and associated
with one or several topics of interest. This way, the user can easily and quickly access to

expected information by selecting the corresponding topic.

Most importantly, it is required that both aggregating and filtering features of S have a
user centric approach. A user-centered aggregating feature should straightforwardly ask
the user for authenticating and authorizing access to his/her social data across SNSs, thus
being able to recover an extended range of social data. A user-centered filtering feature

should be semi-automated, which means that the topics of interest are, instead of implicitly
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learned, explicitly and gradually provided by the user while the social data are automatically

processed and filtered according to these topics.

3.1.2 Sharing Requirements

The two questions (o-Discovering and (J3-Sharing can actually be solved by a common
solution noted ST, which is an extension of the solution S as illustrated by Figure 3.2. The
most important requirement for extending S to ST is to embed in S an extra organization
level enabling collaborative spaces devoted to groups of interest. Such a group setting
allows to achieve the two objectives, discovering and sharing, without many changes (see

Figure 3.2).



Chapter 3. Conceptual Design 47

The users are able to join a given group and contribute to build up its collective social data
sources by sharing their own social data previously retrieved by the aggregating feature of S
with the group. Then, the same semi-automated filtering feature of S would be applied to
the group’s collective social data sources to automatically discover the contents of interest.
The only difference is that a group’s topics of interest are not defined by one person, but
collectively defined by any interested member of the group in order to take advantage of
the expertise of everyone. This way, taking part in a group of interest allows a user to
discover additional useful contents (Q2), and to share with his/her respective groups of

interest (Q3).

Like S, the solution ST must also respect the user-centered requirement. More specifically,
a member of a given group should be able to choose which part of his/her social data can
be shared with the group (see Figure 3.2), as he/she may not want to unveil some sensible

information to the group.

3.2 User-centered Social Data Filtering

In this section, we will present two conceptual foundations of the user-centered social data
filtering component. First, we will introduce a model serving as a base for integrating the
heterogeneous social data from different SNSs. Then, we will describe the principles of

filtering and organizing contents of interest.

3.2.1 Social Data Integration
3.2.1.1 Social Data Scope

Until now, we have used the term “social data” in a quite ambiguous manner to indicate
data generated by users as well as data related to a particular user in SNSs. From here, we

will only refer to social data as belonging to a particular user and defined as:

“A user’s social data include contents published by, or involving, or shared with

the user in the social network sites to which he/she is connected.”

This definition comprises the information that a user pushes on the SNSs and the informa-
tion that he/she receives from his/her social friends. It corresponds to the sum of the user’s
social streams in their basic version (i.e. before being filtered and/or ranked), and includes
a wide range of information such as profile information, social connections, postings, inter-

ests, and so forth. The social data vary from one SNS to another. For example, the user
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TABLE 3.1: Social data available via the APIs provided by different SNSs

Attribute Facebook Twitter LinkedIn Google+
nickname X X X X

first name

last name

full name

profile photo

about

email

homepage

™
R R A A A

location

gender

birthday
relationship status
language
education

"

SRR A A A A A R R R R R e R s

affiliations

»

interests
groups
publications
project
contact

R R R R R R R A Rl Il el I i e i e el e

"

social connections

"
™

SRR AR A R H Il R Rl

posts X X

profile on Twitter is currently very limited. It only includes name, bio and location of the

member. The user profile on Facebook is more elaborate. It includes:

e Basic information such as the name, photo, age, birthday, relationship status, etc.;

e Personal information such as interest, favorite music & TV shows, movies, books, and

quotations;

e Contact information such as mobile phone, landline phone, school mailbox, address,

etc.;

e Education and work information such as the names of schools attending/attended,

and current employer.

Therefore, we had to determine a suitable scope of social data for our study. We closely
investigated the top SNSs, namely Facebook, Twitter, LinkedIn, and Google+, for social
data made available via the provided APIs (see Table 3.1). From this study, we have

identified the following six most frequent and important information dimensions:
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1. The Profile Information dimension includes basic information about the user such as

name, about, language, email, gender, location, etc.;

2. The Friend dimension represents the social connections established between the user

and other members of a SNS;

3. The Group dimension lists the groups, created on a SNS, that the user is a member

of;

4. The Studie & Work dimension describes respectively the school and academic expe-

rience and the professional experience of the user;
5. The Interest dimension lists the user’s interests, often explicitly claimed by the user;

6. The Post dimension represents the contents published by as well as those shared with

the user.

Note that such dimensions are not completely exclusive to each other and that there may
be some overlaps between them. For example, people often join a specialized group because
they share some common interests with the group, or a group can be formed by people from

the same school or the same workplace.

3.2.1.2 Integration Model

Each SNS utilizes its own syntax and terms for representing social data. It is therefore very
common that different terms are used for the same type of data. For example, a piece of
text published by a user is called “tweet” on Twitter but “post” on Facebook, or a social
contact is called “friend” on Facebook but “connection” on LinkedIn. Given such diversity,
a common model is necessary for integrating the heterogeneous social data from different
SNSs. Furthermore, in order to cover all the aforementioned dimensions (i.e. Friend, Group,
Study € Work, Interest, and Post), we have built an adapted integration model based on
FOAF [32] and ActivityStream [139] as illustrated by the UML class diagram in Figure 3.3.

A wuser is a person (~ foaf :person) who is identified by his/her unique email address. The
user can have several social accounts, each of which is from a different social network, for
example a user can hold a Facebook account, a LinkedIn account and a Twitter account.
The association between User and SocialAccount is equivalent to the semantic property

owl:samels.

Each social account contains a number of attributes identical to the relatively invariant
information of the two dimensions Profile Information and Studies €& Works (see Figure

3.8). Other types of social data (i.e. Friend, Group, Interest, and Post), which are changing
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FI1GURE 3.3: Social Data Integration Model

over time, are linked to the social account through a number of timestamped social activities

taken in the same social network as the social account.

ActivityStream defines many possible social activities. Nevertheless, all of them are not
necessary and include useful information. At this time, we have only needed four specific

types of Social Activity namely “post”, “receive”, “befriend”, and “add”.

Each type of social activity refers to one or even two given subclasses of the abstract class

Social Data:

e The post activities are related to the Post-type social data, for example, a user via

his/her social account posts a post on a given social network,

e The receive activities are related to the Post-type and the Member-type social data,
for example, a user via his/her social account receives a post which is posted by

another member of the same social network,

e The befriend activities are related to the Member-type social data, for example, a user

via his/her social account befriends with another member of the same social network,

e The add activities are related to the Interest-type social data, for example, a user via

his/her social account adds a new interest.

The Post-type social data corresponds to the Post dimension. The Member-type social
data has a larger scope than that of the Friend dimension. It includes normal members

whom a social account can be friend of, and special members whom a social account can
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only follow to receive their posts, for example pages on Facebook, or company accounts on

LinkedIn. The Interest-type social data incorporates both Interest and Group dimensions.

The social activities are unique to the corresponding social account, whereas the social
data are unique to the original social network. This means that some social activities from
different social accounts may refer to a same piece of social data. For example, two social

accounts befriend with a same member, thus receiving the same posts from this member.

Every subclass of Social Data contains at least one text-valued attribute. The Member
class includes a description attribute. The Interest class includes a name and a description
attributes. The Post class contains a text attribute. In the case where a post contains
one or several links, the title and description of the referred webpages are considered as
the extended text-valued attributes of the post as well. The text-valued attributes of each
subclass are important, as they provide the description, based on which the social data
would be either selected or filtered out with respect to the users’ interests during the

filtering process.

This generic model can easily be extended. If we later identify some important types of
social data and would like to include them into the model, all we will have to do is to add
them as subclasses of the class Social Data and declare their corresponding social activities.

Importantly, there will not be any effect on the current model.

For the sake of simplicity, in the rest of this thesis, we will use the term social data in order
to refer to the associations of Social Activity and Social Data, which are actually things
that can be filtered and shared. There are therefore four types of associations as shown in
Table 3.2.

TABLE 3.2: Associations of Social Activities and Social Data

Association ‘ Social Activity ‘ Social Data
Friend “befriend” Member
Post “post” Post
Following Post “receive” Post & Member
Interest “add” Interest

3.2.2 Information Filtering & Organization

The information filtering process consists of constantly analysing any new social data and
accordingly taking appropriate decisions to either ignore or show it to a particular user.
An information filtering solution should therefore take into consideration the user’s infor-
mation needs which reflect his/her short, medium or long-term interests [61]. The user’s

interests can be gathered in an implicit manner where they are derived from the user’s
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usage behaviour and history without any extra effort, or in an explicit manner where the

user has to explicitly supply them to the system [60].

Unlike traditional filtering systems, in particular recommender systems where data are
domain-specific, social data are much more diverse. Java and al. in [76] showed some of

the main user intentions while using SNSs:

Daily chatting about daily routine or what people are currently doing;

Conversations to comment or reply to their friends’ posts;

Information/URLs sharing;

News reporting to report latest news or comment about current events.

The generated data thus contain not only helpful information but also useless junk [129].

On the other hand, the interests of users do not follow a simple predictable model. They
have a wide range of interests across a large set of topics, even within a topic [101]. Besides,
they are often influenced by their social connections, and adapt their own interests in
accordance with others’ interests. Many of them are information seekers who post rarely,
but follow other users regularly [76]. All of this makes it challenging to efficiently learn a
user’s interests in an implicit manner from his/her social data. Therefore, in our approach,
we have adopted the explicit way in which the user explicitly provides his/her interests in
terms of topics. The user can moreover edit (i.e. add or delete) his/her topics of interests
over time. This way, the target system knows exactly what the user needs, thus extracts

only the corresponding contents.



Chapter 3. Conceptual Design 53

To enable the extraction and the organization of contents of interest, we have applied a
two-level structure (see Figure 3.4 or Figure 3.8 for more details). The first level called
topics corresponds to the topics of interest. This level is used to classify and organize the
contents of interest. The second level called selectors represents the technical specifications
of topics, which specifies how a piece of content matching a topic should be automatically
extracted from the social data. As shown in Figure 3.4, the class Selector is expressly
left abstract, and could be specified by various information extraction methods. We have
proposed at the moment three types of selectors, namely Hashtag, Keyword and Concept.
Each type corresponds to a different technique and usage that we will detail further in the
subsection Developed selectors of the next chapter. A topic can be specified by as many
selectors as possible (e.g. two Keyword-based selectors and a Hashtag-based selector) to

increase the chance to retrieve helpful contents.

Note that a piece of social data is considered as a content of interest and associated with a
given topic when it matches at least one of the topic’s selectors. A content can be assigned
to several topics. A user can set up (i.e. instantiate with values) as many selectors as he/she

desires to a topic in order to increase the probability for detecting interesting information.

3.3 Group-based Social Data Sharing

In this section, we explain how we are conceptually able to extend S to S for supporting

group-based social data sharing as well.

3.3.1 Group Settings

As mentioned in the sharing requirements, to enable the information sharing and discover-
ing, it is necessary to introduce collaborative spaces. We have then added an extra level of
organization called groups. Furthermore, we have maintained the topic-selector structure,

while putting it under groups as illustrated by Figure 3.5 (see Figure 3.8 for more details).

In addition, we have specified two kinds of groups:

1. Private groups which are groups only accessible by their creators,

2. Open groups which are groups open to any user for joining.

Such a distinction is interesting, since it enables the user experience on an individual basis,
and in a group setting as well. Private groups are mainly dedicated to personalized infor-
mation filtering, whereas open groups are used for the sharing and discovering purposes. A

user can be a member of several whether private or open groups.
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In the case of an open group, all members are equal, as there is no particular need for
specifying further their different roles yet. However, the fact that one’s social data are
shared with and visible to others may raise the privacy problem, as some parts of social
data may contain sensible information that the user does not want to reveal. It is therefore
important to give the user a control over what he/she is ready to share with an open
group instead of systematically sharing all of his/her aggregated social data. We have
then included features for the users to personalize their membership dues towards each of
their groups, as shown in Figure 3.6. The two classes User and Group are linked through
the association class called memberOf, which contains following three specific attributes

reflecting a member’s sharing settings as follows:

1. Authorized accounts indicates which social accounts and their associated social data
can be matched with the group’s topics of interests and eventually shared with the

group members;

2. Authorized data indicates which types of social data can be used for sharing;
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3. Review if enabled, prevents a newly detected relevant content to be immediately

shared with the group but waiting for the user’s approval.

The first and second attributes allow a user to restrict the sharing scope of the social data.
For example, let consider Table 3.3 where the columns represent different types of social
data (e.g. Friend, Interest, Post, Following Post) and the rows represent different social
accounts (e.g. Facebook, Twitter, LinkedIn). The user can freely choose which social
accounts along with which types of social data to share with the group. The only rule is
that the user has to open at least the Post social data of one of his/her social accounts.

TABLE 3.3: Example of a member’s sharing settings: the light-gray color means that the
element has to be shared by default

Social
Data Friend Interest Post Following
Account Post
FB no no no no
™ no no yes yes
LI no no yes yes

The user, as indicated in Table 3.3, shares his Twitter and LinkedIn accounts. Consequently,
the posts from these two social accounts will by default be selected to match with the group’s
topics of interest in order to extract the contents of interest. The user moreover decides to
also share the following posts with the group. Other social data like friends and interests

will not be disclosed to the group.

The third attribute called “review” is optional and complementary to the two first ones.
The user has the ability to review every piece of detected relevant content before sharing,
thus deleting sensible information. This option can furthermore be used as a collaborative

filter to filter out “false positive” information that automated methods missed.

3.3.2 Collective & Personalized Interests

As mentioned above (see Sharing requirements), a group’s topics of interests should be
collectively and dynamically defined by any of its members. In other words, any member
is able to propose a new topic and/or suggest additional selectors associated with certain
topics whenever he/she finds them relevant to the group. For example, within a group
interested in politics, a member can at a given moment suggest a new topic about the up-
coming important political event (e.g. a presidential or local election) so that the group can
start to capitalize the event-oriented information and news. Such collective principle allows
the group to benefit from the expertise of each of its members, thus having appropriate

topics and precise selectors.
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However, this collective way of defining the group’s topics of interest may lead to an im-
portant number of topics. It is unlikely that all topics fit the needs of all members. A given
member may personally find some topics too broad or too specified or even unsuitable, and
may want to ignore them. With this in mind, we have therefore included the features offer-
ing each member the ability to personalize his/her interests towards the group’s collective
interests. More specially, the member does not need to accept all proposed topics, but can
follow only a subset of topics that interest him/her the most, also unfollow them later if

he/she want to.

User Group
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FI1GURE 3.7: Collective and Personalized Interests within a group

Following a topic implies default acceptance of all of its current selectors, but the member
can later deselect certain selectors if he/she wants to (see Figure 3.7). The member can
moreover suggest new selectors to the topic. Every time a new topic or an additional
selector is added, it will be spread to other members so that they can decide whether to

accept or to ignore it according to their own preferences.

These personalization features have twofold purpose. Firstly, they prevent the members
from facing the overload of topics, and subsequently the overload of contents of interest
when visiting the group. Secondly, they provide the group with simple means to measure
the relevancy of each topic and selector. The more a topic or a selector is followed by the

members, the more relevant it is.

Along with a member’s sharing settings, his/her personalized topics will be taken into
consideration during the filtering process. Only authorized social data will be selected for
matching against only the selectors that the user has accepted. Non-matching contents will

never be shared with the group.
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3.4 Summary

We have presented in this chapter our conceptual answer to the three questions @1, @2, @3,
which is essentially composed of two main components User-centered social data filtering
and Group-based social data sharing. With the conceptual foundations detailed above, these

two components provide the users with many significant advantages.

The user-centered social data filtering component answers the question )1 by giving the
user a centralized access to interesting contents extracted from the social data aggregated
from his/her different social networks. By organizing the contents of interest by topics, it
furthermore allows the user to split their large social streams into a number of topic-related
sub-streams. This way, the user can easily access to the expected contents by selecting the
corresponding topic. Most importantly, the fact that the topics are explicitly provided and
are not restricted to a given domain, would allow the user to better exploit the social data

which are very various and constantly changing.

