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ABSTRACT

With the emerging of online social networks alonghwthe worldwide diffusion of
smartphones, context awareness has become aniassentcept in the field of mobile
computing. Recent efforts and relevant researclardagg mobile social networks aim at
connecting people in smart environments considemisigonly their social behavior but also
their context. In this perspective, this work prasea novel Mobile Social Network (MSN)
model called Spontaneous Social Network (SSN).nilam scientific contribution of the SSN
model is the possibility of creating social comniigs based on a combination of multiple
contexts, including location, profile and data adéa from external online social networks. In
the literature, we found several works that lackifoe community grouping approach, on the
aspect that they are either limited to a specdeation, or do not fully support virtual social
interactions. We develop a mobile application chléno, to provide a glimpse of what an SSN
based application would be. To evaluate our modelperform two experiments using the
developed mobile client. First, we present hypatiaéscenarios based on possible real-world
SSN applications to measure users’ perceived segrtggnmunity. The scenarios described are
(1) music concert (2) sport event (3) shopping ri@liconference or workshop (5) school or
university. Second, we ask users to consider tieair interests to assess our formed groups
regarding their relevance and measure precisionrecall of the groups’ suggestions. We
compute average values of 0.72 and 0.83 for pwmtignd recall, respectively. The
experiments’ results to assess the proposed sosrastertain average values of agreement of
84% for sense of community, 80% for sense of betan®0% for social usefulness, 92% for
member loyalty, and 81% for communities’ ephemeyraliherefore, our evaluation depict that
dynamic virtual communities formed by a SSN modaddnl application would beneficially
improve a social-aware virtual environment.

Keywords: context awareness, mobile social networ&bile computing, ubiquitous
computing.






RESUMO

Com a emergéncia de redes sociais junto a difusémlia desmartphonesciéncia de
contexto tornou-se um conceito essencial na aremmputacdo mdvel. Esforcos recentes e
pesquisas relevantes sobre redes sociais moOveasn véonectar pessoas em ambientes
inteligentes, considerando ndo apenas seu compartarsocial, mas também seu contexto.
Neste ambito, este trabalho apresenta um novo maltelrede social movel, chamado rede
social espontanea. A principal contribuicdo do nimde rede social espontanea é possibilitar
a criacdo de comunidades sociais baseadas na @aabide multiplos contextos, incluindo
localizagéo, perfil e dados obtidos de outras resdesis. Na literatura, encontramos alguns
trabalhos que carecem na abordagem de formac&mnienaades, no aspecto da limitacdo a
localizacBes especificas ou em ndo suportar coaméette interacdes sociais virtuais. NOs
desenvolvemos um aplicativo mével chamado Dincg papporcionar uma visdo do que seria
uma aplicacdo baseada no modelo de rede sociahtaspa. Para avaliar nosso modelo,
realizamos dois experimentos. Primeiro, apresergagemarios hipotéticos baseados em
possiveis aplicacdes para mensurar a percepcassdasos quanto ao senso de comunidade.
Os cenarios descritos foram (1) evento musicaky@nto esportivo (33hopping cente(4)
conferéncia oworkshop(5) escola ou universidade. Em sequéncia, pedques usuarios
avaliassem as sugestdes de grupos formados pe&lacdpl, considerando sua relevancia em
meio aos seus interesses. Entdo, medimos precisgmugeracdo dos grupos sugeridos para
cada usuario. Obtemos valores médios de 0.72 e PaB8 precisdo e recuperacao,
respectivamente. Como resultado dos experimentasapaliar 0s cenarios propostos, obtemos
valores meédios de concordancia de 84% para sensmrdenidade, 80% para senso de
pertencimento, 90% para utilidade social, 92% palaidade de participacdo, e 81% para
efemeridade das comunidades. Com isso, nossaGia@liatrata que comunidades dinamicas
formadas por uma aplicagdo baseada no modelo des rgutiais espontaneas poderiam
aumentar beneficamente a utilidade de um ambieritelsocial.

Palavras-chave: ciéncia de contexto, redes socr@seis, computagdo movel,
computacédo ubiqua.
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1 INTRODUCTION

Along the years, commercial Social Network Sitdd$$such as Friendster, MySpace,
and Facebook, have shaped the business, cultathteaearch landscape on social networks.
The end of the 1990s introduced new social netwgrknethods and many sites began to
develop more advanced features for users to findnaanage friends. Online Social Network
(OSN) began to emerge with Six Degrees in 1997isuwdrrent taken over by Facebook with
over 1.39 billion monthly active users (FACEBOOK)18b). As of now, BOYD AND
ELLISON (2007) define SNS as “web-based servicas @alow individuals to (1) construct a
public or semi-public profile within a bounded syst, (2) articulate a list of other users with
whom they share a connection, and (3) view ancetsvtheir list of connections and those
made by others within the system”.

The evolution of mobile technology and wirelesswweking has stimulated social
networks towards mobile computing (BEACH et al.020SATYANARAYANAN, 2011;
COSTA et al., 2014). Most OSNs regard their advaresg into mobility as one of the key
initiatives and a key to their growth (YANG et a@012). It is believed that Mobile Social
Networks (MSN) will not merely be a simple extemsad OSN, but it will revolutionize social
networking by enabling anytime and anywhere soai@raction, besides offering a higher
degree of intelligence (ZHANG et al., 2013). As thebile phone constantly accompanies
people in their everyday lives, it is reasonableate in consideration the user together with
the environment as a whole. Mobile devices areldapz continuous sensing to obtain signals
from the physical world with spatiotemporal infortmea, which benefits the understanding of
contexts where the user situates. Therefore, uoiggicomputing (WEISER, 1991) is essential
for mobile computing because it represents the eqanof computing everywhere integrated
with the real world.

Context-aware applications, in this type of envinemt, have the capability to detect
and adapt according to environmental data. Inghegpective, context awareness (DEY, 2001)
supports mobile computing to allow programs andises to react and adapt their behavior
according to the circumstances. Therefore, thewe e®en significant works into context
modeling of physical nature such as space, tintejigc and so on (SCHUSTER et al., 2013;
MAKRIS; SKOUTAS; SKIANIS, 2013). The most populaefthition of context is “any
information that can be used to characterize th&ison of an entity; an entity is a person,
place, or object that is considered relevant tartteraction between a user and an application,
including the user and applications themselves”YDED01). Nonetheless, between the three
entities defined by DEY (2001), in social computiffARAMESWARAN; WHINSTON,
2007) the most important is the persd®ocial contextrefers to people, groups, and
organizations with which an individual is interagfi Since sensors and devices are able to
identify the person carrying the device along with external environment, it can also sense
information about people. Thus, the distinctiorwi®n pervasive context and social context
disappears, leading to the tep@rvasive social context

“Pervasive social context of an individual is tke¢ of information that arises out of
direct or indirect interaction with people carryisgnsor-equipped pervasive devices
connected to the same social network service.” (SEFER et al. 2013)

Due to advancements both in social context andegtiatware pervasive environments,
new concepts of social networks emerged. Temp@acyal Network (NEJMA et al., 2014) is
a social media that is not permanent online, megttiat the content is self-destructive and
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disappears once some rules are checked. SpontamealsEphemeral Social Network
(LAFOREST et al., 2014; COSTA et al., 2014) is i in time and space and dedicated to a
single event, by linking people together to produceltimedia reports and contents in a
collaborative way. Similarly, Ephemeral Social Netiw(CHIN, 2014) captures dynamic social
networks at a particular point in time and pladivang its members to interact and form
virtual ties during an event. Serendipitous Solieiwork (JANG; CHOE; SONG, 2011) is a
situation-centric network designed for supportimigiactions to exchange relevant information
in a timely fashion, mostly through interactionsttwunacquainted individuals. Semantics-
based Mobile Social Network (LI; WANG; KHAN, 201d)scovers and automatically forms
communities by the semantic analysis of users’il@ofvith similar interests based on their
social behaviors (social profiles, interests, aobldies). Spontaneous Social Network (COSTA
et al., 2014) groups users to interact at any ptat¢ane, without the need of any pre-existing
relation among them, opening new possibilitiesioploying assorted contexts as the basis for
creating a social network.

Unlike traditional social networks in which soca@mmunities usually start from real-
world relationships, these works approach contesdra groups’ creation and management in
pervasive environments. Especially in smart spatespossible to create groups of users that
cooperate effectively and successfully (WANG et, &010). Considering this, virtual
environments enable users to create static or digngnoups of interest to share common goals
and tasks (LIMA; GOMES; AGUIAR, 2012).

1.1 MOTIVATION

The proliferation of network-connected devices lealsto a problem: given that most
social network applications can create groups @resinformation with one another, which
groups actually matter? Determining what const#utemeaningful group depends on many
aspects, such as performed tasks, community itsergsals to achieve, and so on. Mobile
social communities (ZHANG et al., 2013) allow peofb meet and communicate in a virtual
space. The outcome of community grouping is to supgocial interactions or to provide
personalized interest-based services or conteotexample, group-buying mechanisms allow
people with the same interest to conduct a purctoggther to achieve a discount (LIU et al.,
2013).

As in real-world situations where people intergmirganeously over a specific subject
of mutual interest, such as conferences, expositigalleries, stadiums, and restaurants, a
virtual layer enables people to communicate deshie physical location or displacement.
Mobile communities can support social interactiansapplications such as healthcare,
transportation, environmental, travel, businesscation, and so on. With social and context-
aware services, conference participants can estatgievant business connections, universities
can extend their services and learning conterttseio students, stores and restaurants can offer
personalized deals to their customers, companiesfasger internal collaboration between
employees, and individuals can find people withilsininterests in virtual social environments.
However, the duration in which it makes sense tmgrpeople in those situations may be
unknown. In that way, devices must be able to mediee these opportunities without having
to wait for requests, and recognize when thosatsitns are no longer relevant for the user.

In spite of these challenges, we envision a mddai will enable a wide range of
spontaneous groups and instantaneous interactmnoagausers and their environment using
their mobile devices. This model extends what heisg developed in our research group
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related to the topic of spontaneous social net{GMRASTA et al., 2014). The main contribution
of this work is to group people that share commamext in a dynamic way, meaning that they
may or may not be aware of their similarity andl &rm a group. For instance, students that
often practice a sport on same days but in diftefecations of a University campus can
generate a suggestion of a group to play togetheéhe same way, co-workers can create a
group for a monthly barbecue meeting. Furthermibris, possible to provide context-aware
services to those groups, as in, messages, mandea) share media content, fostering the
interaction among people and creating a virtuadm@sion of existent services. Afterwards, it is
possible to go beyond the social connections of §3j¢nerally based on existing social
relationships, by stimulating social interactiomaasmg known or unknown people sharing
interests and needs.

Figure 1. Virtual Communities
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Source: Adapted from ARNABOLDI; CONTI; DELMASTRO @24).

Nowadays, diverse social applications allow usersanually create and invite people
to their groups. However, it is a challenge to fsjjgpeople to groups that already exist or to
form new groups based on similarities. Figure @isillates virtual communities and their
interdependence on physical communities; that miesasion by itself is not a decisive factor
to form a virtual community. Moreover, Figure 1 esps a problem: Who is a member of each
virtual community? On a daily basis, we are partddferent communities over diverse
situations; a context-aware approach can assiigtert groups dynamically formed by people.

1.2 RESEARCH QUESTION

Based on the established motivation, this work amnanswer the following research
guestion:

“How would be a model tgroup people intadynamic virtual communities based on
multiple contexts?”

A virtual community is the representation of a graif people that have something in
common. One of this work’s challenges is to detecttexts that could bring people together
as a community, focusing on virtual communitiefoster spontaneous interactions in a virtual
environment. To adapt to users’ transient intereser diverse contexts, people must be



24

grouped into communities that consider similariiesonly as static (i.e. permanent) attributes
but also dynamic (i.e. modifies or evolves overdjrattributes.

1.3 OBJECTIVE AND METHODOLOGY

The general objective of this thesis is to propmse evaluate a model to support the
creation of dynamic virtual communities based orbireodevices and multiple contexts. The
model represents people and communities, and esplgyouping mechanism to find context
similarities among them. People can then composeta@al community, allowing them to
interact with each other and benefit from contexése services.

This thesis is based on explanatory research feliblay a controlled case of study. We
aim at proving that social communities beneficiallyprove social usefulness in a virtual
environment provided by a mobile social network leggpion. We exploit a quantitative
approach based on computing numeric metrics andblas with emphasis on comparing and
discussing the obtained results (KITCHENHAM et 2002). To conduct the quantitative
evaluation we apply a self-administered closed tipresurvey, which means, a survey with
predefined questions and answers that are answgréee participant and not by an observer
(KITCHENHAM; PFLEEGER, 2002a). We elaborate the lgation following the steps: (1)
conceive questions and answers (2) define populatmple (3) extract and compute results
(4) discuss the results.

1.4 TEXT ORGANIZATION

This thesis is organized in seven chapters. Thensechapter presents essential
background concepts for the work. The third chagéscribes related proposals and compares
them considering relevant aspects for context-awd®® applications. The fourth chapter
details the SSN model and its four steps: gatheegorize, group, and interact. The fifth
chapter presents the implementation of a mobildcdelbased prototype. The sixth chapter
details the evaluation methodology followed, thefgrened experiments and discussion of
results. The seventh chapter concludes the thedisrdightens future work for remained open
guestions.



25
2 BACKGROUND

This chapter describes some basic concepts relatdds work in four sections. The
first section provides a history background on mlsocial networks and its evolution. The
second section describes the main aspects of matdi@l networks and points some of the
most popular commercial applications. The thirdtisacdetails how context awareness and
situation awareness can support and improve msebiel network applications. Finally, the
fourth section, focus on the communities formedrasub-divisions of online social networks.

2.1 ONLINE SOCIAL NETWORKS

Online social networks (OSN), also called Sociaiviek Sites (SNS), first introduced
in the late 1990s, initially allowed members torshaor people on the users’ database and
associate with others by adding them to their fgetist. SixDegredswas the first SNS
launched, in 1997, but members alleged that thasdittle to do after accepting friend requests,
causing the website to close in 2000. From 1920, minor community websites began to
combine profiles and friends managing tools, swchAsianAvenug and MiGent& Following,
shortly after its launch in 1999, LiveJourhaicluded a one-directional connection in which
people could mark others as friends to read thesgnal journals.

Afterwards, Friendster, launched in 2002, aimed at shortening friend&iefids
relationships, instead of introducing people tarsgers with similar interests, which was
mostly the focus of dating websites at the time KEN, 2003). However, the website
experienced technical difficulties due to its ragtbwth, frustrating users that reached
seventeen million people by May of 2005 (MARWICK)(®). To compensate the faulty
servers, Friendster limited users from viewing gmigfiles of people who were four degrees
away (friends-of-friends-of-friends-of-friends). Typass the restriction and expand their
reach, users began adding acquaintances or evdomagtrangers, and started a massive wave
of fictitious profiles of celebrities, iconic persalities, concepts and other entities. Users starte
using these fictional profiles, popularly calledKesters”, to find people they knew or with
similar interests. The company disliked the practend banished fake profiles, also
accidentally deleting genuine users with non-réalghotos, which caused its popularity to fall
out permanently in United States (BOYD; ELLISONQZ).