The group-based social data sharing component answers the questions Q2 and Q3. It al-
lows a group of interest to tap into its members’ social data without any extra effort, thus
increasing the number of information sources (@Q3). Every member can be an active con-
tributor even if not necessarily active in publishing contents in SNSs, since he/she can also
share the contents published by his/her social friends. Both the contents published by
the members and the contents published by their social friends are“reliable” information
sources based on two assumptions: (1) a person who is interested in a topic often tries
to share interesting information or useful content in order to influence his/her friends (i.e.
social influence [100]), (2) people with similar interests are more likely to be connected (i.e.
homopholy [104]). Taking part in a group of interest, a user can therefore access to more

useful contents (Q2).

On the other hand, the collective principle of defining the topics of interest of a group
encourages its members to contribute their expertise. They can suggest a new topic as
early as it becomes a trending topic in SNSs, or add more precise, advanced selectors to
improve the filtering precision. Moreover, by accepting or rejecting a topic or a selector, the
members can promote or demote it. In the second case, the topic or selector in question
should gradually disappear from the group. So, if the members are active enough, the
group will have enriched, updated topics and precise selectors, and thus end up with more

appropriate contents.

It is important noting that the conceptual design described through this chapter remains
generic, as it does not impose any technical choice yet. Different technical alternatives can
accordingly be proposed. In the next chapter, we will present our technical solution as an

instance of this conceptual design.
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In the previous chapter, we have seen the conceptual design of our answer to the three
questions that we have raised at the beginning of this thesis. It now remains to define the
technical means for achieving this design and turning it into reality. As mentioned above,

there may be several possible technical implementations. We will present our implementa-

tion in this chapter.

More specially, we propose a centralized modular system architecture composed of three

major components (see Figure 4.1):

1. Aggregating component,

2. Searching component,
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FI1GURE 4.1: Proposed system architecture

3. Collaborative component.

These three components have the specified roles and functions within a repetitive process, in
which the aggregating component starts to aggregate and store the users’ social data, which
are therefore enriched. Next, the searching component steps in to index the enriched social
data and to launch the personalized searching tasks taking into consideration the users’
topics and selectors in order to extract contents of interests. Finally, the collaborative
component, based on the group members’ collaborative efforts, enhances the quality of the
detected contents of interest. This process is repeated at regular intervals to make sure that
the users’ recent social data are continuously aggregated from different SNSs, processed and
filtered.

To make sure that such a process works correctly, each of the three technical components
contains a number of specified modules. Below, we will detail the role of each of these mod-

ules, its current implementation as well as its eventual issues and possible improvements.

4.1 Aggregating Component

The aggregating component is technically the most straightforward component. It includes
three main modules (see Figure 4.2), (1) Social data aggregation, (2) Social data storing,
and (3) Social data enrichment, which are responsible for retrieving the users’ social data

from different SNSs, storing and enriching them, respectively.
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4.1.1 Social Data Aggregation

Among the methods discussed in the two subsections Unique User Identification and So-
ctal Data Collection of Chapter Literature Review, relying on the authentication protocols
provided by the SNS providers and their proprietary APIs is actually the most suitable
solution to our approach for aggregating the users’ social data. There are two reasons for
it. First, we intended to experiment our proposed approach on some popular SNSs such as
Facebook, Twitter or LinkedIn, which unfortunately do not support open standards yet.
Second, we would like to comply with the different privacy policies imposed by the SNS
providers, and most importantly to have a full access, granted by the users, to their social

data.

Thereby, our Social data aggregation module is composed of a number of aggregators. Each
of them is dedicated to a particular SNS for aggregating the user’s social data. Obviously,
the user first has to authenticate his/her different social accounts on different SNSs, and
to grant the aggregators an access to each of these accounts using the dedicated interfaces.
With the granted permissions, the aggregators will then be able to request the different
APIs (e.g. Facebook Graph API', Twitter Rest API?) for collecting the users’ recent social

data at any time.

Actually, we have not created ourselves the different aggregators but adapted the open
source library HybridAuth?, which is delivered with a number of specific classes already

including codes for dealing with the different authentication protocols and APIs imposed

'Facebook API : https://developers.facebook.com/docs/graph-api
2Twitter APIL: https://dev.twitter.com/docs/api/1.1
3HybridAuth homepage: http://hybridauth.sourceforge.net/


https://developers.facebook.com/docs/graph-api
https://dev.twitter.com/docs/api/1.1
http://hybridauth.sourceforge.net/
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by the different SNSs providers. Hence, we only needed to extend the existing classes
by adding to each of them five methods (i.e. getUserProfile(), getUserFriends(),
getUserPosts (), getUserFollowingPosts (), getUserInterests()). Each method con-
tains a set of hand-crafted mapping rules indicating which social data to be requested. Only
the social data corresponding to the entities defined by our previous social data model is

retrieved by the aggregators.

input: The list of users U of size n

for 1 < 1 ton do

1

2 user < U[i];

3 socialAccounts < GetSocialAccounts (user);

4 for j < 1 to SizeOf (socialAccounts) do

5 account < socialAccounts[j];

6 token < GetToken (account);

7 if token # NIL then

8 originld < GetOriginId(account);

9 socialNetwork <— GetSocialNetwork(account);

10 /* We request only the most recent social data since the
last updating time. If it is the first time, updateTime
will be the last two weeks. x/

11 updateTime < GetUpdateTime (account);

12 socialData < Request (socialNetwork,originld,token,updateTime);

13 mappingRules <— GetMappingRules (socialNetwork);

14 if socialData # NIL then

15 if socialData = ERROR then

16 | token « NIL;

17 else

18 InsertOrUpdate (socialData,mappingRules);

19 SetUpdateTime (account);

20 end

21 end

22 end

23 end

24 end

Algorithm 1: Aggregation Algorithm

The aggregation process is carried out as described by the Algorithm 1. In brief, it first
takes as input the list of all users, and gets the social accounts of each of them. Then, for
each account, according to its origin (i.e. the social network), the suitable aggregator is
launched with a number of parameters including the encrypted permissions (i.e. token),
the original identifier of the account, and especially the last request time to discard the
already requested data. Afterwards, the new social data returned by the corresponding

API, if any, are mapped to the underlying model before being stored.

The disadvantage of this technique lies in the fact that it relies on no single standard,
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but multiple formats provided by different SNSs. The aggregators should be reviewed
to respond to any change in format whenever it arises. Amnother possible drawback is
that social data are currently collected at regular time intervals (i.e. polling). Recent
interesting information may still be ignored by the system as the users log in. To cope
with this problem, we could use the real-time update features provided by certain SNSs to

receive new data within a couple of minutes of their occurrence (i.e. event-driven).

4.1.2 Social Data Storing

The Social data storing module is responsible for storing social data collected by the Social
data aggregation module. For that purpose, we have considered two types of databases,
namely SQL databases and RDF databases. RDF databases offer a standardized storage
solution with a simple, uniform, schema-less data model and a powerful, declarative query
language (i.e. SPARQL). RDF databases are often recommended instead of SQL databases
when dealing with the data portability and the interoperability among different databases.
Nevertheless, SQL databases, especially open source databases, are more popular and well
documented than RDF databases, at least for now. Various packages/libraries have fur-

thermore been proposed to greatly facilitate the development over the SQL databases.

For practical reasons, we have at the moment implemented the social data storing mod-
ule with a SQL database, namely MySQL (see the physical schema in Appendix MySQL
Physical Schema). This option allowed us not only to quickly set up a reliable database,
but also to reduce the development time of our first Web-based prototype that we will see
in the next chapter. On the other hand, as our underlying data models (i.e. social data
integration model and group-based content organization model) contain a small number
of entities and relationships, the corresponding relational database schema remains simple,

thus being in principle efficient and quick in terms of data insertion and request.

The scalability and flexibility criteria do not at this stage play an important role, but will
become critical when the number of supported social networks, the number of users and
subsequently the amount of social data dramatically increase. Likewise, the data portability
and the interoperability factors may be also required within some of the future advanced
use scenarios of our proposed approach. To meet these criteria, a RDF database should be

obviously considered to substitute the current relational database.

4.1.3 Social Data Enrichment

The Social Data Enrichment module attempts to enrich the textual content of the aggre-

gated social data. This step is necessary to improve the effectiveness of the subsequent
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filtering step, as social data often contain very little text and are ungrammatically written.
We have applied one technique that mostly concerns the social data containing external
links. It consists of expanding the textual content of the social data with the additional
content extracted from the referred web pages (e.g. the titles and the descriptions). De-
spite its simplicity, this technique is very helpful, since lots of social data contain links to

external Web resources.

In addition to this enrichment technique, we could apply other advanced methods of natural
language processing (NLP) [159] to enrich the social data. For example, the language
detection step could be added to determine the language, in which the textual content
of the social data is written. Given the language, the subsequent modules of the system
would be able to process the social data in a more in-depth manner. The entity extraction
techniques could also be applied to extend the social data with the descriptions and/or
the categories of its containing entities. However, such advanced helpful techniques would
require a considerable execution time taking into consideration the big number of social
data to process. A efficiency test on a given sample of social data would therefore be

necessary before deciding to apply one of these advanced enrichment techniques.

4.2 Searching Component

As we have seen in the section Information Filtering (IF) of the chapter Literature Review,
there is a variety of model-driven methods proposed for filtering social data. These methods
are dedicated to a specific SNS, or a specific domain, or even a given language. Although,
they are efficient within their application scope, they are hardly able to fit the social data
about other domains or from other SNSs. Some of them moreover require regular training,
unless they will become obsolete towards the social data, which constantly evolve and

appear in a huge number.

Taking it into consideration, we have applied other generic techniques originated from
the Information Retrieval (IR) area which is closely linked to the IF area [18]. IR is
aimed at finding material (usually documents) of an unstructured nature (usually text) that
satisfies an information need from within large collections (usually stored on computers)
[99]. Technically, the documents are retrieved, upon search queries specified by users, based
on meta-data or on full-text indexing of the documents (not the documents themselves).
For that matter, we preferred the term “searching” rather than “filtering” to name the

component responsible for extracting the contents of interest.
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Moreover, we have chosen to implement this searching component using the open source
Lucene platform®. This choice, inspired by a number of successful Lucene-powered social
data analysis works [66, 116, 117, 125], offers numerous advantages. We do not need
to develop our own search engine, and most importantly Lucene is widely approved for
providing a robust and scalable indexing and retrieval platform that is designed to cope

with Web-scale data and usage [103].

Since Lucene is a text-based search engine, its basic units of information are documents,
which are indexed and stored for retrieval. We therefore treat the users’ enriched social data
as documents and their topics of interest as information need. Especially, in our case, the
searches are automated in accordance with the filtering requirement. The users explicitly
express their topics of interest in terms of special queries. The system regularly searches

for social data matching these queries as long as the new social data are indexed.

We detail below how the social data are indexed, how the users can specify their topics of

interest, and how the contents of interest are retrieved, respectively.

4.2.1 Social Data Indexing

The Social data indexing module is necessary to generate for each new piece of aggregated
and enriched social data its corresponding indexes, which will be later used for the retrieval
task. The indexing process as illustrated in Figure 4.4 consists of first listing the different
fields to analyse and/or to index, then transforming the field values into index terms which

are then written in an inverted index table.

4Lucene: http://lucene.apache.org/java/docs/
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Social
Data Field
Term
Writer
FIGURE 4.4: Indexing Process
Field Description Analysed | Indexed | Stored
id the ID generated by the sys- No Yes Yes
tem when inserting the social
data
timestamp the created time of the social No Yes No
data
type the type of the social data No Yes No
(e.g. “friend”, “interest”,
“post”, “following post”)
social network || the source of the social data No Yes No
owner the user ID who own the social No Yes No
data
text the text content of the social Yes Yes No
data plus the enriched part

TABLE 4.1: The indexed fields of the social data

With respect to the previously defined social data model (see Figure 3.8), we have declared
a number of fields to be indexed including id, timestamp, type, social network, owner and
text, each of which plays a specified role that we will explain further later in this section.
Moreover, as shown in Table 4.1, they are treated differently. Only the id field is stored
with the original value in order to retrieve the original social data. Also, only the text field

needs to be analysed before being indexed.

To analyse the tezt field, we have chosen the standard analyzer (i.e. StandardAnalyzer)

of Lucene. It is a general-purpose but quite sophisticated analyzer which is able to:

1. Tokenize the text content of the social data, which means that it breaks down the

initial text into words using the whitespaces and the common delimiters;
2. Lowercase each word to make it non-case-sensitive;

[Pk

3. Remove stop words that are high frequency words like “the”, “a

This standard analyzer does the job fairly well for various western languages like English,

French, or Spanish. Nevertheless, to support more languages and to improve the analysis
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Selector
+ id
+ created_at

Keyword Concept Hashtag
+ keywork + concept + hashtag
+ language + sparqgl_endpoint

FIGURE 4.5: Selector types

quality, we could add an extra step that detects the language of the text, and then use a

language-specific analyzer (e.g. GermanAnalyzer, FrenchAnalyzer, SpanishAnalyzer).

4.2.2 Developed Selectors

As mentioned in the last chapter, we would like to set up a topic-selector structure for
organizing and extracting contents of interest. The topic level corresponds to the top-
ics of interest, whereas the selector level represents the technical specifications of topics,
which give guidance on how to do the retrieval process. We have, at this stage, developed
three different types of selectors, namely hashtag-based selector, keyword-based selector,
and concept-based selector (see Figure 4.5) that the users can freely choose to specify their

respective topics. Each type of selector has its proper characteristics as follows:

e Hashtag-based selectors expect a valid hashtag, which is a word or a phrase prefixed
with the symbol “#”, as value. Hashtags are widely adopted by social network
users to collectively group and efficiently retrieve their messages [109]. Likewise, our
hashtag-based selection is also an “upstream” effort. When posting some content on a
given SNS, the users can include a previously chosen hashtag to explicitly indicate its
relevancy. So, contents containing such a hashtag will be directly selected as contents

of interest.

o Keyword-based selectors follow the same principle of web search query, thus accepting
either a single word or several words combined by boolean operators such as “OR”,
“AND”, “NOT” [99] as value. Furthermore, the language of the keyword, if provided,
will allow to expand the initial keyword with its derived forms and/or its synonyms

using dedicated dictionaries (e.g. WordNet).
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e (oncept-based selectors require a referenceable concept belonging to an ontology pub-
licly accessible via a SPARQL® query endpoint®. The users, in particular when be-
longing to a group of interest, are encouraged to use their domain-specific ontology.
Otherwise, they may already use other open and multi-domain ontologies like DB-
pedia’, which is a generic knowledge base containing millions of multi-language and
multi-domain entities [22]. Compared to keyword-based selectors, concept-based se-
lectors are more powerful. Firstly, they provide multi-languages labels for a single
concept. Secondly, they allow to expand the given concept by its related concepts,

thus disambiguating the concept and improving the matching precision as well.

With the three types of selector, we expect to give the users various useful choices ranging
from collaborative selection to domain-specific selection. The two user-friendly methods,
hashtags and keywords, do not require users to have specific knowledge. The concept-based
selectors enable an advanced selection of contents of interest. The user can set and assign

as many instances of one of the three types of selector as desired to a given topic.

It is important to note that this list of selectors is not definitive and may be supplemented
by other types of selector. For example, some heuristic filters can be included and applied
to the output of the aforementioned selectors to remove some too short or too personal

contents (e.g. contents about me now, presence maintenance, anecdote [110]).

4.2.3 Query Expansion

The Query expansion module is responsible for translating a selector entered by a user into
a internal query. It furthermore expands the given value of the selector with additional

values according to its type.

For hashtag-based selectors, there is no need for expansion. The only thing to do is to
preserve its “#” symbol from being tokenized by the internal text analyzer. This is done

by temporarily replacing it by a text-based value, for example “HT”.