From 2003 onwards, Friendster inspired a new caysgfdOSN that helped people with
same interests to meet and interact. SNS starthdve very specific communities as targets,
such as Dogstérand Catstet to let people create profile for their pets, My@h?f to

! www.sixdegrees.com
2 www.asianave.com

3 www.migente.com

4 www.livejournal.com
5 www.friendster.com
& www.dogster.com

7 www.catster.com

8 www.themychurchapp.com
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approximate Christian churches of their followesisd Couchsurfingto arrange travelers
meetings. Simultaneously, MySpatexpanded beyond former Friendster users. Becduse o
its allowance of public profiles, bands starteddio the website to create a connection with
their fans, and local clubs to promote VIP passekaalvertise among its clients. At this point,
the SNS adherence was not limited to US, but waddwFriendster gained traction in the
Pacific Islands, Orkdt became the first SNS in Brazil before growing diin India, Hi5?
reached smaller countries in South America and fi®jrand BebtS became very popular in
the United Kingdom, New Zealand, and Australia (HD¥ELLISON, 2007).

Launched in 2004, Facebd§lstarted as a Harvard University SNS, expandirajher
colleges in the Boston area, the vy League, aadually most universities in Canada and the
United States, and in September of 2006, to everydrage 13 and older with a valid email
address (FACEBOOK, 2015a). Facebook differentiatdfifor letting outside developers build
applications and for allowing users to persondiliesr profiles and interests with, for instance,
movie preferences and chart travel histories (KIRKRICK, 2010). As the social media and
user-generated content phenomena grew, websitegssddcon media sharing began
implementing SNS features, for example, Fitekkast.FM®, and YouTub¥.

2.2 MOBILE SOCIAL NETWORKS

The first mobile version of Facebook, introducedamuary of 2007, let users upload
pictures directly from their phones, send and rexelessages, update their profile status and
search for other profiles (FACEBOOK, 2007). Curhgimcluding many other functionalities,
it represents 1.19 billion monthly active userso@®ecember 2014 (FACEBOOK, 2015b).
However, mobile versions of OSNs are not considéngld MSN. Those MSNs are called
hybrid because people can also access them frormobile devices such as PCs and laptops
(JABEUR; ZEADALLY; SAYED, 2013).

In this perspective, MSN does not mean merely amogsan OSN through a mobile
device that connects to the Internet; it has tipalaity to perceive context and connect people
through a common physical context, such as co4lmtato-encounter, and co-activity (CHIN;
ZHANG, 2014). In that way, MSN is not a replacemeinexisting SNS but its complement. It
combines distributed content sharing, social neét&/@nd pervasive computing together in
order to provide an integrated experience thatsfpggysical and digital social interactions.

With the increasing diffusion of GPS and wirelessaorks on smart mobile devices,
mobile applications can combine location and digitantents to social-aware functionalities.

9 www.couchsurfing.com
10 www.myspace.com

11 orkut.google.com

12 www.hi5.com

13 www.bebo.com

14 www.facebook.com

15 www.flickr.com

16 www.last.fm

17 www.youtube.com
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Mobile social network in proximity (MSNP) (CHANGRBRAMA,; LING, 2015) and location-
based social networks (CHORLEY; WHITAKER; ALLEN, P8, ZHENG, 2011) can assist
mobile users to interact with proximal people amdfgrm various social activities such as
search for new friends who have common intereskghange content, and establish
conversations. Typical applications include navagatsystems and a combination of yellow
pages and maps that usually provide the nearestspafiinterest to the user, as in Foursqtfare
and Yelg®.

Foursquare, launched in 2009, enabled people ttkaheat a location and share their
status and photos with others. In 2014, Foursqdmsided its functionalities between “local
search” in Foursquare 8.0 and social location slyar Swarm®. Foursquare 8.0 has both web
and mobile versions that display personalized renendations based on a number of factors,
including the user’s tastes and venue ratings. @via mobile application that lets users share
their location with friends, and see where thaerds are. The location sharing can be wide
(by neighborhood or city), or specific by checktina specific location or venue. Swarm and
Foursquare 8.0 work together to improve recommenaksitSwarm check-ins helps Foursquare
to understand users’ preferred places. Similany2010, Yelp added check-in features to its
places search and rating application. Additionaflgip users can make restaurant reservations,
order delivery food, view hygiene inspection scpmsake appointments at spas, find local
businesses special offers, book hotels, and so on.

MSN applications found in the literature cover aywwide range of purposes and
functionalities. VASTARDIS AND YANG (2013) dividehem in six categories: social
services, vehicular networks, wearable MSNs, heaith services, social learning networks,
and recommender systems. Similarly, HU et al. (2@lassify MSN applications in location-
based, proximity-based, healthcare-based, profesaimd education, entertainment, and
pervasive collaboration. Additionally, MSN applicat domain includes social networking
services, game, travel, business, education, lreaéthdating, and road traffic (HU et al., 2014).

MAKRIS, SKOUTAS AND SKIANIS (2013) survey solutiorthat combine mobile
computing and context awareness, as mobile andessreaystems appear as the most promising
and challenging networking research area for enipipycontext-aware functionalities.
Context-aware platforms can provide a set of cdoshnformation to the application that runs
on the mobile device. Subsequently, based on sufcinmation, the MSN can gather and
process the information, determine its value, aweract with the end-user. In addition, social
network applications, explore users’ personal amclas information to enrich the original
notion of context with social awareness (ARNABOLBIONTI; DELMASTRO, 2014).

2.3 CONTEXT AWARENESS AND SITUATION AWARENESS

Historically, WANT et al. (1992) introduced theiAttive Badge Location System” in
1992, as one of the first context-aware applicatidn literature, the term context-aware
appeared in SCHILIT AND THEIMER (1994) for the titime. The authors described context
as location, identities of nearby people, objeat$ eéhanges to those objects. BROWN (1996)
defined context to be the elements of the userngr@mment that the computer knows about.

18 www.foursquare.com
19
www.yelp.com

20 www.swarmapp.com
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DEY (1998) defines context as the user's emotimtate, focus of attention, location and
orientation, date and time, as well as objects@ewple in the user’s environment. The most
popular definition (DEY, 2001) distinguishes coritex three entities: places, people, and
things; and four categories of attributes descebeh entity: identity, location, status (or
activity), and time.

Context awareness can provide relevant informatraservice to the user, meaning that
the provided information helps to better and egseeform a task in the current context. Derived
from this definition, situation awareness (ENDSLH®95; ENDSLEY; JONES, 2013) allows
a better adaptation of information or servicesit@agion abstracts from the context dimensions
by translating specific contexts (location, timemperature, environment, number and list of
available network devices) into logical situatioRsr instance, a work situation is not bound
to a single location context, since a professiaaal be working at home or at different places.
Therefore, it is necessary to qualify the inforroatresulted from different context in higher-
level way, called the user situation (eating irestaurant, eating at home, working at home,
working in the office).

Context awareness is a crucial issue in mobileiegipdns and it is possible to improve
the notion of context to provide a mobile user witformation matching interests adapted to
situation (BOUNEFFOUF, 2013). Situation awarenes$srs to the perception of the elements
in the environment within time and space and themehension of their meaning (ENDSLEY,
1995). Situations often change; in order to adapthch situation, applications must detect
real-time changes on contexts and assume a comdigigo set of preferences for each
circumstance.

Knowledge-based are special examples of contextessyastems (BAKER et al., 2009).
Many works (KIM et al., 2006; BOTTAZZI; MONTANARITONINELLI, 2007; LI; WANG;
KHAN, 2011; ANEJA; GAMBHIR, 2015) employ ontologig® design a semantic-based
model for context adaption. Moreover, semantic gipation of context can assist users in
realizing their tasks by recommending them to othsers who share similar interests.
Ontologies (GRUBER, 1993) express knowledge in & tat computers can do logical
inferences, organize and classify definitions fofranal concept representation. Through logical
inference, semantic-based social networks can agmeith new relations out of the already
existing ones between the social entities (WENNERBE2005).

Users interact with the system within diverse ceistetherefore, preferences for items
in one context may be different from those in arottontext. Context-aware recommender
systems (ADOMAVICIUS et al., 2011) is an exampleapplication that addresses that issue
by considering not only a given item, but also teatextual information in which the user
consumed that item. The ideal context-aware recamdaten system considers user action
with an appropriate context and effectively taildfge results for that given context
(ADOMAVICIUS et al., 2011). For example, a restantreecommender may determine that
the user is going to a romantic date and filterrestaurants that tend to be noisy or without an
adequate wine selection. Furthermore, recommendteras can be combined with content
sharing platforms to group users with related eg&s in order to create virtual communities
(FOELL et al., 2007).

Previous works approach context information suppgpervasive communities. PICO
(KUMAR et al., 2003) is a framework to create paiva communities that can collaborate
proactively in areas such as telemedicine, milieargt crisis management, aiming to achieve a
sequence of events that can lead to the creatioaromunities. MobiLife (COUTAND et al.,
2005) provides community ubiquitous services bybéng group awareness, supporting group
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management and by facilitating trustworthy commatiens. HERMES (JOHN et al., 2006)
demonstrates the use of context-aware in a comyising context information of organizations,
users and applications to trigger automatic seleadf a conference tool. POPEYE (MEYER
et al., 2008) project approached spontaneous Vichramunities formed in a P2P fashion for
collaborative work.

2.4 VIRTUAL COMMUNITIES

A community has several characteristics that disiish it from a mere group of people.
JONES (1997) conceptualized the notion of a viraemhmunity based on the definition of a
virtual settlement (a place, or cyber place, wlevetual community forms). He identified four
necessary characteristics of a virtual communityeractivity, communicators, a publicly
shared mediated communication place, and sustaneatbership. Similarly, PREECE (2000)
defined a community as “people who interact foiirtoeyn needs or perform special roles; a
shared purpose such as an interest, need, infamma®change, or service that provides a reason
for the community; policies that guide people’snaictions; computer systems that support and
mediate social interaction and facilitate a serigegetherness”.

The interactive nature of virtual communities digtiishes them from a random virtual
encounter of users. GARFINKEL (1994) notion of mgion has two important
characteristics: temporal and contextual cohergfieespecifies that interactions are temporally
coherent if the degree of interaction is sustaioeel time, and contextually coherent if they
have similar interaction context (e.g. time, looati people or objects associated with the
interaction). When people become gradually awaeaoh other, through coherent interactions,
a community begins to emerge.

Over SNS, there are plentiful user-generated cooteation and exchange. From those
interactions, derive social connections that ameadyic in nature as user interests can evolve
due to, for instance, temporal (e.g. day of thekyee spatial (e.g. change in geographical
position) reasons. These dynamic connections wahsncial domain build inner divisions of
well-stablished networks. That leads to a topicstfdy in the social networking field,
community detection (NEWMAN, 2006). Algorithms feommunity detection are closely
related to clustering algorithms. However, despieir resemblance, community detection
focuses on the pairwise relationship between nétwodes, and more generally, the network
topology (SUNDARAM et al., 2012).

Nonetheless, to detect coherent social commundiiesessfully is a challenge that
combines community extraction and social awaren@saNG et al. (2010) define social
context as “the information relevant to the chargazation of a situation that influences the
interactions of one user with one or more othersis&urthermore, group awareness refers to
the use of context information related to a grdugt £nables the provisioning of ubiquitous
applications and services in order to address tbepgs concerns and needs (COUTAND et
al., 2005). Therefore, the formation of dynamic oaumities can support people to perform a
common task and ungroup them after they achievgotheobjective. Moreover, through the
context awareness of a given community it is pdsgib better understand groups’ collective
interests and needs to personalize applicationsamitces.
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3 RELATED WORK

In this chapter, we discuss solutions that expdm@al groups in context-aware MSN
applications. Section 3.1 details the literatundew conducted. Sections 3.2 to 3.7 describe
the related works elected from the review. We camff@ose works in the matter of community
grouping, context awareness, and other aspeatgiios 3.8. At last, section 3.9 points research
opportunities.

3.1 LITERATURE REVIEW

We performed a literature review following aspeofsthe method proposed by
KITCHENHAM (2004). Considering the research queastizve conducted a search on the
Google Scholdt tool. We considered papers that fit the followierteria: (1) written in
English (2) published between 2011 and 2015 (3ks/that propose a context-aware MSN
application. The terms used for the search werentéxt-aware” OR “context awareness”)
AND (“mobile social network” OR “social network”) RD (“virtual” OR “social” AND
“‘community” OR “groups”). We discarded works tha) Guperficially describe the proposed
model; (2) do not present any social interacticatuee; (3) do not present any community
grouping feature; (4) are limited to opportunistetworks; (5) focus on data mining in social
networks; (6) focus on trust or privacy or secudagpects in social networks; (7) focus on
people’s social behavior in social networks.

3.2 FIND AND CONNECT (2013)

Find and Connect (CHIN et al., 2013) provides dawdworking among attendees at a
conference or meeting. Users can find where theareession, and people are on the map and
then connect with people by adding them as a cdimmesending them a message, or sharing
an item. Its main functionalities are “Program &mglAgenda”, “Profile and Social Network”,
“Map”, and “Messaging”. The solution aims to empl@gources in the physical environment
to foster social networking. Particularly, the aarghinvestigate two research questions: how
social connections can be established and intebwsitth physical resources in a conference
through positioning technology; and how physicadqimity can affect and be affected by
online social connections (CHIN et al., 2013).

CHIN et al. (2013) define the physical proximitytlween two users as an encounter.
The encounter measurement algorithm considersrbeuaters’ duration and frequency of
occurrences. Such concept raised from the ideatmaé relationships are only relevant during
a certain time, hence the indifference of peopleriog these relations over to their OSN. Find
and Connect also employs a recommendation algorithnsuggest possible interesting
connections to the conference attendees. Thisiligoconsiders the user relevant context: the
encounter history; personal messages; user’s stgeractivity history; friends, following and
followers; and the contents they have exchangel other users. The application monitors
social network activity during the conference asdrs can establish relationships by “Follow”
or “Add Friend” or exchange their contact infornaatiby “Exchange contacts”. The user’s

21 http://scholar.google.com.br/
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position is monitored within every ten seconds,gheounter measurement is calculated every
five minutes, and the friend recommendation algamiis computed every ten minutes.

The system evaluation’s results show that sociaheotions that are reciprocal, such as
friendship and exchanged contacts tend to be nebegant than a unilateral connection such
as “following”. Additionally, the frequency and @ier physical proximity in encounter
duration will increase the probability for a perdoradd someone as a friend or follow online.
The future work suggested is to further study tifiecé of encounters on recommendations and
determine the reasons why users add someone iag@ fBesides that, the authors idealize an
algorithm for mining the encounters and discovergrgzounter patterns for identifying
ephemeral social networks.