In the case of a keyword-based selector, the Query expansion module, whenever it is pro-
vided with a single word, will expand the given word with its derived forms and possibly
its synonyms according to the language of the word. For that purpose, it is based on a
number of dictionaries from the Python module called Pattern®. This module now supports
six different languages (i.e. English, Spanish, German, French, Italian, and Dutch), and

provides tools for verb conjugation and noun singularization and pluralization. Especially,

S5SPARQL: SPARQL Protocol and RDF Query Language is an RDF query language

5The system does not have importing, reading, parsing and version managing features for ontologies yet
"DBpedia: http://dbpedia.org/About

8Pattern homepage: http://www.clips.ua.ac.be/pattern
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it contains a WordNet? interface for looking up the synonyms of an English word. After
gathering the variants of the given word, the module will build the final query by concate-
nating these variants and the given word using the “OR” operator, for example “automobile
OR automobiles OR car OR auto”.

If the keyword-based selector is set with several words linked by boolean operators, the
expansion is a bit more complicated. The module first needs to locate the containing
words, then replace them by their corresponding OR-concatenations. Here below are three

examples of combined keyword-based selectors (qor, qund, Qandmor) and their expanded forms

/ / / .
(qor y Qand> qand@or) .

qor = k1 Vka =), =kiVEVEVkVE, (4.1)
Gand = k1 Nka = qopg = (k1 VKLV EY) A (ko V ES) (4.2)
Gandwor = (k1 ANk2) V k3 = @opagor = (k1 V kL VEY) A (k2 V k3)) V ks (4.3)

Where ki1, ko, ks are three keywords, and &}, k{ are the variants of k1, and k% is the variant
of kg.

For concept-based selectors, the Query expansion module currently requests the SPARQL
endpoint for the (multi-language) labels of the given concept. For example, the concept
dbpedia:automobile provides “automobile”, “automobil”, “automodvil” as labels, and sub-
sequently leads to the query “automobile OR automobil OR automovil”. Concept-based
selectors could be further semantically expanded if we would associate the given concept
with its closely related concepts in order to disambiguate it. For example, the category
“city” may be appended to “Paris” (i.e. “Paris” AND “city”) to make sure that the

results should be related to the capital of France.

As mentioned above, a user can assign as many selectors as desired to a topic in order to
increase the probability of retrieving contents of interest. Let’s take the example of the
topic “Automobile” illustrated in Figure 4.6 where it is associated with three selectors: a
hashtag-based selector (i.e. “#automobile”), a keyword-based selector (i.e. “automobile”),
and a concept-based selector (i.e. “dbpedia:automobile”). For each of the three selectors,

the Query expansion module will generate the corresponding final queries.

It is worth noting that the queries correspond to a technical (low) level and are created
at runtime. For this reason, we have not include it in our aforementioned three-level

organization structure (i.e. Group - Topic - Selector).

9Wordnet is a lexical database that groups related words into Synset objects (= sets of synonyms)
http://wordnet.princeton.edu/
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]

1 |
1 A |
| Topic Automobile !
! |
i A |
N D 1
| X |
! Selectors automobile dbpedia:automobile #automobile |
! (keyword) (concept) (hashtag) i
| |
"'______________________.._____________________________..________________________________________E____________________________'.'I
| |
| |
i —>»|"automobile"| > "automobile" "#automobile" !
| |
| |
: > "automobiles"| H» "automobil" :
! Final :
! Queries :
: >  "car" —> "automovil" |
| |
| |
| |
! "auto" i
|

| |

FIGURE 4.6: Example of query expansion

4.2.4 Content Searching

The Content searching module is responsible for retrieving contents of interest, and is
executed per group. The whole process is described by Algorithm 2. In short, the module
first gets the list of all the groups with their respective member list. For each member of a
given group, the module creates as many queries as selectors that the member has chosen
taking into consideration his/her sharing settings and personalized topics of interest. The
final queries are then searched against the index of all aggregated social data. The top
retrieved results will be saved as contents of interest and associated to the corresponding

topics and groups.

Let’s take a deeper look into the algorithm. Line 13 is added to get the expanded form of
the selector following the principles provided in the last subsection. The expanded query
is at this stage not complete. The BuildFinalQuery() function (Line 14) transforms it
into a final query taking into consideration the user’s sharing settings, by including the

additional fields (see Table 4.1) in the following order:

1. Add the authorized social data types, for example, type:"Post OR FollowingPost",

2. Add the authorized social accounts, for example, social network:"Facebook OR

Twitter",

3. Add the owner, for example, owner: "Userl",
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input: The list of groups G of size n

input: The most recent index I of social data
input: The last searching time T'

input: The maximal number of retrieved contents k

1 fori+ 1tondo

2 group + GIJiJ;

3 members < GetMembers (group);

4 for j + 1 to Size0f (members) do

5 user <— members[j];

6 sharingSettings <~ GetSharingSettings (user,group);

7 authorizedTypes <— GetAuthorizedTypes (sharingSettings);
8

9

review <— GetReview(sharingSettings);

26 1T < Now();

authorizedAccounts + GetAuthorizedAccounts (sharingSettings);

10 selectors <— GetSelectors (user,group);

11 for k < 1 to SizeOf (selectors) do

12 selector < selectors|[k];

13 expandedQuery < GetExpandedQuery (selector);

14 finalQuery <— BuildFinalQuery (expandedQuery, authorized Types,
authorizedAccounts, user, T');

15 contents < Search(finalQuery, I, k);

16 if contents # NIL then

17 topic < GetTopic (selector);

18 for | + 1 to SizeO0f (contents) do

19 content < contents[l];

20 Save (content, group, selector, topic, review);

21 end

22 end

23 end

24 end

25 end

Algorithm 2: Searching Algorithm

4. Add the time constraint, for example, timestamp: [Last 24 hours,Now] (from the

last 24 hours).

And it produces a query like:

owner:"Userl" type:"Post OR FollowingPost" timestamp:[Last 24 hours,Now]

social network:"Facebook OR Twitter" text:"TheExpandedQuery"

This final query is searched against the most recent index of all aggregated social data in

order to retrieve the top-k most relevant contents (using the function Search() in Line 15).

Actually, the contents are selected through two steps: first, a subset of social data which

meet the added conditions (i.e. the type, social network, owner, and timestamp fields), is
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extracted, then, these social data are matched against the expanded query (i.e. the text
field).

For the second step, we have used the Extended Boolean Model [127] natively integrated in
Lucene. This model combines the characteristics of the Vector Space Model (VSM) [128]
with the properties of the Boolean Model (BM) [91]. It first uses the BM to narrow down
the list of documents (i.e. hits) that need to be scored based on the use of Boolean logic in
the query specification, then uses VSM to determine how each of them is relevant to the
query (i.e. scoring). This way a document may be somewhat relevant if it matches some

(not all) of the queried terms and will be returned as a result.

In VSM, documents and queries are represented as weighted vectors in a multi-dimensional
space, where each distinct index term is a dimension. The VSM score of a document d for

a query q is the Cosine Similarity of their weighted vectors V' (¢) and V (d):

cosine_similarity(q,d) = (4.4)

where V(q) - V(d) is the scalar product of the two weighted vectors, and |V (q)| and |V (d)|
are their Fuclidean norms. For search quality and usability, Lucene refines this VSM score

and derives a practical scoring function'® using TF-IDF weighting [128]:

score(q,d) = coord(q,d) - queryNorm(q) - Z(Tf(t, d) - Idf(t)? - t.get Boost() - norm(t,d))
teq
(4.5)

where

e T f(t,d) correlates to the term’s frequency, defined as the number of times that the
term t appears in the currently scored document d. Note that T'f(¢,q) is assumed
to be 1 and therefore does not appear in this equation. However, if a query contains
twice the same term, there will be two term-queries with that same term. T'f(¢,d) is

computed as follows:

Tf(t,d) = frequency/? (4.6)

Lucene TFIDF Similarity Formula: https://lucene.apache.org/core/4_0_0/core/org/apache/
lucene/search/similarities/TFIDFSimilarity.html


https://lucene.apache.org/core/4_0_0/core/org/apache/lucene/search/similarities/TFIDFSimilarity.html
https://lucene.apache.org/core/4_0_0/core/org/apache/lucene/search/similarities/TFIDFSimilarity.html
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e [df(t) stands for Inverse Document Frequency. Its value correlates to the inverse of
the number of documents in which the term ¢ appears. This means that rarer terms
give higher contribution to the total score. Idf(t) appears for t in both the query and

the document, hence it is squared in the equation 4.5. Idf(t) is computed as follows:

Dl
HdeD:ted}+1

Idf(t) = 1+ In( ) (4.7)
e coord(q,d) is a score factor based on how many of the query terms are found in the
specified document. Typically, a document that contains more of the query’s terms

will receive a higher score than another document with fewer query terms.

e queryNorm(q) is a normalizing factor used to make scores between queries, and does

not affect the document ranking.

e t.getBoost() is the boost value of the term specified in the query. In our case, all

terms are equal, no term is boosted.

e norm(t,d) is a normalization factor for the document length, more precisely the field
length. It is in accordance with the number of tokens of the field which contains the

term t. In principle, shorter fields contribute more to the score.

We have not planned at this time to override this default scoring formula of Lucene. Nev-
ertheless, it remains to define the maximal number of retrieved contents k for a given query
q (k = the number of contents to save). This is not a trivial task given that k depends
on several factors such as the complexity of the expanded query (Cy), the user’s sharing
settings (S,), the total number of hits (H, ), and so forth. Thereby, we have identified

four different ways to define the value of k:

1. Get all of retrieved contents, so there is no need for specifying k, and k& = 0;
2. Fix the value of k, often as a small value for example k € {5,10,20};

3. Compute k at search time taking into consideration the aforementioned factors, k =
f(an Su, Hu,qa )a

4. Combine these methods taking into consideration the number of members in the

group, the value of Y  H,, where U’ is the set of members who have chosen the
uelU’
same selector. For example, if the group is private or small or there are too few

retrieved documents, then get all of them. If there are too many candidate contents,
then either limit & at a small number (e.g. 10) or dynamically compute k for each

user u.
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3. Collaborative Component -
@(ﬁ" Tags/Votes [—— Enhancement “
ol

Contents of Interest

FiGure 4.7: Collaborative component

At the moment, we have applied the second strategy, and fixed k at 10. We have furthermore
set up 4 searches at various times of the day which means for a query, there may be at
maximum 40 contents per day. This static way for valuing k is quite good to the current
scope of the system where there are mostly small groups. Later, when a group grows in
size and contains some very generic and/or popular queries, the number of its contents of
interest may increase considerably. Therefore, it would be interesting to explore further
other methods, in particular 3 and 4, and apply one of them to make the retrieval module

more selective.

4.3 Collaborative Component

The Collaborative component covers advanced features mostly concerning the open groups
where we can encourage and benefit from the collaborative contributions of all members
(see Figure 4.7). At this stage of the project, there is only one integrated module called
Enhancement that we will detail below. Other interesting modules to study will be dis-
cussed in the subsection Group-specific Knowledge Discovery of the chapter Perspectives
and Future Work.

4.3.1 Enhancement

The Searching component, in particular its content searching module, has currently been
implemented with the basic configuration of Lucene. The top-k of retrieved contents is
furthermore fixed at a relatively high value (i.e. 40 contents per day per group member).
All of this may cause a gap of the searching performance (e.g. false positives). The
Enhancement module is therefore very useful, as it makes it possible to improve the quality
of a group’s contents of interest using its members’ collaborative efforts. More specially,

the members are given several practical means of contribution as follows:

1. A member can enable the review option (see the subsection Group Settings of the

chapter Conceptual Design). So, each time the member visits the group, he/she is
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notified about the newly detected contents, if any, and should take appropriate actions
(i.e. validate or ignore each of these contents). This way, the member can remove
sensible information, and also spot the false-positive contents which were retrieved

by the retrieval module but are not really interesting.

2. Even if the member does not enable the review option, which means that all detected
contents are immediately shared with the group, he/she still can delete the contents

belonging to him/her whenever he/she wants to.

3. For each content of interest of the group, the member can vote it as “relevant” or

“irrelevant” to respectively promote or demote it. A content with more relevant votes
can be highlighted to draw more attention of the other members. In contrast, when
it receives a certain number of irrelevant votes (V'), it will be definitively removed

from the group.

4. In addition to voting, the member can tag a content with an additional topic if
he/she thinks it appropriate. If a content is associated with the same topic by a

certain number of members (7), it will be officially associated with the topic.

In the points 3 and 4, we have seen two undefined thresholds V' and 7. Both are not easy
to efficiently determine. They depend on many factors such as the size of the group, the
expertise of the member who votes or tags a content. We have for now set V and T to
some static values, practically at 2. These minimized thresholds are acceptable for small
groups with less than 10 members (2/10). Like k& (see the subsection Content Searching),

there is obviously room for improvement.

4.4 Summary

We have shown in this chapter a technical solution in accordance with the conceptual de-
sign presented in the previous chapter. This solution has a centralized modular architecture
including three main components. They are (i) aggregating, (2) searching and (3) collab-
orative components. Each of them contains several specified modules implemented with

different techniques as summarized in Table 4.2, and has various functions.

The aggregating component is quite straightforward. It constantly aggregates and stores
the users’ new social data from different SNSs using the provided APIs. Moreover, the social
data are enriched by the external resources to improve the performance of the subsequent

modules.

The searching component is the most important component of the system, since it is

responsible for extracting contents of interest. Taking into consideration the numerous,
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multi-language and mostly text-valued natures of the social data, we have implemented
this component using the open source Lucene platform, which is known to provide a robust
and scalable indexing and retrieval platform. Every piece of social data is indexed so that it
is searchable by specific queries which can be keywords or hashtags or concepts. Retrieved
social data for a given query are scored and ranked by the default practical scoring formula
of Lucene so that the top scored social data will be considered as contents of interest to be

shared within interested groups.

The third component is new to the conceptual design, but is in line with the group-based
sharing principles. It allows the users to perform and benefit from other more explicit
collaborative efforts beyond the abilities of automatically powering a group’s collective
social data sources and of collectively defining its topics of interest. Furthermore, certain
collaborative efforts such as those used by the enhancement module allow to fill the potential

gaps of the current searching performance.

It is worth stressing that our modular system architecture with the currently implemented
modules defines a baseline technical solution, thus being totally improvable and extensive.
As shown in Table 4.2, there is room for improvement in each module. It is also possible to
replace a module, or even an entire component, by another more efficient one or to integrate

useful additional modules without redesigning the whole architecture.
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TABLE 4.2: System module summary

Module Current Implementation Possible Improvement
Social Data || Based on the APIs provided by the | Integrate realtime update
Aggregation SNSs providers, features.

Use hand-craft mapping rules,

Auto-run periodically.
Social ~ Data || Use a relational database (i.e. MySQL) | Migrate or map to a RDF
Storing database
Social Data || Expand the text content with the addi- | Apply more sophisticated
Enrichment tional contents from the referred web- | NLP techniques.

pages
Indexing Index social data as documents with | Replace the standard

multiple fields using Lucene analyzer by language-

specific analyzers.

Selectors Contain three different types (i.e. key- | Improve the concept-

words, hashtags, concepts)

based selectors by taking

into consideration the

concept hierarchy as well.

Query Expan-

sion

Expand the query with its derived
forms (i.e. plural or singular) and/or
its synonyms using the dictionaries of

Pattern

Increase the number of

supported languages.

Content

Searching

Apply the Extended Boolean Model,
Use the native scoring function based
of TFIDF of Lucene,

Fix the value of k (top-k retrieved doc-

uments).