3.3 TOURIST-MSN (2014)

Tourist-MSN (ARNABOLDI; CONTI; DELMASTRO, 2014) ia real example of an
MSN application developed on top of CAMEO (ARNABOLDCONTI; DELMASTRO,
2011). It allows tourists to create, collect, ahdre multimedia content related to geo-located
points of interest through opportunistic communarag among users’ mobile devices. These
multimedia posts are divided into categories (evgnt, cultural visit, transportation) in which
users can express their interests. Furthermore, ap@ication also provides real-time
communication through an opportunistic text chantified by a title and a category within a
limited group of users in close proximity.

Tourist-MSN disseminates over the network thougAMEQ’s platform the title and
category of each post and chat generated by tla lser, and the user’s interests in specific
categories of posts and chats. Each node beconse aWother nodes running Tourist-MSN
in its current physical community and the list @agable content. Even though each node
maintains a historical profile of neighbors and temt encountered in different physical
communities, the management of a real-time chahiged to the current physical community
due to intermittent connectivity conditions chaeaiting opportunistic network
(ARNABOLDI; CONTI; DELMASTRO, 2014). However, sindbe distribution of the posts
results in an asynchronous content exchange, TaUB8&N provides CAMEO with the utility
function algorithm designed to implement the cohtexd social-aware dissemination of posts
among different physical communities.

Moreover, users can increase the content of alpoatiding their own comments, and
CAMEO distributes the content updates to interestedies. CAMEO is also able to collect,
manage, and reason upon multidimensional contéatnmration, derived both from physical
and virtual worlds, characterizing the users pegtiheir social behavior, the available services
and resources, and the surrounding environmentatitons. ARNABOLDI; CONTI;
DELMASTRO (2011) expect to extend CAMEO in sevedaections, from the efficient
management of heterogeneous context informatidinetamplementation of services based on
opportunistic computing.

3.4 SOCIETIES (2014)

SOCIETIES (DOOLIN et al., 2014) aims to bridge tietual and real worlds by
building purpose-driven communities of interesbtigh its key concepts: Discover, Connect
and Organize (DCO). The first step is to discovdities both in the physical or digital layer,
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such as individuals, communities, devices, resajre@d services. The discovery system
allows high personalization and context-aware @s@bling the detection of people with
common interests without a dependence on OSNs, Bewnnection built between the relevant
entities bridges the physical and the digital werl@hese connections can take many forms:
person-to-person, person to group, person to glgadtperson to service. The final stage is to
organize the communities. Table 1 describes the Bta@es for each aspect proposed.

Table 1. DCO stages

Discover Connect Organize
. Users based on context Community lifecycles and
Context sensing resources, o . 4
similarity and users with membership based on context
Context user context values and . ; A
aWareness available resources based of relevant resources based gninformation of |nd|V|duaI_
. . current and historic contexf{ members and of the entire
current context information | . - X
information community
Community-level learning
. Individual and community Based on individual and a33|s_ts_ |nd|V|duaIs_ In
Learning . acquiring information and
preferences community preferences - .
links from other community
members
- . Prl\(acy policy r)egotlatlon Privacy audit/assessment
Individuals and communities| during connection for data . .
. . . ; - . contributes to reputation, and
Privacy who will comply with user's | obfuscation, micro- e
. . enables organizational
privacy preferences agreement, and privacy- L ;
. activities more informed
aware social firewall
Trust-based community
. membership management and
Trustworthiness of . - .
S o Various entities based on | trust-based community
individuals, communities, SO ) . .
Trust - ... | individual and community | lifecycle (merging and
services, and trustable entitigs 7
; trust assessment splitting) based on trust
in advance . .
relationships among members
of existing communities
Individuals into communities,
Community Potential communities and | Individuals via community | form, merge, and delete
Orchestration members membership formation communities and sub-
communities
_ . Provides community intent-
. . Establishing a community X
User intent !nd|V|duaI and community with users who share aware services, and takes
intent N actions on behalf of a
similar intent .
community

Source: Adapted from DOOLIN et al. (2014)

DOOLIN et al. (2014) assert that pervasive comnyistinherently context-aware,
therefore it can adapt to factors such as usecatilan, activity, environment, and others.
Members of a pervasive community form a “commuimtgraction space” and interact through
their “cooperating smart space”, which is, basycatheir mobile device. Dynamic and
hierarchical communities facilitate the formatioh temporary and ongoing groups. For
example, a temporary community can become a pemhaommunity interested in a particular
subject, and a hierarchical community can be agsaobp of a larger community.

Although the proposal is well detailed, so far atsly real-world application is an
automatic real-time interaction with social netwarKhe alignment occurs through pull and
push, in which the first one is in charge of extirag and informing what is happening in the
Social Web, and the second sends the pervasive oaitynactivity to update the user status in
the social networks (e.g. Facebook, Twitter). Tathars point that the platform applicability
goes from the development of a full commercial camity management system to allowing
third-party entities to exploit all or parts of tegstem. Through external interfaces (APIs), for
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example, service providers would have the capgbtit create new highly intelligent
community-based services, or to enhance existingcgs with richer information.

3.5 SMART CITY (2014)

HU et al. (2014) propose a multidimensional contexare social network architecture
aiming to development and usage of mobile crowdsgnspplications. It integrates
multidimensional flows of context-aware solutiomsdollect and elaborate contextual data,
which can improve and personalize mobile servicesfowdsensing, and allows creation of
new crowdsensing applications. It provides a gemadel to deploy, examine, and evaluate
different context-aware solutions for mobile croexsing applications.

The proposal details how to communicate with thdelyi used social networks and
ubiquitous sensors in the mobile ecosystem to olaad make use of context-related data in
context-aware applications. The proposed mobildearaware platform (MCP) consists in
three main components: a mobile service-orientetit@cture (SOA) framework, a context-
aware semantic service (CSS), and a multidimenkgmrdextual data aggregation service. In
the mobile ecosystem, the SOA framework works badge between the MCP and the Vita
cloud platform (HU et al., 2013).

The flow of context-aware solutions in the mobit®gystem consists of three steps:
collection, processing, and utilization of conteltdata. First, context-aware data collection is
concerned with the acquisition of context inforraatiThe collection of raw data comes from
different external sources and provides initialunpegarding user’s locations, activities, and
environments. Each contextual data category defre@s an equivalent raw sensing data, as
shown in Table 2. The CSS component further preseasd transforms the contextual data
into semantic-based context information to imprdkie context awareness of the mobile
crowdsensing applications.

Table 2. Sources of the contextual data

Raw sensing data Contextual data
Mobile data | Location data (GPS, WiFi, cell Environment | Temperature, humidity, pollution;
tower)

Indoor, outdoor;
Human interaction with phone

(texting, calling) Location (home, work, leisure, in

transit).
Activity data (accelerometer)
Noise (microphone)
Sensor data | Environment data (temperature, Personal Walking, running, sleeping;

humidity, pollution) activity Emailing, texting, calling;

Health data from body sensors (heart

rates, blood pressure, stress level) Heart rate, blood pressure, stress

level,

Mobility pattern.

Online data | Facebook, Twitter (social Social Social relationships (friendship,
relationships) connection);

Online/offline social behaviors and
activities.

Source: Adapted from HU et al. (2014)
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The proposed CSS is a lightweight and generic isolfbr similarity computing for
mobile devices. The method infers the similaritytwb entities considering: (i) the distance
(the length of the path) between two words, (i§ tepth of two words and the depth of their
most specific common parent in the common ontolaag (iii) whether the direction of the
path between the two words is changed. The ontotagyures additional information that
affects the interpretation of generic concepts. &ample, when annotating a data of retail
price with “U.S.”, the value assigned to the cuagemodifier is “USD", and the value assigned
to the taxes modifier is “not included”.

The context-aware crowdsensing engine (CCE) caarstahd the semantics of the data
collected by different mobile devices. Therefor€ECcan automatically process the context
information and convert the data by using the canémnotation of the mobile devices. For
example, convert a retail price collected in Uni&tdtes to the corresponding information for
a receiver located in Hong Kong. To fulfill the daonversion, CCE can select the appropriate
conversion rules from a pre-specified conversibnally based on the contexts of the source
and receiver.

The Smart City prototype application demonstrates ¢rowdsensing functionality
based on the proposed context-aware mobile platfowon examples of crowdsensing requests
are “What is the delicious food in Hong Kong?” aiecommendations of branded clothing
in Hong Kong”. The CCE ascribes personal contefdrimation relevant to each request, for
example, for a shopping recommendation: genderestivequently visited, preferred brands,
average money spent. Further, the application pusheh request to people who have similar
preferences as the requester, addressing themdppaopriate target group and leading to a
relevant and accurate query result. Moreover, titbaas remark that the platform supports
RESTful web services, allowing developers to exteed functions to this application.

3.6 MOBILIS GROUPS (2011)

Mobilis Groups (LUBKE; SCHUSTER; SCHILL 2011) ispart of the Mobilis project
(SCHUSTER; SPRINGER; SCHILL, 2010) that supportsNdSlevelopers with a reusable
toolkit providing functionality like direct and gup communication, import contacts from
existing social networks, location sharing, proxymiletection, media sharing, and shared
editing of XML objects. Mobilis Groups specificalypproach the formation and management
of location-based groups. A temporal restricticsoatomposes the restriction for visibility of
groups and ability to join them.

Within a group, people can see each other’s psyfgdend private messages or use the
group chat, and share media files; outside a grasprs can see other groups’ members’
profiles and add them as friends. The applicatisn auggests new groups based on the user
location and on the friends’ groups. Combining teenporal and spatial restriction, the
application creates interesting attributes for gmydor example, a group can be visible a certain
time before an event, but people can only join iabteract during the event. Specifically, each
group has latitude and longitude attributes, arablaus as a geo-position limit, and a start time
and end time. A privacy attribute defines if thewgy creator has to authorize new members to
join the group or not. Foursquare integrates thetism as an external social network and can
be used as a starting point to create groups lmaspthces or venues.

The authors present an Android application prottyihat uses XMPP for
communication between client and server. Howevieey tdid not show an application
evaluation. Moreover, future research points toitiq@ementation and evaluation of dynamic
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groups. As the proposed work consider groups ogdfier static locations in which only the
users represent a mobile component, the authogestigxpanding the location concept.

3.7 TALDEA (2014)

Taldea (NEJMA et al., 2014) is a community-centegipglication that helps users to
access spontaneous communities and organize saci@nges between users in a geographic
territory. The application employs an ontology-lths®odel for describing formally a
community, and its components and relations. Eaaimeunity has a set of concepts describing
physical or conceptual objects including interes¢mber, lifespan, service, location, content,
and type. In the application, services supportoag@s a social entity the same as single user.

Taldea’s hybrid architecture shares properties wiibth centralized and P2P
architectures and takes advantage of both appreadwe main components compose the
platform. One is the Community Manager that interaxith the ontologies and has a set of
services used to supply and extract knowledge @motologies. The other is the Member Device
that allows the user to discover and interact with communities. The application has
community-aware services that facilitate informatexchange and communication; they vary
according to the communities’ properties and samalext of the users.

The system has three initial functionalities: @commendation, (i) search or (iii)
creation. The first one computes semantic simylaaitd recommends communities with the
highest values of semantic similarity between ther's interests and the community’s interests.
The second lets users search for a specific contgnoypiformulating a natural language query.
The third creates a spontaneous community with-de&ned policies or predefined policies.
Once connected to a community, users can viewdherunity space and the list of available
services (e.g. take picture or chat).

The authors describe a scenario for Taldea inanicl park and cite use cases such as
conferences, expositions, festivals, sport evets However, they did not show an evaluation
with users in a real-world environment. Moreovertlee proposed recommendation mechanism
only considers the interest attribute, they suggesgrating spatial and temporal dimensions
to the communities and services recommendation.

3.8 COMPARATIVE ANALYSIS

In this section, we compare the six aforementiomexks. Table 3 summarizes the MSN
solutions based on seven comparison aspects. \elethe criteria as following:

1) Community grouping: social recommendation (ssg@@ends, groups, places,
contents, or services), or content-sharing (mesgagiates, comments, reviews, data or
information exchange);

2) Context: spatial, temporal, personal, situatiosacial, or interests;
3) Profile: static, dynamic, or history-based,;

4) Semantic-based similarity: yes or no;

5) Spatial scope: local or global;

6) Manual group creation: yes or no;

7) Architecture: centralized, distributed or hybrid
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The first comparison aspect is the community gnoggurpose. As the outcome of
community grouping is to perform social-aware renmndations of places, people, contents
or services; or to help people socialize by prawdiunctionalities for group communication,
exchange of contents, rates, or opinions, we difigdeo social recommendation and content-
sharing. To compare the contexts considered by eathtion, we delimitate context
dimensions as spatial, temporal, personal, sitnatjosocial, and interests. Moreover, we
categorize profile as static, dynamic, or histoagéd, in which the static is invariable, the
dynamic changes from time to time and the hist@ayedl evolves along time. Semantic-based
approaches are useful to categorize data retriggad external sources; their effectiveness is
given due to the heterogeneity of users’ vocabesacontents, social profiles, and so on. For
that reason, we point the solutions that expldiblmgies as an auxiliary tool to infer similarity.

To assign the physical boundaries of a communitg, aensider BELLAVISTA,
MONTANARI, DAS (2013) spatial scope definition ofopal and local. Furthermore, we
distinguish the applications that let users manuaikate their own personalized groups.
Additionally, we consider architecture as centediz distributed or hybrid, as defined by
VASTARDIS AND YANG (2013). The centralized architace employs a remote server and
end nodes deploying wireless infrastructure, catlaketwork, Wi-Fi, or similar technologies to
communicate with each other or to access the resetace providers. The fully distributed
architecture totally renounces centralized remeteess, employing cellular network to inter-
communicate nodes. At last, the hybrid architecisieecombination of the other two, in which
wireless communication are given through end neltigiscan also access remote servers.

Table 3. Related works comparison

MobilisGroups 'é'gg naenc(z Taldea T,(\)AUSr:\slt- SOCIETIES | Smart City
Community rSe(::(é)I%lmendation v v v x v v
grouping Content-sharing v v v v 4 X
Spatial v v x v v v
Temporal v x x x v x
Personal v x x x v v
context | sjtyational x x x x v v
Interests x v v v v v
Social v x x x x v
Semantic-based similarity X X v X 4 v
Dynamic
Profile Static Static Static Static History- Static
based
Manual group creation v x v x x x
Spatial scope Local Local Global Local Global Globa
Architecture Centralized Distributed ~ Hybrig  Distrikd dechcl)fitbe d Centralized

Source: Created by the author

The analyzed MSNs address the same functionalityngi at different real-world
purposes. Find and Connect (CHIN et al., 2013) gqoer$ content-sharing and social
recommendation, although restrained to the localpscof a conference. Similarly,
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MobilisGroups (LUBKE; SCHUSTER; SCHILL 2011) prows chat communication for every
formed group and suggests new groups based orséng’ location and their friends’ groups.
Otherwise, on a global scope, SOCIETIES (DOOLIMNIet2014) and Smart City (HU et al.,
2014) perform social recommendation but do not lsyecontent-sharing functionality, which
limits the social interactions. Tourist-MSN (ARNARBROI; CONTI; DELMASTRO, 2014)
employs opportunistic network to provide proximiitgsed messaging combined with location-
based services and multimedia content sharingeckkat geo-located points of interest, while
Taldea’s (NEJMA et al., 2014) P2P chat exploresas#it-based recommendation in a global
scope but limited to only one context.