Compute k dynamically

Enhancement

Based on collaborative efforts (e.g.
manual removal, vote, tag),

Fix the value of the thresholds V' and
T

Compute V and T dy-

namically
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We have seen in the previous chapter a baseline centralized system architecture with a
number of specified improvable modules allowing to technically accomplish the conceptual
requirements of our proposed solution to the three addressed questions. Nevertheless, we
have not shown how it can actually be deployed. To this end, there are practically two

major approaches:

1. To develop it as an extension of an existing collaborative system which may belong

to an organization or an enterprise;

2. To develop it as an independent system.

In the first case, the development should be tailored to the specific needs of the organization
(e.g. specified social networks, additional internal policies, etc.). Also, it should be in
accordance with the already provided features of the original system. For example, if the

existing system does not support group-oriented features yet, we can develop the whole

79
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proposed solution as an extra social layer and make it interoperable with the remainder of

the system. Otherwise, we can reuse and extend certain existing components.

In the framework of our research work, we did not seek to deliver a final solution, but to
provide a prototype (i.e. proof of concept) which would be operational and accessible for
as many people as possible in order to test and evaluate and improve it incrementally. We
have thus opted for the second approach and especially developed a Web-based application.

This way, the end users are able to access the system from anywhere without restriction.

Our Web-based prototype accessible at!, is named SoCoSys standing for Social Collective
System, as it allows to aggregate and filter social data and supports collaboration as well.
In this chapter, we will first take an overall look at the layered architecture of SoCoSys,

then describe its required use cases and its dedicated user interfaces.

5.1 Application Architecture

We have designed SoCoSys using a layered architecture as illustrated in Figure 5.1, which
is basically composed of three layers: (1) User Interface, (2) Restful Web Service, and
(3) Backend Subsystem.

The User Interface (UI) provides the users with the suitable accesses to the offered features.
It is built based on the responsive web design approach [49], which is aimed at adapting the
presentation of the webpage with respect to the characteristics of the visiting device. The
webpage is therefore easy to read and to navigate across a wide range of devices including

computers, smartphones, and tablets.

The layer of Restful Web Service acts as an intermediary between the User Interface and
the different databases as well as the Backend Subsystem. It receives from User Interface
different HTTP-based queries (i.e. GET, PUT, POST, and DELETE), translates them into
internal requests, upon which the output is returned to the User Interface using the JSON?
format. This medium layer is useful for various reasons such as security, performance,

modifiability, and reliability.

The Backend Subsystem is exactly the modular system proposed in Chapter A Technical
Solution, thus containing the same modules. Certain modules of the Backend Subsystem
can be activated upon a user request, for example, the Aggregation module is executed
when the user connects one of his/her social accounts for the first time, while the other

modules are configured with an auto-run feature.

1SoCoSys: http://212.129.40.98/scs/#/
2JSON: JavaScript Object Notation
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FIGURE 5.1: SoCoSys Architecture

5.2 Use Cases

For building the target prototype, it is very helpful to begin by identifying and describing, at
a high level, the required interactions with the system that a user will have to perform using

the corresponding functionalities offered by the system to archive his/her goal/objective.

In the case of SoCoSys, the user’s main goal is to aggregate his/her social data from different
SNSs, to extract from these data the contents of interest, which can then be shared with
his/her respective groups. This global objective should be decomposed into a set of specified
functions easier for the user to understand and to perform. These functions furthermore

drive our incremental development of the target prototype, especially its user web interface.

To define such functions, we have relied on the use case diagrams, which were first intro-
duced by Jacobson and al. in [75]. For ease of reading the diagrams below, we recall the
three basic components of a use case diagram, namely actor, use case, and relationship
(see Figure 5.2). A use case represents a high level individual functionality of the system.
An actor is an external system that interacts with the system for which use case are being

created. An actor could be a human being, or any other interfacing system. There are four
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Symbol Reference Name

Actor

© Use case

<<extend>>

_______________ >

<<include>> Relationship

FIGURE 5.2: Symbols of use case diagrams

different types of relationships (see Figure 5.2): the solid line indicates the interaction be-
tween an actor and a use case; the “extend” dashed line is between two use cases when one
is an extension of the other under certain conditions; the “include” dashed line is between
two use cases when one use case involves and its outcome depends on the resolution of the
other; the solid line terminated by an arrow triangle indicates the relation of generation (or

specification) between two use cases, in which one use case is a particular case of the other.

As illustrated in Figure 5.3, our target system, SoCoSys, has, at the top level, five use cases,
which involve two major actors: users and social network APIs. A User can be either a
New User or a Registered User. A New User must register with a unique email before
being able to utilize the system. A Registered User can perform the general functionalities
like Manage Social Accounts, View Aggregated Social Data, Manage Groups, and Visit A
Group.

The Manage Social Accounts use case is used by the user to manage his/her different
social accounts. For the moment, SoCoSys supports three SNSs, namely Facebook, Twit-
ter, and LinkedIn. They are the undisputed leaders in their respective domains, which
are general-purpose social networking services, social microblogging services and business-
oriented social networking services. The Manage Social Accounts use case is, as shown
in Figure 5.4, extended by three optional use cases Connect Social Accounts, Disconnect
Social Accounts, and Reconnect Social Accounts. They allow the user to connect/discon-
nect/reconnect respectively one or several of his/her social accounts. To these ends, the
three use cases furthermore have to interact with the APIs provided by the SNS providers.

Additionally, like other top-level use cases, the Manage Social Accounts use case includes
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F1GURE 5.3: Top level use cases

a required step, User Authentication, which makes sure that all actions are performed by

the right person.

The View Aggregated Social Data use case allows the user to view the social data aggregated
from his/her connected social account(s). The social data can moreover be arranged into

different views to ease the browsing task.

The Manage Groups use case is aimed at managing the private and open groups to which
the user belongs. This use case is extended by three additional use cases Create A Group,
Search Groups, and Suggested Groups (see Figure 5.5). The Create A Group use case,
throughout its two specialized use cases Create A Private Group and Create An Open
Group, allows to create a new private or open group of interest. The Search Groups use
case allows the user to search for open groups using keywords, while the Suggested Groups
use case suggests the user new open groups. Especially, during the execution of the Search
Groups and Suggested Groups use cases, the user can decide to join a particular group using

the Join A Group use case.

The Visit A Group use case is the most important one, and should be the most frequently
used by the users. It is at least extended by three use cases which are FEdit Sharing Settings,
Edit Topics/Selectors, and View Contents of Interest (see Figure 5.6). The Edit Sharing
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Settings use case allows the user to adapt his/her sharing settings with respect to the group
in question. The Edit Topics/Selectors use case, extended by the specific functionalities
such as Add A Topic, Follow/Unfollow A Topic, Add A Selector, Follow/Unfollow A Selec-
tor, allows the user to add a topic, to follow or unfollow a topic, to add a selector, and to

follow or unfollow a selector respectively.

The View Contents of Interest use case makes it possible for the user to access to the
group’s contents of interest originated from its collective social data sources. All contents
of interest are displayed together within a chronologically ordered stream. Nevertheless,

the user can filter this stream by topics using the Filter By Topic use case. The user can
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FIGURE 5.6: Visit a group use cases

also vote a content as irrelevant or relevant, delete an unsuitable content, and tag a content
with an additional topic by using the three use cases Vote A Content, Delete A Content,
Tag A Content respectively. Importantly, the Visit A Group use case, in addition to the
User Authentication step, requires furthermore a Group Access step for ensuring that the

user is one of the group’s members.

5.3 User Interface

Taking into consideration the aforementioned use cases, we have created the corresponding
user interface with a number of dedicated pages. We have moreover added several extra
interface components for giving the user some additional useful features. We will go through

all of them in this section.

5.3.1 Navigation Bar

The interface of SoCoSys is for now quite simple to facilitate the user’s tasks. Its navigation

bar is only composed of three main menus, namely Home, Groups, Settings and a Help
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SoCoSys Home Groups Settings @ i truongciS@gmail.com -~
FIGURE 5.7: SoCoSys menu

SoCoSys Home Groups Settings @ @ truongci5@gmail.com ~

Settings

Here, you can manage your account and connect, reconnect or disconnect your social profiles as well.

Social Networks =~ Account Settings

Facebook Disconnect Facebook

Linkedin Connection Error: Please reauthorize !

FI1GURE 5.8: SoCoSys settings page

feature as shown in Figure 5.7.

Clicking on the Home menu leads the user to the page dedicated to the visualization of
his/her aggregated social data. Clicking on the Groups menu sends the user to the page
used for managing his/her groups. Clicking on the Settings menu leads to the page for
managing the user’s social accounts. The Help feature, represented by the question mark

icon (@), is aimed at giving the user some primary helps (e.g. instructions, FAQs).

5.3.2 Manage Social Accounts

Within the Settings page, a user is able to connect / to disconnect / to reconnect one of
his three social accounts on Facebook, LinkedIn, and Twitter respectively. Let’s take the
example illustrated in Figure 5.8. The user in question has connected his Facebook and

LinkedIn accounts, but not his Twitter account.

To connect a social account, for example a Twitter account, the user only needs to click on
the associated Connect button. The authentication and authorization process follows the
protocols imposed by the social network providers (e.g. OAuth 1.0, OAuth 2.0). Basically,
it leads the user through two main steps. First, the user is sent to the SNS where the
user is asked to sign into, if not yet the case, and asked to confirm that he/she wants to

continue to use SoCoSys and to grant it an access to his/her social data. Then, if the user
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denies the request, he/she will simply be redirected back to SoCoSys without any effect. In
the opposite case, the user will be registered by the SNS as a user of SoCoSys. An access
token? will also be generated and sent to SoCoSys to memorize. The user is afterwards

redirected back to SoCoSys with a successful message.

The access token provided by the corresponding SNS is not endless, but has a validation
time (e.g. two months). After this time, the access token is no longer valid and usable for
making API calls. As a result, SoCoSys cannot continue to aggregate the user’s social data
from the SNS. In our example, it is the case for the user’s LinkedIn access token. To make
the access token valid again, the user needs to click on the associated Reauthorize button.
The reauthorization process is simpler than the authorization process, as both the user and
the application have been already registered by the SNS. In general, the user is sent to the
SNS and immediately redirected back to SoCoSys without any manual intervention. The
access token is indeed not changed but refreshed which means its validation time will be

extended.

Finally, to stop the aggregation of social data from a previously connected social account,
the user needs to click on the associated Disconnect link, for example Disconnect Facebook.
Nevertheless, it does not immediately revoke (i.e. de-register) the registered access to the
user’s social data on the corresponding SNS. In case the user wants to reconnect the social
account, the aggregation is activated again without the authentication and authorization
process. Otherwise, the access will automatically be suspended by the corresponding SNS

after the validation time.

5.3.3 View Aggregated Social Data

Once the user has connected at least one of its social accounts, SoCoSys starts to aggregate
his/her social data from the connected social account(s). The user can therefore view the
aggregated social data within the Home page (see Figure 5.9). For ease of reading, the
social data are arranged into five different views such as Profile, Friends, Posts, Following
Posts, and Interests (see the component 1 in Figure 5.9). The Profile view shows the
profile information (e.g photo, email, first name, last name, description, location). The
four other views correspond to the four types of social data (i.e. Friends, Posts, Following
Posts, and Interests), in which items are displayed in a reverse chronological order with
their timestamps and their origins (i.e. the original owner and the original social network).

For example, the figure 5.9 shows the Following Posts view.

3An access token is an opaque string that identifies a user, an application and can be used by the
application to make API calls
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FIGURE 5.9: SoCoSys home page : (1) Different views

It is important to note that these five views are updated whenever the new social data are
aggregated, and that they are exclusive to the user which means that no one else is able to

see them.

5.3.4 Manage Groups

While utilizing SoCoSys, it is essential to create or to join groups in order to get and
organize the contents of interest. For this task, the user needs to go to the Groups page
(see Figure 5.10). Before creating his/her own groups, the user may begin by searching for
open groups using the keyword-based search feature (see the component 2 in Figure 5.10)
or by selecting one from the suggested list (see the component 4 in Figure 5.10). The search
feature matches the entered keyword with the title and the description and the topics of
the groups to find out the matching ones. The suggestion feature at this stage proposes
randomly three open groups that the user does not yet belong to. Both features show to
the user a group with its descriptive information including its name, its description, its
number of members, its topics of interest, for example the Football group shown in Figure
5.11. Such information is helpful for the user to decide whether or not to join the group.

To join a group, the user just needs to click on the join button.
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FIGURE 5.10: The groups page : (1) Groups that the user belong to , (2) Keyword-based
group search feature, (3) Group creation feature, (4) Group recommendation feature
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FIGURE 5.11: The group descriptive information

If the user does not find out any interesting group, he/she can create a new group by
clicking on the Create your new group link (see the component 3 in Figure 5.10). The user
will then be asked to provide a name and a short description, most importantly, to choose

to make the group as private or open.

The Groups page also displays the list of private or open groups that the user belongs to
(see the component 1 in Figure 5.10). This list is a kind of dashboard, as it gives the user
an overview of the latest news and a single access point to each group. Actually, each group
is associated with a number of notifications including the number of new members (),

the number of contents to review (L), the number of newly detected contents of interest
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FIGURE 5.12: The group’s notifications
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FIGURE 5.13: The group’s dedicated page: (1) the group’s descriptive information, (2) its
different sections

(=), and the new topics/selectors (W) since the last 48 hours, respectively illustrated in
Figure 5.12. These notifications are good indicators for the user to decide which groups to

visit first.

5.3.5 Visit A Group

Being already a member of a given group, the user can visit the space devoted to the group
and participate to its management. There is no big difference in terms of interface between
a private group and an open group. Both have the same number of interface components
as shown in Figure 5.13. The user can visualize the descriptive information about the
group such as its name, its visibility (open - @ vs. private - @), its description (see the

component 1 in Figure 5.13).

Also, the user can navigate between the group’s various sections accessible under the head-
ings Shared contents, Topics, Members, Insights and Settings (see the component 2 in
Figure 5.13). Especially, the three first headings are possibly shown with some notifica-
tions to draw the user’s attention. For example in Figure 5.13, it shows that there is one

or several new topics or selectors (IE) and that there is a new member (€D).

5.3.5.1 Edit Sharing Settings

The first thing that the user should do after joining a new group, is to edit the default
sharing settings. For that purpose, the user can use the Edit sharing preferences menu

under the heading Settings. The user can modify the authorized accounts, the authorized
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FIGURE 5.14: The form for editing the sharing settings

types of social data and enable/disable the review option as illustrated in 5.14. The post-
type social data is activated by default, and cannot be deactivated. The user has to select at
least one of the social accounts. Otherwise, the user will be prompted by an error message

recalling the rule.

Also, under the heading Settings, the user can choose to leave the group if it no longer
fits the user’s needs. The user is furthermore able to either open or close the group. The
former case is possible if it is a private group. The latter case is possible if, and only if, it

is an open group and the user is its unique member.

5.3.5.2 [Edit Topics/Selectors

The next thing to do is to add new topics and/or select interesting topics among those
suggested by other members in the case of an open group. For that purpose, the user
needs to select the Topics section, where there are two lists of topics: those that the user
has followed, and those that the user has not followed (see Figure 5.15). It is possible to
unfollow any topic within the first list, and to follow any topic within the second list at any

time.

To create a new topic, the user has to click on the Add another topic link (see the component
2 in Figure 5.15). The creation form will ask the user for providing the topic name and for

initializing a first selector.

As mentioned above, accepting a topic implies the default acceptance of all of its current
selectors. To edit that, the user first needs to click on the topic in question, and then
to unfollow the undesired selectors (Figure 5.16). When deciding either to follow or to
unfollow a given selector, the user may check the information about the selector such as

its creator and its recent followers displayed right by the selector (see the component 2 in
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FIGURE 5.15: The group’s topics: (1) the user’s following topics, (2) topic creation feature,
(3) other topics that the user has not followed

Figure 5.16). To add an additional selector to the topic, the user has to click on the Suggest

another selector link (see the component 1 in Figure 5.16).

In case the user is the unique follower of a given selector (see the component 3 in Figure
5.16), he/she is also able to delete or to edit the selector (i.e. change the type and/or the

value of the selector) without impacting on other members.

5.3.5.3 View Contents of Interest

The contents of interest matching the user’s following selectors are shown within the Shared
Content section (see Figure 5.17). They are displayed in a reverse chronological order. To
filter the contents associated with a given topic, the user can select the topic from the list

of topics shown next to the content stream (see the component 2 in Figure 5.17).