Context and profile change over time, that meaoisjrfstance, a user interest from
yesterday may not be the same tomorrow; and a pbinterest for a vacation during summer
can be very divergent during winter (ADOMAVICIUS &t, 2011). The proposed solutions
effectively employ context in MSN applications, hewer only two combine location and time
contexts. MobilisGroups (LUBKE; SCHUSTER; SCHILL PD) sets a spatial and temporal
restriction, wherein the users can only join a gradnen they attend those criteria of being in
a specific place at a specific time. SOCIETIES (D@Oet al., 2014) determine what is
relevant at the current time (t), historicallyt(1,t -2 ...), and predicted at (t + 1, t +.2 .

When grouping people based on profile similaritg amterests, people may want to
form different communities over varied situatiohs.that way, grouping attributes may be
customizable, in order to attend users' needsasids; MobilisGroups and Tadea allow users
to create their own personalized context-awareggoBesides, users should be able to choose
which contexts to apply or not and to give them enor less relevance. As in SOCIETIES,
relevance can be decisive to decide what to alextuser at a specific time or place and differs
from the typical “all or nothing” approach.

3.9 RESEARCH OPPORTUNITIES

Context awareness has become a fundamental recuitemthe design of mobile and
pervasive computing systems. It attempts to impriheelife quality and the technological
solutions experience to groups of people that skandar interests or habits. Nonetheless,
currently, no context models have been developedipport the management of context for a
dynamic community in large-scale systems (DOOLIN E[., 2013; CHANG; SATISH,
2015).

The architecture plays an important role in theceas of the MSNs. HU et al. (2014)
define hybrid architecture as an integration of theditional Internet and opportunistic
networks, and point it as future key research ilNVIBAUL; FAMULARI; STRUFE (2014)
define hybrid architecture as a mixture of P2P @reht-server infrastructure. VASTARDIS
AND YANG (2013) assert that a hybrid approach adtyfexploit the immense capabilities of
MSNs, while low-range wireless communication andlyfuistributed platforms enable
connection among mobile users to exchange datavamdy in proximity. Thus, compared to
the conventional client-server architecture of MStie hybrid approach has three additional
capabilities: (i) opportunistic data exchange, ffiijilti-hop communications, and (iii) mobile
opportunistic computing (HU et al., 2014). Anothdwvantage of the hybrid architecture is that
it can extend existing centralized MSN benefitimgni the web-based approach and not
suffering performance limitations caused by P2Ecstires.

While location is by far the most frequently usdttilaute of context, attempts to
combine location to other context information aodial functionalities have grown over the
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last few years. By combining user preferences amdrts neighbor’s discovery, context
awareness can improve social interaction aspeBBEUR; ZEADALLY; SAYED (2013)
point adaptive discovery of friends or people sigrihe same interest supporting dynamic
changes in context and benefiting from historin&bimation as one of the research challenges
in mobile social network applications. Such strgtegquires a fair amount of context
information associated with social and interactiecords to predict the user preferred people,
services, and contents. Additionally, with the grtgion of the traditional communication into
mobile social applications, users are constanidyis, commenting, rating, among each other
contents through social media and social netwdigsthat reason, it is fundamental to explore
content sharing in MSNs along with social awareness

Due to users’ mobility in MSNSs, it is difficult tassert their exact status at a specific
time and location, since each user activities atefests are very diverse and depend on many
unknown parameters. To address that, some workbgmagemantic-based model to represent
people and arrange them in groups based on shtridites (LI; WANG; KHAN, 2011; HU
et al. 2014; RAAD; CHBEIR; DIPANDA, 2010). Theirfettiveness is given due to the
heterogeneity of users’ vocabularies, contentdakpoofiles, and so on. In addition, EAGLE
et al. (2009) assert that a user’s historical beawand locations is a powerful indicator of the
user’'s preferences. Therefore, it is essentialdsigh a semantic-based profile model that
represents users’ profile combined to past behavior

Many challenges related to context-aware commuitEmain open, such as its
attributes and associations among groups (to Gresggge, subdivide and terminate groups).
Although recent projects provide a rich platformr foontext management, discovery
mechanisms and personal preferences, they misak® gdvantage of features for social
collaboration in groups (LIMA; GOMES; AGUIAR, 2012n other words, MSNs proposals
still lack on some aspects while combining so@akt@ires within a context-aware environment.
Each analyzed proposal has its shortcomings; thexefve delineate a combination of their
strong points. We propose a community grouping raeisdm employing a semantic-based
model to match groups and people based on multgodexts. The main purpose is to enable
content sharing within a virtual community thahtt restricted to the physical location and can
be manually created or suggested by the application
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4 SPONTANEOUS SOCIAL NETWORK MODEL

In this chapter, we detail the SSN model in fouctiems. Section 4.1 presents an
overview of the main concepts and key definitiddsctions 4.2 to 4.5 describe the SSN steps
gather, categorize, group, and interact, respdgtive

4.1 OVERVIEW

To provide an overview of the SSN model, we prefeatdefinitions that are essential
for this work.

Definition 1 A social community is a group of people.

Definition 2 A dynamic social community is a social commuthigt changes according
to context.

Definition 3 A static social community is a social communhgtthas a tendendyp
remain the same and not change according to diffeentexts (e.g. family).

Definition 4 A virtual community is the representation of aiabcommunity in a
virtual-layer or application.

Definition 5 A spontaneous social network allows people wémgorary context
similarities to interact anywhere, anytime, withopteviously exchanging any contact
information.

In this work, we focus on dynamic social commurstgrouping. We present a model
to form and support spontaneous social relatiors\vimtual environment. The central purpose
IS to use the context as an integrator elemenmite ypeople. The objective is to form and
manage social communities in a mobile applicatiorgrder to provide social functionalities
and community-oriented services. In this way, tiglowa set of contextual attributes, the
application is able to suggest members, addresgart services, and more.

To form dynamic virtual communities, we must alisfaom previous social relation or
the exchange of any contact information (e.g. phmmaber, e-mail, OSN) among people. A
SSN can exist in a controlled environment, suca dsiversity. However, a SSN differs from
previous Mobile Social Network in Proximity (MSNBRpproaches in the matter that location
Is not the only determinant factor for group intti@n. For instance, students can be located
outside of the university campus (e.g. home) aitidrgeract. Another difference is that in the
SSN people can form dynamic social communities dasecontext similarities that are so far
unknown by them. For instance, students that attemdame course in different schedules (e.g.
morning, afternoon, evening) are engagethe same activitybut tend to do not know each
other because they are not classmates; thereforpravious social relation exists between
them. By forming a virtual community, they can shaglevant content, collaborate, interact
with each other, arrange meetings (e.g. a growgiuafy), and so on. Nonetheless, a SSN can
also exist independently of a controlled environtnas in sports games, events, concerts,
conferences, and so on. For instance, people teatiending the same event are involved in
thesame activityln this way, context similarities are temporaiyam activities have a specific
duration and after that, those people will no largjeare those contexts.
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Figure 2. SSN Steps

EXTERNAL SOURCES | SSN CONTEXT MODEL | SSN GROUPING SSN APPLICATION
MECHANISM

Source: Created by the author

Figure 2 shows the four SSN steps to form and stighe named dynamic virtual
communities: gather, categorize, group, and interéloe first step consists on collecting
contextual information regarding the user and theirenment from external devices and
sensors, such as smartphones, social networkshadats application program interfaces
(APIs), internet of things (loT), global positiogirsystem (GPS), near field communication
(NFC) readers, etc. The second step is to categtirezcollected data. To do so, we employ an
ontology to determine the core context dimensi@re categorized, it is feasible to process
the contextual information by an algorithm. The S&Mouping Mechanism algorithm
computes the syntax similarity among ontology insés. By measuring the similarity, the
algorithm is able to detect alike instances andgtbem based on their similarity degree. With
the formed groups, an application layer can thewvigde virtual community services and
contents, fostering social interactions.