Each content of interest is shown with its containing information, often including a clickable
title, an image and a short text extracted from the original web resource (see the component
1 in Figure 5.18), as well as its meta-data such as its origin, its publishing date, and its
matching selector(s) (see the component 2 in Figure 5.18). All these elements are expected

to offer the user a good overview of the contents.
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FIGURE 5.17: The group’s shared contents : (1) contents of interest, (2) the user’s following
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FIGURE 5.18: The content of interest: (1) containing information, (2) its characteristics,
(3) collective features

Note that there is a small difference between a private group and an open group while
showing the origin of a content. In the case of a private group, the original creator (i.e.
the member or one of his/her social friends) of the content is shown and preceded by the
expression “shared by”. In the case of an open group, the content is not shown with the
original creator, but indicated as being “shared via” the member, who owns it. There are
two important reasons for this variance. The first reason is that the member may not choose
to share with other members of the group the information about his/her social friends. The
second reason is that a content being selected and shared within an open group, is under
the responsibility of the member, not its original creator. It is not necessary to unveil, even

important to protect the identity of its creator.

The content of interest is furthermore associated with the three permanent collective fea-
tures including relevant (i), irrelevant (1), and add topics (Yp) buttons (see the com-
ponent 3 in Figure 5.18), and eventually a delete button ([[]) in case the user is the owner
of the content. These four features allow the user to promote or demote the content, to
assign additional topics to it, and to remove it, respectively. The numbers right next to the
relevant and irrelevant buttons will give the user an additional indicator to decide whether

or not visit the original web resource for more information.

In case the user has enabled the review option, SoCoSys will keep the contents extracted
from his/her social data and matching his/her following selectors for manual approval. This
way, when visiting a group, the user will be prompted to review these contents, if any. The
user can for each content accept or delete it (see Figure 5.19). As such, the content will be

shared with the group or definitively removed.

On the other hand, it is possible that a big number of contents of interest have been detected
during the time between the user’s two successive sessions (e.g. a week or longer). The user
may then feel frustrated by spending a lot of time to review these contents before being

able to view the group’s shared contents of interest. To reduce the user’s review time, we
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FIGURE 5.19: A content to review

chose to remove the waiting (suspended) contents dated more than 4 days. Such choice is
based on two assumptions: first, these contents may become outdated already, thus less
interesting; second, even if they are validated and shared with the group, given their old
created date, they are probably swamped by other more recent contents, thus receiving less

attention from the other members.

5.3.5.4 View Members

In addition to the interface components derived from the predefined use cases, we have also
included several additional features, one of which is viewing members accessible under the
heading Members. This feature allows the user to access to the entire list of members of
a given group. For each member, it shows the topics of interest that he/she has chosen,
associated with the number of matching contents extracted from his/her social data for the
last two weeks (see Figure 5.20). Thereby, we can have a rough idea about the degree of
involvement and participation of each member. We can, for example, know who are the

active contributors, who are the passive consumers.

5.3.5.5 Get Insights

The second additional feature is accessible under the heading Insights. It is aimed at giving
the group some significant insights of its sharing activities. At the moment, we have simply

applied some basic statistics and displayed them as graphics.

The user can visualize three different charts. The first chart called topic evolution shows
the evolution in volume (i.e. quantity) of every topic of the group over the last 30 days (see
Figure 5.21). The second chart called topic repartition shows the repartition in percentage
of each topic of the group (see Figure 5.22). The third chart is a table showing the top
three trending topics and their best contributors (see Figure 5.23).
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FIGURE 5.20: The group’s members: (1) current members, (2) invitation feature, (3)
member’s recent contribution counting

Using these three graphical elements, we can estimate which topics are the main interests
of a group, and which members are the experts of such topics. Let’s consider the example
shown in Figures 5.21, 5.22, and 5.23, we can say that the group in question potentially has

good expertise, competency and resources in the areas of Big Data and of Social Network.

5.4 Summary

We have shown, in this chapter, a first prototype, called SoCoSys, of our proposed solution
to the three addressed questions. It has been deployed as a Web-based application with
responsive interfaces so that the users can access and utilize it anywhere and on different
devices. Despite its simplicity due to the objective of facilitating the user’s tasks, the user
Web interface of SoCoSys derived from the predefined use cases, have fully complied with

the conceptual requirements.

Actually, this user Web interface adopts a simple style of web navigation which is the
navigation bar. The three main menus shown in the navigation bar, namely Home, Groups
and Settings give access to three different pages allowing the user to view his/her aggregated
social data arranged into five various views (i.e. profile, friends, posts, following posts,
and interests), to mange his/her social accounts (i.e. Facebook, Twitter, and LinkedIn
accounts), and to manage his/her different groups, respectively. The Groups page moreover
provides the user with a single access point and the notifications of the latest activities of

each of his/her groups. The page dedicated to a given group is also organized with the
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Topic evolution

This line chart shows the evolution in volume of every topic of the group over the last 30 days.
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FIGURE 5.21: The topic evolution chart

Topic repartition

This pie chart shows the repartition in percentage of each topic of the group.
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FIGURE 5.22: The topic repartition chart
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same navigation bar principle. The member can edit his/her sharing settings, add and/or
follow /unfollow the different topics and their associated selectors, and view and react to
the group’s shared contents of interest from the different sections, namely Settings, Topics,

and Shared contents.

In addition, we have also added two new group-specific features which are viewing members
and getting insights. Although, both features are not directly linked to the sharing purpose,
they are useful for the group. They provide the group with primary means for accessing to
the advanced knowledge on its internal collaboration such as its evolving centers of interest,

and the individual expertises of its members.

For the next chapter, we will present an experimental evaluation of our prototype by means

of two small tests with two different sets of users.
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To evaluate our proposed approach and the developed system, we have carried out two
small tests with two different groups of users. Although, both tests were realized using the
same web-based prototype SoCoSys, they have different purposes. In this chapter, we will

detail these two tests, their settings as well as their results. Then, we will discuss about

some interesting suggestions derived from the two tests, and also their limitations.

99
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6.1 First Test

6.1.1 Settings

The first test has a twofold purpose: to serve as a functional test to detect and fix pos-
sible errors, bugs, ambiguous points; and to provide real data, based on which we can

quantitatively analyse the use of popular social networks and their wealth of information.

The test group consisted of ten volunteered participants (n = 10). Most of them are
international PhD students at the University of Technology of Compiegne. They were
selected as they are regular users of social network sites. We introduced the dedicated
interfaces and the main operation of SoCoSys to each of them. We furthermore assisted

them during the test for understanding and performing various features.

6.1.2 Statistical Analysis

During one month of testing, from June 1st to 30th 2014, we could identify several issues
that we fixed as early as possible. After the testing period, we obtained a set of real data,
based on which we made a number of representative statistics.

In Table 6.1, we present some important figures related to the connected social accounts.

TABLE 6.1: Statistics on social accounts

Indicator Total
Number of connected social accounts 19 (A2 per person)
Number of Facebook accounts 10

Number of Twitter accounts

Number of LinkedIn accounts

Number of participants with 3 connected accounts

Number of participants with 2 connected accounts

DN O

Number of participants with 1 connected account

We had 19 connected social accounts for 10 participants, almost 2 per person. Especially, all
participants granted SoCoSys an access to their Facebook accounts. It may be understand-
able that they all consider Facebook as an important and principal source of information
and contents of interest. Six out of ten participants were also connected with one an-
other profile, Twitter or LinkedIn or both, which shows their interests of aggregating their

different social networks.

Table 6.2 shows the averaged numbers about the participants’ social data (i.e. friends, posts,
and following posts) aggregated for one month from the three social networks Facebook,

Twitter and LinkedIn. The numbers related to Facebook confirm again its importance
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both for networking and communicating. On average, a participant had 300 friends on
Facebook and received nearly 100 pieces of following posts per day. The participants had
less friends on Twitter than on Facebook but tended to receive more contents from their
following friends. This can be explained by the fact that Twitter plays an increasing role in
publishing and sharing information and contents. The participants had very little activity
(i.e. posting and receiving) on LinkedIn while having a significant number of connections,

probably due to the business oriented characteristics of LinkedIn.

TABLE 6.2: Statistics on social data

Indicator Average (per person)
Number of Facebook Friends 300

Number of Twitter Friends 120

Number of LinkedIn Friends 140

Number of Facebook Posts 3

Number of Twitter Posts 16

Number of LinkedIn Posts 1

Number of Facebook Following Posts | 3000 (100 per day)
Number of Twitter Following Posts | 3450 (115 per day)
Number of LinkedIn Following Posts | 50 (2 per day)

An average participant received nearly 100 posts from his/her Facebook friends and 115
posts from his/her Twitter friends per day. Such quite big numbers normally require
the participant to spend considerable time and effort to manually select the interesting
contents. Some participants could therefore be overwhelmed, thus ignoring lot of incoming

information.

On the other hand, we found with surprise that about 90% of following posts contained at
least one URL. Such a very high percentage confirms that the social networks like Facebook

or Twitter represent a powerful source of information which needs to be efficiently exploited.

TABLE 6.3: Statistics on groups

Indicator Value
Number of groups 10

Number of private groups
Number of open groups
Number of participants joined at least one open group

| ool | o

Average number of members of an open group

The participants created 10 groups in total, 6 private groups and 4 open groups (Table
6.3). Eight out of ten participants joined at least one open group. Most of them did not
edit their respective sharing settings and also disabled the review option, which could be

explained by the fact that they already knew and trusted each other.
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On average, an open group had 4 members (i.e. 40% of the participants). The two most
“successful” groups were the groups of Football and Politics which gathered 6 and 4 mem-
bers, respectively. This is totally understandable given the very broad and common centers

of interest of the two groups.

TABLE 6.4: Statistics on topics

Indicator Value
Number of topics 25
Average number of topics per group 2.5
Average number of topics per private group 2
Average number of topics per open group 3.5
Number of selectors 64
Average number of selectors per topic 2.5
Average number of selectors per topic in private groups | 1.5
Average number of selectors per topic in open groups 3.5
Number of keyword-based selectors 48
Number of hashtag-based selectors 15
Number of concept-based selectors 1

Table 6.4 shows some numbers on the topics of interest of the participants. The participants,
in total, created 25 topics (i.e. 2.5 per group), and created 64 selectors (i.e. 2.5 per topic).

These numbers quantitatively shows the participants’ wide range of interests.

With no surprise, there were more topics in open groups (i.e. 3.5 topics/group) than in
private groups (i.e. 2 topics/group). The topics of open groups were also associated with
more selectors than those of private groups. This shows the collective efforts within the

open groups.

In addition to the aforementioned statistical analysis, we also took a deeper analysis on the
scope of the added topics and the behaviours of the participants when creating topics and
selectors. We found that the topics of interest varied a lot from general areas like Football,
Politics to specialized areas like Social Media and Social Responsibility. More specially, in
the open groups, the participants mainly created topics following some major real events,
for example, “the FIFA world cup” or “the Brazilian general election” while in the private

groups, they preferred more static topics, for example “Photography” or “Guitar”.

Regarding the selectors, the participants mostly used keyword-based selectors and hashtag-
based selectors. This is probably because they are already familiar with these techniques.
Especially, the participants did not accept systematically every selector but selected well

those corresponding to their interests.

We also observed that there were two strategics when suggesting selectors: adding multi-
language or synonymous terms, or adding specialized terms. For example, in the case of

“the FIFA world cup”, while some added three keywords “world cup”, “coupe du monde”
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and “copa do mundo” to be able to follow the event in different languages, others added

“England football team” to keep track of the specific element of the event.

Finally, we counted the number of contents of interest that each group received during
the testing period. We saw that all groups, no matter what their centers of interests are,
received a number of contents of interest extracted from their collective sources of social
data. The number varied from 34 to more than 300 pieces of contents according to the
topics of interest. This approves again that social network sites like Facebook or Twitter
represent an important and multi-domain wealth of information that needs to be efficiently

exploited.

During the test, with the help of the participants, we detected a number of divers bugs
and errors related to the different components of the application (e.g. user interface, web
services, back-end system). These reported issues were solved as soon as possible to reduce
the impact on the participants’ user experience. At the end of the test, no major issues

were reported, and SoCoSys was completely operational.

6.2 Second Test

6.2.1 Settings

The second test was carried out in order to supplement the findings obtained from the
first test about the use of popular social networks. It furthermore aimed at evaluating the

proposed system (SoCoSys) in terms of wtility, functionality and usability.

To avoid bias, we decided not to solicit the same participants of the first test again, but
to invite new users. We therefore chose a group of third-year engineering apprentices' at
the University of Technology of Compiegne. Unlike regular students, they also follow a
part-time professional training in companies, thus having probably a more practical and

functional point of view. Such a characteristic is very interesting for our test.

We invited 13 engineering apprentices, aged between 22 and 26, to a presentation of SoCoSys
followed by a detailed demonstration. Two of them claimed not to have any account
on Facebook, Twitter, or LinkedIn, thus could not test the system. Out of the 11 sent
invitations, 7 (64%) students started to test SoCoSys (the same version of SoCoSys at the
end of the first test). After 3 weeks of use, from November 20th to December 11th 2014,
we sent questionnaires to these 7 students for obtaining their feedbacks that we will detail

in the next subsection.

Lin French “apprentis ingénieurs”



104 Chapter 6. Ezperimental Evaluation

6.2.2 Questionnaires

The complete version of our questionnaires is in French and available in Appendix French
Questionnaires. They are composed of two main parts: (1) the use of social networks, and

(2) the use of SoCoSys.

6.2.2.1 Use of Social Networks

The first part contains six questions as shown in Table 6.5. For the first question, all the
participants answered that they used all of the three social networks, namely Facebook,

Twitter, and LinkedIn. This proves again the popularity of these three social networks.

TABLE 6.5: Questions on the user of social networks

Do you have at least one profile on the following social networks ?

Q1 Facebook 7 100%
Twitter 7 100%
LinkedIn 7 100%
If you use multiple social networks, what is your habit 7

Q2 You try to visit all as frequently as possible 0 0%
You mainly use a given social network and visit occasionally others 7 100%
What is your current frequency of using social networks ?

Q3 Many times a day 3 43%
At least one time a day 3 43%
Several times a week 1 14%
From time to time 0 0%
Do you share information and contents of interest on your social networks ?

04 Not'at all 0 0%
A bit 6 86%
Much 1 14%
Do you think that your social networks bring you a lot of interesting information 7

Q5 Not at all 1 14%
A bit 5 1%
Much 1 14%
Do you think that there is an information overload on your social networks 7
Yes 5 71%

Q6 No 2 29%

For the second question, the participants, once again, gave the same answer which states
that they mainly use a given social network and visit occasionally others. This may be
explained by the fact that using simultaneously different social networks is not really con-
venient and requires much more time. This also means that the participants obtain many
interesting information from their principal social network, but probably ignore other in-

teresting information published on other social networks.
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For the third question, we had 3 responses for many times a day, 3 responses for once a
day, and 1 response for several times a week. So, more than half of the participants do not
want or can not spend so much time on social networks. As a result, between their two

consecutive visits, certain interesting information is probably ignored.

For simplicity, the questions 4 and 5 were only given with three possible choices, not at
all, a bit, and much. All the participants have shared information and contents of interest
on their social networks (e.g. 6 a bit and 1 much). Most of them (6/7) agreed that they
could get interesting information from their social networks (e.g 5 a bit, 1 much). Based
on these numbers, we can see that the users started to consider their social networks as an

important source of information and contents of interest.

Note that we stated these two questions in a general sense, and did not deepen the two
questions further regarding the types of contents published on social network sites. The
participants were furthermore asked to answer the two questions based on their personal
and overall impression and satisfaction. Otherwise, given the multifaceted nature of the
published contents and the users’ different interests and personal satisfaction degrees, a
complete study is first necessary to exclusively and objectively categorize the published

contents.

For the last question of the first part, the majority of the participants (i.e. 5/7) believed

that there is an information overload on their social network.

To sum up, the responses of the participants to this first part of questionnaires totally com-
ply with our initial assumptions on social networks, their potential sources of information

and their problems of multiple walled networks and information overload.

6.2.2.2 Use of SoCoSys

The second part of questionnaires includes in total 14 questions as shown in Tables 6.6, 6.7.

For the first two questions, the participants had three possibilities, yes, or may be, or no.
No one answered negatively to these two questions. Nevertheless, they chose yes and may
be answers in a quite equal manner, for instance, it was 3-4 for the first question and 4-3 for
the second question. The first tight score can be explained by two facts. The first fact is
that the participants are used to visiting, and obtaining the information from one principal
social network while ignoring others. The second fact is that they may be worried about
the privacy and the security of their whole social data stored within a single place. The
second tight score may be linked to the time constraint. The participants may need more

time to use SoCoSys, especially to collaborate within some open and interesting groups.
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TABLE 6.6: Questions on the use of SoCoSys (I)

Would you find useful to aggregate your social networks, to extract the inter-
Q1 esting information and to make it accessible at a single location 7

Yes 3 43%

No 0 0%

May be 4 5%

Would you find interesting to share information extracted from your social
Q2 networks with your groups of interest 7

Yes 4 5%

No 0 0%

May be 3 43%

Do you think that SoCoSys offers both the aforementioned features 7

Yes 6 86%
Q3 No 0 0%

May be 1 14%

Is it generally easy to use the Web interfaces of SoCoSys ?

Yes 6 86%
Q4 No 1 14%

Is it generally simple to understand how SoCoSys works ?

Yes 7 100%
RE No 0 0%

Do you agree with the organization by groups (private versus open) 7

Yes 7 100%
Q6 No 0 0%

Do you think that the current filtering mechanism is good 7
Q7 Yes 6 86%

No (more automation) 1 14%

Most of the participants (6/7) totally agreed that SoCoSys offered the two possibilities
for extracting contents of interest from their social networks, and for sharing them within
groups of interest. The last one did not say the opposite, and thought that it may be the

case.

If the three first questions recall the participants the utilities of SoCoSys, the two questions
4 and 5 are about its usability. All the participants thought that it was generally easy to
use the Web interfaces of SoCoSys and most of them (6/7) thought that it was generally

simple to understand how SoCoSys works.

The six following questions are aimed at asking the participants for personal opinions on
certain conceptual points and technical choices of SoCoSys. They totally agreed with the
organization by groups (private versus open), the ability to limit what can be shared in
an open group, the collective definition of topics of interest within an open group, and the

ability to personalize the topics of interest in an open group.

Six participants thought that the current filtering mechanism, in which the user manually

adds his/her topics of interest as input and the system completes the rest, is relevant. Only
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TABLE 6.7: Questions on the use of SoCoSys (II)

Do you agree with the ability to limit what can be shared in an open group 7

Q8 Yes 7 100%
No (every one should open every thing) 0 0%
Do you agree with the collective definition of topics of interest within an open
group ?

Q9 Yes 7 100%
No (only qualified members) 0 0%
Do you agree with the ability to personalize the topics of interest in an open
group ?

Q10 Yes 7 100%
No 0 0%
In your opinion, the three current filtering methods (i.e. keyword, hashtag,

Q11 and concept) are enough ?
Yes 6 86%
No 1 14%
In your opinion, should SoCoSys be rather for personal use or collective use
or both ?

Q12 Personal use 1 14%
Collective use 2 29%
Both 4 5%
Do you think that SoCoSys can also be deployed in organizations/companies

Q13 as a collaborative working tool ?
Yes 6 86%
No 1 14%
Finally, do you want to continue using SoCoSys after the test 7 If not, why ?
Yes 2 29%

Ql4 No 2 29%
May be 3 43%

one said that it should be automated completely. Likewise, 6 participants though that the
three current filtering methods (i.e. keyword, hashtag, and concept) were enough. Only

one said that additional methods should be included.

The questions 12 and 13 deal with the scope of the use of SoCoSys. More than half of the
participants (4/7) believed that SoCoSys could be used for both personal and collective
purpose. Moreover, most of them (6/7) thought that SoCoSys could be also be deployed
in organizations/companies as a collaborative working tool, for example for a collaborative

technological watch.

For the last question, we obtained from the participants 5 responses for yes and may be
that they keep using SoCoSys after the test. There were two negative answers but with
interesting explications. The first one said that SoCoSys till needs to be ergonomically
improved. The second one argued that his/her social networks are too small to really see

the benefits of SoCoSys.
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In short, the general opinions of the participants toward SoCoSys are very positive. The
participants mostly agreed with the utilities of SoCoSys, its conceptual and technical points,

and its dedicated interfaces.

6.3 Suggestions

Throughout the two tests, we have also received from the participants a number of inter-
esting suggestions which focus on various aspects. These suggestions have led to certain
additional functionalities worth further consideration. Here, we will take a look at some of

them.

6.3.1 Protected Groups

The choice between the two current types of group (i.e. private and open) seem to be limited
in some cases. Some users may need to create a group, in which they can collaborate while
restricting its access to unexpected people. Both private and open groups do not meet
such requirement. A third type of group, protected groups, should be considered. Like open
groups, protected groups are not hidden, but visible for other users. However, to join a
protected group, a user would have either to receive an invitation from one of its current
members, or to submit a membership request which should be approved by one or several

members of the group.

6.3.2 Group Recommendation

At present, the current group suggestion feature randomly shows a small number of open
groups, of which the user is not yet a member. In the opinion of some participants, when
the number of open groups grows, this feature should be more personalized. It should
recommend open groups, even protected groups suitable for the user. For that purpose, it
could rely on the topics of interest of the user added in his/her different groups and the

topics of interest of the group.

6.3.3 Duplicated Information

During the two tests, we have repeatedly observed that many retrieved contents, especially
in open groups, are redundant. These contents are extracted from the social data of dif-
ferent members who are shared by different sources, but refer to the same information.

Even though, it means that the information is important, the users are probably bored
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by repetitively viewing similar contents. Thus, we should investigate means to highlight
the important information while hiding the duplicated contents. In the short term, we can
include a new collaborative feature, which is a hide button associated to each content of
interest right to the relevant, irrelevant, add topics buttons. Any member of the group can

use this feature to report a repeated content, thus hiding it.

6.3.4 Reporting A Source

In addition to the duplicated information issue, we have also discovered another less frequent
issue but worthy of consideration. By manually inspecting a given sample of voted irrelevant
contents, we found that a big number of false positives (contents retrieved by the retrieval
module which are not really interesting) were published by several specific sources (social
network users that the members befriend or follow). If such sources can be detected and
discarded over time, the number of irrelevant contents may be considerably reduced. For
that, a possible solution is to include another new collaborative feature, which is a source
reporting button. Using this button, the members can report a source as a bad source. A
source should be definitively discarded from the group’s collective social data sources after

a certain number of reports.

6.3.5 Sharing Back

When visiting a group, in particular an open group, a user may find already viewed contents,
but most importantly, discover new contents. The user may find a given content particularly
interesting and feel the need to share it with, for example, his Facebook friends without
having to visit Facebook. This is not possible with the current version of SoCoSys, but is
not hard to implement. The only thing to take into consideration is to prevent the contents,

which have previously been shared, from being selected once again by SoCoSys.

6.3.6 Notifications

The users are busy, and thus cannot regularly visit SoCoSys. To help the users to stay
current with interesting information, it could be convenient to include an email notification
feature. With a personalized frequency, it notifies the users of the new activities (e.g the
newly detected contents, the newly added topics, etc.), if any. Moreover, when the user
visits SoCoSys, the notifications should be more explicitly and actively pushed to the user
to draw his/her attention to certain groups and/or certain contents of interest, obviously

with personalized settings possibilities.
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6.4 Limitations

These two small tests allowed us to evaluate our proposed approach and the developed
system on many aspects, and provided encouraging results. Nevertheless, they have some
limitations. Actually, we have not been able to properly evaluate the two important criteria,

effectiveness and scalability.

6.4.1 Effectiveness

In our case, evaluating the effectiveness of the system mainly means evaluating the perfor-
mance of the filtering process, which has been, as mentioned above, implemented using the
Information Retrieval techniques. Many different measures for evaluating the performance
of information retrieval systems have been proposed. Precision and Recall are the two most
common and important measures [122]. Precision is the fraction of the retrieved documents
relevant to the user’s information need (see Equation 6.1), whereas Recall is the fraction of

the documents relevant to the query that are successfully retrieved (see Equation 6.2).

[{relevant documents} N {retrieved documents}|

(6.1)

preasion = [{retrieved documents}|

|{relevant documents} N {retrieved documents}|

recall = (6.2)

|{relevant documents}|
Both measures require the knowledge of all stored documents to compute the number of
relevant documents. It is not trivial when it comes to investigating the social data, which
are constantly appearing in large numbers. Even if we are able to do that, we should first
obtain the permissions of the users for reading their entire social data, some of which may
contain sensible information. Moreover, the notion “relevant” is dynamic, and depends
on the person in question and his/her current context. A piece of content may be found
relevant by one but irrelevant by another according to their respective need and expertise

degrees.

Therefore, in our case, it would be more interesting to measure the personalized relevancy
of contents of interest. It is the percentage of the contents that are, in the user’s opinion,

relevant to a given topic, on the total retrieved contents.

It is actually possible to do that with the current version of SoCoSys. The user can use the
delete, irrelevant buttons to indicate the irrelevant contents. Given the number of irrelevant
contents, it is easy to compute the percentage of the relevant contents, and subsequently

the personalized relevancy of contents of interest for each user. Because of lack of time, the
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participants of the first and second tests ignored to use these features for the evaluation
purpose. They nevertheless confirmed that there were false positives among the retrieved

documents, but in a very small ratio.

6.4.2 Scalability

At the moment, SoCoSys supports only three social networks (i.e. Facebook, Twitter,
and LinkedIn), and aggregates and processes solely the social data corresponding to the
predefined common model. It has furthermore been only used by a small number of users
(i.e. less than 10 concurrent users). Thus, SoCoSys has until now worked correctly without

remarkable response delay time.

However, we cannot make sure that this correct response time would be ensured when the
number of users increase. It is important to investigate how scalable SoCoSys is for han-
dling the increasing demand. In our case, to measure the system scalability, the following

subsequent criteria should be considered:

e The execution time of the aggregation task (including the enrichment and the indexing
steps) according to the number of connected social accounts, the number of users, and

the number of supported social networks,

e The execution time of the searching task according to the number of selectors, the

number of topics, and the number of groups,
e The maximum number of concurrent connections,

The response time of various actions performed on the user Web interface.

To this end, we obviously need more users and data.

6.5 Summary

In order to evaluate our proposed approach and the developed system (SoCoSys), we have
carried out two different tests with two different test groups. The two tests provided us
with many encouraging results which allow us to confirm our research assumptions. The
data obtained from the first test and the participants’ responses to the first part of the
questionnaires of the second test confirm that the two addressed problems are real, and
show that social networks are very potential sources of information and contents of multiple
domains. In addition, the participants’ positive opinions on the use of SoCoSys approve its

utilities (i.e. filtering and sharing), its usability, and its functionalities.
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Because of their small sizes and short testing times, we have not been able to properly
measure the effectiveness and the scalability of SoCoSys. However, the generally good
feedbacks of the participants of the two tests indicate that it works correctly for the present

time.

Thanks to the two tests, we have also obtained a number of interesting suggestions. Some
of them lead to certain additional features that need to be studied further and be eventually

included in the next versions of SoCoSys.
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It is important to recall once again that our user-centered and group-based approach for
social data filtering and sharing is novel and unique. The developed system, SoCoSys, is,
at this stage of the project, a proof of concept of the proposed approach. Thus, different
interesting perspectives are possible and worthy of consideration for future work. In this
chapter, we mention some of these perspectives grouping them in two groups: short-term

perspectives and long-term perspectives.

7.1 Short-term Perspectives

The current version of SoCoSys has been designed as a proof of concept demonstrating the
benefits of our proposed approach. Thereby, it has been implemented with a number of
specified modules, some of which are for now employing generic and simplified techniques,
thus being improvable. Although, the experimentation with two different test groups,
presented in the preceding chapter, has shown promising results, there is a need for the

improvement of the current version.

In the short term, we will study further, in terms of benefits and feasibility, the suggestions
provided by the participants of the two tests. Some of them can then be included in the

next versions of SoCoSys, which will be tested with bigger groups of users.

113
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On the one hand, these experiments will provide us with new sets of data (i.e. raw data and
participant feedbacks) large enough for a complete evaluation on the system effectiveness
and scalability, which are currently the limitations of this work. Also, they will allow
us to identify some potential technical drawbacks and performance gaps of the system.
The corresponding improvements, for example those mentioned in the chapter Technical

Solution, could then be applied.

On the other hand, we would like to carry out at least one test within an organization
or an enterprise. Such a test is aimed at exploring the possibility to use SoCoSys as a
collaborative tool for extending the internal collaboration of the organization to some open

and popular SNSs, and especially for collaborative technological survey.

7.2 Long-term Perspectives

While our short-term perspectives focus on the extended evaluation and the improvement
of the currently implemented system, our long-term perspectives will address some more
fundamental aspects of the proposed approach. Indeed, we envision two major directions:
the first direction attempts to extend the initial scope of the approach (i.e. filtering and
sharing) to the group-specific knowledge discovery; the second direction examines the possi-
bility of transforming the system architecture from the current centralized configuration to
a distributed configuration in order to make the approach more scalable, interoperable. In
this section, we will present the respective underlying motivations of these two directions

as well as our primary reflections on how to proceed them.

7.2.1 Group-Specific Knowledge Discovery

With the current system, while being members of an open group, the users are able to:

e Share with the group interesting information that they have published on their dif-

ferent social networks;

e Share with the group interesting information that they have received from their dif-

ferent social networks;

e Collectively define the group’s topics of interest, for example, by suggesting new
topics, by enriching current topics, by accepting suitable topics, and by ignoring

irrelevant topics;
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e Contribute to improving the group’s contents of interest, for example, by deleting
irrelevant contents, by voting contents, by associating additional topics to a content,

and by detecting repeated contents.

These activities of the group’s members have an explicit and positive consequence on its
information sharing process. More specially, they empower the group’s reliable sources of
information, and make sure that the group is maintained with the good and enriched topics

of interests, and the relevant contents.

Besides this sharing purpose, the members’ activities also have an indirect benefit. They
actually generate and make available secondary data, which, if correctly analysed, could
unveil important and strategic information and knowledge to a given group. In the chapter
Web-based Prototype, we have seen the insight components, which graphically show some
interesting information about a group such as the evolution of the topics over time, the
repartition of the topics, and the popular topics with their most active contributors. These
statistic-based elements are only some simple examples of group-specific knowledge, which
can be extracted from the members’ activities. Other more sophisticated types of group-
specific knowledge can include the knowledge on the members’ affinities, their respective
expertises on different topics, the group’s trending topics, and so forth. All of this group-
specific knowledge provides a synthesised and clarified vision on the group, which may be
served as a base for following the evolution of the participation of the members and the
domain of interest of the group. Below, we dig a little bit deeper into some interesting

analysis and their corresponding representation forms.

7.2.1.1 Computational Analysis

Interest Profiling

Within a group, it is important to know who are interested in a given domain (i.e. subjec-
t/topic/area) and whether with a high or medium or low degree of interest. Indeed, such
knowledge allows to easily and quickly determine the members who most likely have the

good answer to a particular question or issue.

With the proposed data model, it is direct and easy to know which members are following
a given topic of interest. Also, it is not difficult to compute how many contents of interest
a given member contributes to the topic. Although, this information is correlated with the
member’s degree of interest in the topic in question, it alone is not sufficient to allow to
measure the real interest degree. Other interesting factors can be taken into consideration
for profiling (i.e. weighting) the member’s interest on various topics. For example, the

number of contents of interest originated from the member’s social data can be split into
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the number of those published by the member and the number of those published by the
member’s social friends. The former number is obviously more significant than the latter.
Further, the actions of creating a new topic or of enriching a current topic with additional
selectors can be considered as more important than the action of simply accepting a topic.
Likely, the actions that the member has taken on the contents of interest (e.g. delete, vote,
tag, report, etc.) related to a topic, can be used as proof of the member’s expertise on the

topic.

The temporal dimension is another important factor to consider when profiling the mem-
ber’s interests [5, 113]. It is logical to give higher weight for interests occurred recently,

and lower weight for older interests.

Group Connectedness

The connectedness between two members of a group is a computational measure showing
how close and similar the two members are. The group’s connectedness is thus the aggre-
gation of all possible weighted connections between its members. This metric is important
to the group, as it reflects the structure and the strength of its internal collaboration. It
can, for example, be used to select a subset of members who likely work efficiently together

within a given project.

The connectedness between two members can be computed taking into consideration their
social proximity as well as their similarity [72]. In our case, the social proximity between
two members can be determined by whether or not the two members are connected on social
networks, and/or how many common social friends they have. The similarity, especially
the interest similarity between two members can be derived from the similarity of their two

respective interest profiles.

Trending Topics
When a group grows in size, and the number of topics of interest and the number of retrieved
contents increase, it becomes difficult to follow the evolution of all topics. Therefore, it will

be interesting to know the trending topics, thus paying more attention to them.

The number of recently retrieved contents is an explicit and quite good indicator to de-
termine whether or not a topic is popular. Nevertheless, to better identify the trending
topics, this indicator can be completed by additional indicators such as the creation time
of the topic, the number of members who have followed the topic, the number of selectors

associated to it, and so on, during a certain observation time.
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7.2.1.2 Information Visualization

The outputs of the aforementioned analysis are abstract data, which are mostly numerical
and not really intuitive for the end users to apprehend. Therefore, they need to be put
into another more synthetic representation form in order to reinforce the users’ cognition.
Information visualization [142] is one of the best options to that purpose. According to
the supposed output of each computational analysis, there may be several different visual

representations. Below are some representative examples.

For the trending topics, we can use the tag cloud, in which tags are the topic names, and
the importance of each topic is shown with the tag font size or color. For example, with the
topic cloud illustrated in Figure 7.1, we immediately understand that “big data”, “social
media”, and “social network” are the three trending and important topics of the group in

question.

To visually represent the group connectedness, we can use an undirected graph, in which
each node is a member. Two nodes are linked together when the corresponding members’
connectedness score is positive (or higher than a certain threshold). The connectedness
score furthermore determines the thickness of the link in question. The bigger the connected
score, the thicker the link. To help with visualizing the graph, we can furthermore apply a
suitable clustering algorithm on the graph in such a way that several sub-groups of members

are more visible as illustrated in Figure 7.2.

In addition to these two top-level visualizations, we can also consider some more specified
visualizations which allow to focus on a given member or a given topic. The three graphs
shown in Figure 7.3 are interesting examples. The first graph includes at its center a given
topic, which is surrounded by the nodes representing the members interested by the topic.
The closer a member is to the topic, the more interested and specialized he/she is in the
topic. Following the same principle, the second and third graphs show the connectedness
of a given member with other members and his/her interest degrees with respect to the

different topics. In the second graph, the closer a member is to the member in question,
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FIGURE 7.2: Member Graph

the more connected they are. In the third graph, the closer a topic is to the member, the

more interested and specialized the member is in the topic.

Note that the aforementioned computational analysis and graphical representations are
just some examples of the group-specific knowledge discovery based on the data made
available by the contributions and exchanges of the group members. Other interesting
metrics and graphical format, such as those proposed by Sato and Barthes [130] for following
the evolution of the participation and the domain of a community of interest, are also worth

considering for this perspective.

7.2.2 Distributed Architecture

Our approach is at the moment proposed with a centralized architecture where the social
data of all users are aggregated and stored within a unique server, and where the pro-
vided services are accessible via a Web-based application. Such configuration does not
require a lot of time and specific technologies to be deployed, and is easy to be tailored
and customized. The users do not need specific knowledge and additional tools to utilize
the system. Additionally, it makes it possible to further analyse the group members’ activ-
ities with the objective to discover group-specific knowledge as introduced in the previous

subsection.

However, this centralized configuration presents some considerable limitations. Firstly,
even though the social data are in principle exclusive to and can be deleted at any time by
their owners, some users may still be worried about the privacy and the security of their
social data kept within a remote place. This privacy concern is even worsened in the case
that an enterprise builds a platform, which also aggregates the social data of its internal

collaborators. Especially, some of the collaborators are users of SoCoSys as well. Given
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FIGURE 7.3: Focused Visualization

the lack of interoperability between the two systems, the social data of these users will be
duplicated and maintained within two different places. Secondly, there may be a volumetric
issue, since all the users’ social data are inserted into, analysed within, and queried from a
single server. This server may be overwhelmed and even crashed upon a growing demand,
which probably leads to the temporary or definitive loss of all or part of the retrieved

contents of interest.

7.2.2.1 A Distributed Scenario

The aforementioned issues, typical of centralized systems, have long been outlined and
addressed in many works. An obvious and direct solution is to decentralize the system
into a distributed architecture like a Peer-to-Peer network, in which the participants share
resources amongst each other without passing the intermediary entities [131]. Such Peer-
to-Peer paradigm has successfully been used in many application domains, such as for
indexing and searching documents in personal and collective memories [90], for enabling
the distributed collaborative content editing [114], and recently for building Distributed
Social Networks (or Federated Social Networks) [34, 115, 133].
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FIGURE 7.4: A possible distributed configuration

Based on the Peer-to-Peer social networks introduced in [9, 115, 147], and taking into
consideration the characteristics of our user-centered and group-based approach, we think

a scenario, roughly illustrated in Figure 7.4, is interesting and worthy of further exploration.

In this scenario, there are two major actors which are peers and hubs. A peer represents
a trusted server that a given user has chosen to host his/her social data and contents of
interest. On this peer, the user thereby needs to install a personal version of SoCoSys,
which aggregates the user’s social data from different social networks, and extracts the

contents of interest.

A hub playing an intermediary role, needs to be deployed in a server. It stores neither the
user’s social data nor the group’s contents of interest, but contains a list of open group
references (i.e. name, members, topics/selectors) that the users can look for, subscribe to
or unsubscribe from. A user can create a group within his/her local SoCoSys and push it to
a given hub so that it is appended to the list of open groups. Otherwise, the group remains
private and closed within the user’s local SoCoSys. When subscribing to an open group,
the user by default follows all of its topics of interest and their associated selectors. Of
course, the user can later personalize his/her topics of interest from his/her local SoCoSys.
In addition, the user can locally add new topics and/or additional selectors, which will be
pushed to the hub to update the topics/selectors of the group concerned. The hub will then
spread the update to all the registered members of the group so that they can also update

their local topics/selectors.

When a peer p; discovers new contents of interest from the social data of its owner, the

user ui, it will notify the corresponding hub about the discovery without unveiling the
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contents. Given the target group, the hub will notify the registered member peers about
the incoming contents (i.e. their source p; and their original identifiers). If the contents are
of the interest of the user us, the corresponding peer po will request the peer p; for the full
contents by providing their identifiers. If it is the first time that the peer po asks the peer
p1 for contents, it must first provide some authentication proofs, based on which the user
u1 can decide whether or not to trust the user us. Once trusted, the peer ps will receive
from the peer p; the full contents. The contents will then be saved in the local storage unit

of the peer ps, thus being available to the user us.

With this scenario, the users have a total control over their aggregated social data as well as
the extracted contents and the people with whom they share. The scalability is furthermore
no longer a critical performance factor, since each local SoCoSys has to aggregate and

analyse only a small quantity of social data.

7.2.2.2 A Semantic Distributed Scenario

The previous scenario is possible if, and only if, every peer uses a same version of SoCoSys,
and subsequently a common data representation model. If a peer decides to modify its data
representation model, it will cause a compatibility problem for other peers who receive its

contents of interest.

Therefore, it is interesting to extend the previous distributed scenario to a semantic dis-
tributed scenario based on the Linked Data principles [146]. More specially, the current
relational data model will be mapped to the RDF model [140]. The contents of interest will
furthermore be identified by dereferenceable URIs and be made available via the different

endpoints exposed by the different peers.

This semantic distributed scenario not only ensures a better data interoperability between
the different peers, but also has other important advantages. Firstly, it is not necessary to
replicate a content of interest within the different peers. A peer only needs to refer to the
corresponding content stored in another peer using its URI. The full content can easily be
retrieved by SPARQL queries at any time. Secondly, it is possible to link the RDF data to

the Web of Data [22] so that we can discover more contents of interest.
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The social media have played an increasingly important role in many areas of our every
day life. They include a wide range of services that exist through various constantly evolv-
ing forms. Among others, social network sites such as Facebook, LinkedIn, Twitter and
Google+ have recently exploded in popularity. These open and large-scale social network-
ing services attract millions of users from around the world, who communicate with each
other, share and publish information and contents at an unprecedented rate. Alongside
their benefits, social network sites have also raised various issues and challenges, some of
which are very complicated and require multi-discipline approaches and solutions. In this
thesis, we addressed two particular problems, which are information overload and “walled
gardens”. These two problems, typical of today social network sites, prevent the users from
fully exploiting and benefiting from the wealth of information available on social network
sites. The users have a lot of difficulties to filter all incoming information, to discover
additional information from outside of their friend cycles, and importantly to share the in-
teresting contents with their different groups of interest. We therefore proposed a novel and
unique approach helping the users to overcome such difficulties. This chapter summarizes

the objectives, the main contributions, and the perspectives of this work.
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8.1 Summary of Objectives

The two problems of information overload and “walled gardens” led to a number of subse-
quent consequences. Firstly, the user is often overwhelmed by the huge number of incoming
information, which is scattered across different social networks sites. The user can not
spend a lot of time and efforts to manually extract contents of interest from all incoming

information. Many contents of interest are therefore missed by the user.

Secondly, most social network sites establish privacy policies restricting what a user may
receive within his/her social streams. The user typically receives the contents shared by
his/her social connections, who must also be the members of the same social network site.
The user can add new friends to expand his/her information sources, but at the risk of

increasing the chance of information overload.

Thirdly, the user can be a member of different groups of interest, and the information
that he/she published on a particular social network site, may interest other members of
one of his/her groups. However, there is no guarantee that all the members of a group
are connected to a same social network and connected to each other to be able to receive
interesting information shared by one of them. There had not been an efficient solution
for a group of interest to tap into the contents published by its members across different
social network sites to retrieve some parts relevant to its topics of interest, except to ask

each member to make extra efforts to copy the contents of interest into the group.

Taken into consideration these consequences, we asked the three questions:

1. The filtering question: How to help users to extract contents of interest from their
different social networks with less effort and without altering their social networking

experience 7

2. The discovering question: How to help the users to discover additional contents of

interest from outside of their cycles of friends 7

3. The sharing question: How to make it possible for the users to share the contents of

their various social streams with their respective groups without extra charge 7

Although there are many works attempting to address the two initial problems, none of
them includes enough features to answer all the three asked questions. Especially, we did
not find out any work studying the sharing question. Given that lack of a complete and
unified solution able to answer all the three questions, our work was therefore aimed at
researching for such a solution. Furthermore, we intended to achieve the proposed solution

by building a working prototype (i.e. proof of concept), which would be served as a “testing
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ground” for our assumptions on the social network sites and the expected benefits of our

proposed solution.

8.2 Summary of Contributions

In answering the aforementioned questions, we have proposed a novel User-centered and
group-based approach for social data filtering and sharing. In this section, we recall its
different aspects including its conceptual design, its baseline modular system architecture,

and its Web-based prototype, which are the main contributions of this work.

8.2.1 A Conceptual Design

Our proposed approach consists of two main components: (1) User-centered social data
filtering, and (2) Group-based social data sharing. The first component answers the filtering
question by allowing the user to aggregate their different social streams and to extract
contents which are of the user’s interests. The second component answers both discovering
and sharing questions by enabling collaborative spaces where the members of a given group
of interest can share with each other the contents of interest extracted from their respective
aggregated social data, thus accessing to more interesting contents. In general, there are

three important conceptual elements to note.

Firstly, we have built an adapted common model based on FOAF and ActivityStream. This
generic model is able to integrate the most frequent information dimensions of social data
available in popular social network sites. Especially, it is easy to be extended to include

new types of social data.

Secondly, for filtering and organizing contents of interest, we have applied a group - topic -
selector structure. A group, whether private or open, contains a number of topics of interest,
each of which is technically specified by one or several selectors. With such organization,
the contents of interest, matched and extracted by the selectors from the user’s aggregated
social data, are split into different groups, and are assigned to various topics. This way, the
user can easily access to the expected contents by selecting the corresponding group and

topic.

Thirdly and most importantly, we have based the two components on a user-centric design.
More specially, the user is asked to authenticate and to authorize access to his/her social
data across social network sites, thus being free to choose which social account to be
aggregated. The user is also asked to explicitly and gradually add his/her topics of interest

and associate to them the appropriate filtering techniques (i.e. selectors). This way, the
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system knows exactly what the user want, and provides the user with better results. As
a member of a given group, the user is moreover able to decide which part of his/her
aggregated social data should be open, processed and eventually shared with the group,
to prevent undesired information from being unveiled. Especially, the members of a group
are encouraged to contribute to defining the group’s topics of interest so that the group is

maintained with the good and enriched topics of interests, and the relevant contents.

8.2.2 A Baseline Modular System Architecture

To achieve the conceptual design, we have presented a baseline technical solution, which
has a centralized modular architecture. This architecture is composed of three main com-
ponents: aggregating component, searching component and collaborative component. Each
of these three components contains different modules, and has the specified roles and func-

tions.

The aggregating component is responsible for aggregating and storing the users’ social
data from different social network sites. It is straightforwardly based on a variety of APIs
provided by the social network providers to retrieve the users’ social data and uses the
hand-crafted rules to map the social data with the common model. It moreover enriches

the aggregated social data by extending them with the contents from the external resources.

The searching component is responsible for extracting contents of interest. We have mainly
implemented this component using the open source Lucene platform, which is considered
for providing a robust and scalable indexing and retrieval platform. More specially, Lucene
is used to index the enriched aggregated social data and to search the resulting indexes

against the user’s specified selectors, which can be keywords or hashtags or concepts.

The collaborative component has been added to allow the user to perform and benefit from
other more explicit collaborative efforts such as deleting irrelevant contents, promoting
relevant content, or demoting unsuitable contents, adding additional topics to a given
content and so forth. Such efforts can fill the potential gaps of the current searching

performance.

For each containing module of the three components, we have also discussed its possible

issues and improvements.

8.2.3 A Tested Web-based Prototype

Based on the proposed system, we have built our first prototype, called SoCoSys supporting

the three very popular social network sites, namely Facebook, Twitter, and LinkedIn. This
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prototype has actually been implemented as a Web-based application so that the end users
are able to access to it from anywhere without restriction. Despite their simplicity due
to the objective of facilitating the user’s tasks, the user interfaces of SoCoSys have fully
complied with the conceptual requirements. Some new group-specific, namely viewing
members and getting insights, have even been added to provide the group with primary

means for accessing to the advanced knowledge on its internal collaboration.

Using this prototype, we have carried out two small tests with two different test groups.
The first test group consisted of international PhD students at the University of Technology
of Compiegne, whereas the second test group consisted of engineering apprentices at the
same university. The analysis based on the data obtained from the first test, and the
responses to the questionnaires of the participants of the second test, have confirmed that
the two addressed problems are real, and that social network sites represent potential
sources of information and contents of multiple domains. In addition, the participants’
positive opinions on the use of SoCoSys have approved its utilities, its usability, and its

functionalities.

8.2.4 Comparative Discussions

Social network aggregators :  SoCoSys is a social network aggregator, as it helps the
users aggregate their social data from the three popular social networks (i.e. Facebook,
Twitter, and LinkedIn) and provides them with a single access to those data. However,
unlike the current commercial social network aggregators which try to pull nearly all kinds
of things happened on the user’s different social streams together so that he/she can read,
share and comment them without leaving the platform, SoCoSys attempts to organize (i.e.
filter, index) the most informative part of those things. SoCoSys therefore relies on a
common model (based on FOAF and ActivityStream) to retrieve from the social networks
only the needed social data. Using SoCoSys does not means that the user has to stop using
his/her current social networks. The user keeps using his/her social networks normally, but

with less effort, in less time, and with greater efficiency when extracting helpful contents.

Filtering solutions :  Our approach took a semi-automated way for filtering the social
data. The system extracts from the social data the contents relevant to the topics of interest
explicitly defined by the users. This method requires less effort than other completely
manual methods (e.g. Manual friend grouping). It gives the user some control on the
filtering process. First, the user does not have to follow some limited and predefined topics
(i.e. Content classification), or to follow too many topics generated by the system (i.e.
Topic detection), but can personalize his/her topics of interest over time. Second, unlike

the less transparent methods like Personalized filtering or Stream (re)ranking, the user
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has a clear idea why a piece of content is selected as relevant. The filtering component is
build based on the Information Retrieval generic techniques, is then very extensible and
suitable for all the social data, mostly textual data, from different social network sites. To
reduce the users’ extra effort when defining the topics and also the selectors, our approach
furthermore proposed the users to collaborate within groups so that a relevant topic or a

good selector suggested by a member can inspire others.

Collaborative systems :  SoCoSys can also be considered as a collaborative system,
especially for information sharing. It allows the users to share with their respective groups
of interest the helpful contents originated from their different social streams in an effortless
manner. While other systems require their users to manually select and copy the contents
inside their groups, SoCoSys automatically extracts the contents from the group members’
social data, obviously with their permissions. In our approach, the group’s collective source
number is proportional to the size of its members and their circles of friends. Such collective
source is more dynamic and divers than an official source (e.g. news articles), and is
more targeted than an entire social network (e.g. all public messages published on the
social network). Finally, the members of a group are able to carry out an objective-driven
collective action (e.g. technological watch) by using the Hashtag method to retrieve the

related information and news.

8.3 Summary of Perspectives

The developed system is, at this stage of the project, only a proof of concept demonstrating
the expected benefits (i.e. filtering and sharing) of our proposed approach. It has been
furthermore implemented with a centralized architecture, some modules of which are for
now employing generic and simplified techniques, thus being improvable. Besides, the
experimentation with two small test groups has not allowed us to properly measure the
effectiveness and the scalability of the system. Taking all of this into consideration, we set

out different interesting perspectives for future work.

In short term, we will incrementally improve and test the system with other bigger groups
of users, possibly from a given organization (i.e. enterprise). These future tests will not
only provide us with new sets of data large enough for a complete evaluation on the system

effectiveness and scalability, but also allow us to explore the new uses of our system.

For the long-term perspectives, we envision two independent directions, which will review
some fundamental aspects of our proposed approach. The first direction Group-specific

knowledge discover will attempt to extend the initial scope of the approach (i.e. filtering
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and sharing). It will look for different computational analysis on the members’ activities,
and for suitable representation forms to make it possible to discover some group-specific
knowledge, for example the group connectedness, the trending topics, the member topic

expertise.

The second direction Distributed architecture will examine the possibility of transforming
the system architecture from the current centralized configuration to a new distributed
configuration. In such a distributed configuration, the user will have a total control over
his/her aggregated social data as well as the extracted contents and the people with whom
he/she shares. The scalability will be furthermore no longer a critical performance factor,
since the whole process will be not performed on a single machine, but distributed over

many machines.






Appendix A

The Conversation Prism

The Conversation Prism!

is a visual map of the social media landscape. It is an ongoing
study in digital ethnography that tracks dominant and promising social networks and or-
ganizes them by how they are used in everyday life. Every year, Brain Solis and JESS4

review and re-adapt the prism by removing disappeared services and adding new ones.

Social media services are evolving rapidly and the landscape continues to grow. When Brian
Solis introduced the first Conversation Prism in 2008, the world was a seemingly simpler
place. There were 22 social media categories, each of which had just a handful of brands.
In 2013, the latest Conversation Prism was released and has four additional categories with

at least six brands in each (see Figure A.1).

"https://conversationprism.com/
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Appendix B

MySQL Physical Schema

As mentioned in Section Aggregating Part of Chapter Technical Solution, we have at the
moment chosen to use a relational database, namely MySQL, for the storing purpose. Here,
we can see two parts of the database schema. The first part illustrated by Figure B.1 is
necessary for storing the users’ aggregated social data. The second part illustrated by

Figure B.2 is devoted to group settings.

Both parts comply with the conceptual requirements defined in Chapter Conceptual Design.
Most of classes and class members and relationships are maintained and represented by the
corresponding tables often with the same names (see Table B.1). Besides, constraints

including primary keys, foreign keys, other unique keys, and check constraints are added.

For performance reasons, there are nevertheless a couple of adjustments that are quite
important to note. Firstly, we have directly associated the two classes SocialActivity and
SocialData together within the table social_data (see Figure B.1). Secondly, we have created
a unique table selector for the class Selector and its entire hierarchy (see Figure B.2). Also,
we have added the table query to save the expanded queries as early as they are built in
order to reuse them later. The tables tag and vote have been added to store the members’
votes (up or down) and additional topics for the contents shared within a given group (see

the subsection Enhancement of Chapter 4).

133



134 MySQL Physical Schema
TABLE B.1: Data dictionary
Table Conceptual element Description
user User SoCoSys user accounts
social_profile SocialAccount the social accounts that the users
linked to their SoCoSys accounts
social_network SocialNetwork the original social network of the

social accounts and the social
data

social_data

SocialActivity @ SocialData

the users’ social data aggregated
from the different social networks

social_interest

SocialActivity(“add”) & Social-
Data(Interest)

the users’ interests

social_friend

SocialActivity(“befriend”) @& So-
cialData(Member)

the users’ social contacts

social_post

SocialActivity(“post”) & Social-
Data(Post)

the contents published by the
users

social_following_post

SocialActivity (“receive”) @ So-
cialData(Post @& Member)

the contents shared with the
users

Concept)

group Group(OpenGroup @ Private- | the collaborative spaces where
Group) the member(s) can organize

and/or share their own social
data

user_group memberOf the users’ memberships and shar-
ing settings with respect to their
different groups

topic Topic the group’s topics of interest

user_topic User follows Topic the users’ personalized topics of
interest within a given group

selector Selector(Keyword @ Hashtag @ | the selectors of a given topic

user_selector

User accepts Selector

the users’ personalized selectors
of a following topic

query the final and extended query of a
given selector
content Content the relevant contents extracted

from the members’ shared social
data

content_selector

Content matches Selector

a content retrieved when match-
ing at least one of the selectors
of a given topic

vote the members’ votes (up or down)
for the contents shared within a
given group

tag the additional topics manually

assigned to a given content by
the members within a given

group
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» profile_url VARCHAR(255)
2 photo_url VARCHAR(255)
» name VARCHAR(100)
description VARCHAR(255)
@ social_data_id INT(10)
>

+
|
|
L—

S ——

] social_post
id INT(10)
» text VARCHAR(255)
“ social_data_id INT(10)
» url VARCHAR(255)
» url_title VARCHAR(255)
» url_description TEXT

e — — =] <

» url_image VARCHAR(255)

>

] social_profile v
! id INT(10)
» origin_id VARCHAR(100)
» profile_url VARCHAR(255)
» photo_url VARCHAR(255)
» username VARCHAR(50)
» firstname VARCHAR(50)
» lastname VARCHAR(50)
» email VARCHAR(100)
» description VARCHAR(255)
» gender ENUM(M','F','U")
» language CHAR(2)
hometown VARCHAR(50)
» current_city VARCHAR(50)
 birthday CHAR(10)
» access_token VARCHAR(255)
» access_secret VARCHAR(2...
» access_expired INT(1)
» created_at TIMESTAMP
» updated_at TIMESTAMP
» checked_at TIMESTAMP
% user_id INT(10)
< social_network_id1 INT(3)

>

- —— -

] user v
! id INT(10)

| » email VARCHAR(255)

| » password VARCHAR(255)
» created_at TIMESTAMP
» updated_at TIMESTAMP
» lastvisit_at TIMESTAMP

>

] social_following_p... v

" id INT(10)
»owner_id VARCHAR(100)

» text VARCHAR(255)
“ social_data_id INT(10)
» url VARCHAR(255)
» url_title VARCHAR(255)
» url_description TEXT

»owner_name VARCHAR(100)

» url_image VARCHAR(255)
>

FIGURE B.1: The tables necessary for storing social data
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Questionnaire de I'usage de SoCoSys

Ce questionnaire s'inscrit dans le cadre d'un projet doctoral au sein du laboratoire
Heudiasyc (UTC). Il est composé d'une vingtaine de questions. Vos réponses,
totalement anonymisées, vont nous aider a mieux évaluer notre travail.

Merci de prendre quelques minutes pour remplir ce questionnaire,

l. Information personnelle

1. Sexe:
Mark only one oval.

Femme

Homme

Il. Usage des réseaux sociaux

3. Avez vous au moins un profil sur les réseaux suivants ?
Tick all that apply.

Facebook
Twitter

LinkedIn

4. Sivous utilisez plusieurs réseaux sociaux, quel est votre habitude ?
Mark only one oval.

Vous essayez de les fréquenter tous

Vous fréquentez un réseau principal et visitez de temps en temps les
autres
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5. Quelle est votre fréquentation actuelle d'utilisation des réseaux sociaux
?

Mark only one oval.
Plusieurs fois pendant la journée
Au moins une fois par jour
Quelques fois par semaine

De temps en temps

6. Partagez vous des informations d'intérét sur les réseaux sociaux ?

Informations d'intérét sont ceux qui vous intéressent et/ou intéressent vos
amis.
Tick all that apply.

Pas du tout
Un peu

Beaucoup

7. Pensez vous que les réseaux sociaux vous apportent beaucoup
d'informations intéressants ?

Tick all that apply.
Pas du tout

Un peu

Beaucoup

8. Pensez vous qu'il y a trop d'informations, intéressantes et pas
intéressantes, qui vous parviennent sur les réseaux sociaux ?

Mark only one oval.

Oui

Non

lll. SoCoSys

9. Trouvez vous utile d'agréger vos réseaux sociaux, d'en extraire des
bonnes informations, et de les rendre accessibles a un endroit unique ?

Mark only one oval.
Oui
Non

Peut étre
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10.

11.

12.

13.

14.

15.

Trouvez vous intéressant de partager les informations extraites des vos
réseaux sociaux avec vos groupes d'intérét ?

Groupes d'intérét regroupent des personnes partagent de mémes intéréts
Mark only one oval.

Oui

Non

Peut étre

Pensez vous que SoCoSys offre bien ces deux fonctionnalités ?
Mark only one oval.

Oui
Non

Peut étre

Est il en général facile d'utiliser les interfaces Web de SoCoSys ?
Mark only one oval.

Oui

Non

Est il en général simple de comprendre le fonctionnement de SoCoSys ?
Mark only one oval.

Oui

Non

Etes vous d'accord avec I'organisation par groupes (privé vs. ouvert) ?
Mark only one oval.

Oui

Non

D'aprés vous, le mécanisme de filtrage actuel est-il pertinent ?

Vous entrez manuellement vos propres sujets d'intérét, le reste du processus
est automatisé.
Mark only one oval.

Oui

Non (il faut tout automatiser)
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16.

17.

18.

19.

20.

21.

Etes vous d'accord avec la possibilité de limiter ce que I'on peut
partager dans un groupe ouvert ?

Vous pouvez choisir quelles parties de vos informations a éventuellement
partager avec le groupe en utilisant les paramétres de partage.
Mark only one oval.

Oui

Non (il faut que tous les membres ouvrent tous)

Etes vous d'accord avec la définition collective des sujets d'intérét dans
un groupe ouvert ?

Tous les membres peuvent proposer les sujets d'intérét.
Mark only one oval.

Oui

Non (il faut qu'un seul modérateur puisse le faire)

Etes vous d'accord avec la personnalisation des sujets d'intérét dans un
groupe ouvert ?

Vous pouvez accepter ou ignorer certains sujets.
Mark only one oval.

Oui

Non

D'aprés vous, trois méthodes de filtrage sont-ils suffisants ?

Hashtags, Keywords, Concepts
Mark only one oval.

Oui

Non

A votre avis, SoCoSys doit étre plus t6t destiné a:
Mark only one oval.

Un usage personnel

Un usage collectif

Les deux

Pensez vous que SoCoSys peut étre également mis en place au sein des
organisations/entreprises comme un outil collaboratif de travail ?

Mark only one oval.

Oui

Non
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22. Finallement, souhaitez vous poursuivre I'utilisation de SoCoSys apreés le
test ?

Mark only one oval.

Oui
Non

Peut étre

23. Sinon, pour quelle raison ?

Suggestion

24. Pensez vous que SoCoSys doit étre encore amélioré ?
Mark only one oval.

Oui

Non

25. Si oui, avez vous des suggestions a propos des interfaces de SoCoSys ?

26. Et avez vous des suggestions a propos du fonctionnement de SoCoSys
?
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27. Toutes autres suggestions/remarques ?

Merci d'avoir rempli ce questionnaire

Powered by
= Google Forms






Appendix D

Publications

D.1 Journal Articles

e Vu, X. T., ABEL, M.-H., AND MORIZET-MAHOUDEAUX, P. An aggregation model

of online social networks to support group decision-making. Journal of Decision
Systems, 23, 1 (2014), pp. 24-39.

e Vu, X. T., ABEL, M.-H., AND MORIZET-MAHOUDEAUX, P. A User-centered and
Group-based Approach for Social Data Filtering and Sharing. Computers in Human
Behavior Journal, 2014, doi:10.1016/j.chb.2014.11.079

e VU, X. T., ABEL, M.-H., AND MORIZET-MAHOUDEAUX, P. A User-centered Model
for Integrating User Social Data into Communities of Interest. Journal of Data &
Knowledge Engineering, 2015, doi:http://dx.doi.org/10.1016/j.datak.2015.04.004

D.2 Conference Proceedings

e Vu, X. T., ABEL, M.-H., AND MORIZET-MAHOUDEAUX, P. An Aggregation Model
of Online Social Networks to Contribute to Organizational Knowledge Management.
In Proceedings of the 1st International Conference on Knowledge Management, Infor-

mation and Knowledge Systems (Hammamet, Tunisia, 2013), ISTE-Wiley, pp. 25-37.

e Vu, X. T., ABEL, M.-H., AND MORIZET-MAHOUDEAUX, P. Empowering Collabo-
rative Intelligence by the use of User-centered Social Network Aggregation. In Pro-
ceedings of the 2013 IEEE/WIC/ACM International Conference on Web Intelligence
WI 2013 (Atlanta, Georgia, USA, 2013), IEEE Computer Society, pp. 425-430
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D.3 Book Chapters

e VU, X., ABEL, M.-H., AND MORIZET-MAHOUDEAUX, P. Integrating social network
data for empowering collaborative systems. In Knowledge and Systems Engineering,

vol. 245 of Advances in Intelligent Systems and Computing. Springer International
Publishing (2014), pp. 109-119.

e VU, X. T., ABEL, M.-H., AND MORIZET-MAHOUDEAUX, P. Social networks: Lever-

aging user social data to empower collective intelligence. In Information Systems for
Knowledge Management (2014), John Wiley & Sons, Inc., pp. 33-60.

D.4 Poster

e VU, X. T., MORIZET-MAHOUDEAUX, P., AND ABEL, M.-H.. User-centered social
network profiles integration. In Proceedings of the 9th International Conference on
Web Information Systems and Technologies (Aachen, Germany, 2013), SciTePress,
pp. 473-477.
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