4.2 GATHER

OSNs assign a profile to a person to describe coméormation, personal interests,
and so on. Relevant works approach aggregatiomaélsweb profiles into a single unified
profile (ORLANDI; BRESLIN; PASSANT, 2012). Througtocial media profiles, it is possible
to recognize social relations and virtual inter@csi on the expectancy to measure individuals’
social tie (AIELLO; SCHIFANELLA; STATE, 2013). Thugh social tie measurement,
encounters detection, and data synchronized frorralsnetworks it is possible to monitor
people’s social activities. With those technique$ias been proven that people with similar
social-demographic or behavioral characteristiesraore likely to connect with each other.
This principle, often called homophily (MCPHERSCOBMITH-LOVIN; COOK, 2001), is the
tendency of individuals to associate with simiéiners, in other words, that similarity breeds
connection. The homophily effect has been demamestracross a variety of OSNs. The most
important implication of this theory for social awaess is that people that have similar tastes
are expected to interact with each other (CHIN; XXANG, 2013).

Studies on monitoring users in mobile computingesys have shown that it is possible
to record the history of contexts visited by usand their actions performed in each context
(DRIVER; CLARKE, 2008). However, contextual infortran originate from heterogeneous
and distributed sources, which complicates reusempiementation when sensors or data
sources change. In addition, despite the massiweianof social data existent, each provider
typically offers its own, proprietary, API for as=ng its data. This lack of standards hampers
integration between different social networking laggtions and the potential for mobile
applications to accelerate social context explorafi hus, not allowing service integration nor
providing a unified communication. Therefore, itaichallenge to combine the named social
activities extraction technigues with context asgign, and it may require an additional step
of integration following the collection.
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In that perspective, we start by importing and $yanizing personal information from
external OSNs. We intent to associate with otheN@®files instead of creating a new one.
Subsequently, through the synchronized OSNs, walaeeto track dynamic information that
the user is constantly generating in real time ampglement their profile, such as shared
contents, check in’s, interactions with friendssit@d places, events previously attended,
hobbies engaged, etc. Our goal is to monitor usterites and preferences in different contexts
to differentiate aspects that are static (i.e. preahelent of context) and dynamic (i.e. changes
according to context and surroundings).

4.3 CATEGORIZE (SSN ONTOLOGY)

To categorize the contextual data collected, wandefontext dimensions as the core of
the SSN ontology. According to NOY AND MCGUINNES3000), whenever possible we
should reuse existing ontologies to describe ounalo of interest. By extending ontologies
such as UbisWorld (HECKMANN, 2006) and GUMO (HECKMA, 2005), that model
distributed user profiles and its relations withetpeople and the environment, it is possible
to enhance such context dimensions.

HECKMANN (2005) presents UbisWorld as a collectiminconcepts and models for
location, time, interaction and context that arepared for ontological representation.
UbisWorld describes most aspects of the real wetdh as locations, people, objects, and their
properties. Instead of using one ontology for siiects, UbisWorld is composed of specialized
partial ontologies, which are, the physical, thatsp, the temporal, the activity, the situation,
and the inference ontology that models the comjmunatand intelligent behavior in ubiquitous
computing environments.

HECKMANN (2005) representation divides the user elatimensions in three parts
(auxiliary, predicate, and range), which directifluences on the GUMO structure. It focuses
on the modeling of user model auxiliaries, pregiaadasses, and special ranges. Usually, the
auxiliaries lead to domain-dependent predicatesd teguire additional general-world
knowledge. That means a more detailed domain detkt® further describe people’s interests
or knowledge on particular areas, such as sporsjanmovies, etc. In that case, any subject
in the world could fit as people’s interests, prefees, or knowledge. In this work, we focus
on describing contextual representation of peapléevidually and as part of a community. As
HECKMANN (2005) representation of context goes wagyond our needs, for scope
limitation, we suggest that extended ontologieraesto the core dimensions.

Figure 3. SSN Ontology Core

Spatial Temporal
\/\ ’Z Community
Situational |1~  Context )
L
/\/ lf Person
Social Personal
Static Dymamic

Source: Created by the author
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The SSN Ontology Core, presented in Figure 3, dessfive context dimensions for

person and

community: spatial, temporal, persas@tjal, and situational. The dimensions

involve the environment in which people situatetivattes performed, subjects of interest,
personal characteristics, and so on. Moreover, 8gga contexts to a person and to a
community separately, to determinate that contexhat the same for a person within a
community and when separate as a single individitdeast one dimension must be elected to
define a community context, potentially being condal with others. Typically, a community
is built from the combination of different contextsth Boolean operators, such as “AND”,
“OR”, and “XOR”. Following, we briefly describe ela context dimension and exemplify an
existent referent ontology for extension:

Spatial: to describe the environment we consider attribae&SUMO class

Physical Environment (i.e. noise level, temperatlegel of wind, weather,

humidity, light level). The spatial context mostlgfineslocation which can be

a single point (e.g. a venue) or a perimeter @gty). If the community does
not have a location, it means that the other cdstean still prevail

independently of where the members are physicalbated. To represent
location, we demonstrate two classes. First, UbibEeontains a wide set of
classes to describe locations on Earth, as showhigare 4 (a). Second,
UbisWorld Spatial Elements subclass Location dbssrspecific locations such
as buildings or venues, as shown in Figure 4 (b).

Figure 4. (a) UbisEarth (b) UbisWorld Spatial Elerse

Earth =-(C) Spatial Elements
#{) Ocean (3] =1-(€) Location
=} Continent [7] o (8 Continent
. AEa £} Country
G Antarctica 4(€) Region
+ RRAE] 1= City
¥ Europe (8 Quarter
. MNorthAmerica B Bt
L3 Oceanla
Southamerica gL Pia_ce.
b Country [14] +1€) Bullding
+ ws Argentina [ Republica Argentina, Argentinien, Argentine ] 5 ': Floor
o 55 Bodivia [ Repiblica de Bolivia. Bulibva, Wuliwya ] F(E} Section
= k=l Brazil [ Republica Federativa do Brasi, Brdsil # 18} Room
#LD City [33335] &) Roomn-Segment
1] F-!.:--;;E-_':-r' 1 C! Stairs
# L) Mountain [491] % {C) Corridor
&) Stream [13338] ! Ohject-Level
% Lake [1506] & (€) Storage
305 Property [5] #1C} Storage Section
+ e Chile
+ e Colombia
+ wim Ecuador | Republica del Ecuador

+ il Falkland Islands
+ B French Guiana T L
+ e Guyana

+ e Paraguay [ Repubiica del Paraguay, Paraguai |
+ Ml Peru Piruw ]

+ i Suriname | Repulbliek Surname |

+-al Uruguay [ Reptblica Oriental del Uruguay ]

% b Venezuela [ Republica Bollvariana de Venezueta ]

Source: HECKMANN (2015).
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Temporal:represents the time dimension. For the commuibitgn detail when

the community is mostly active, for instance, Westtegy mornings, every
weekend, or a specific date as an event on Decebifiesf 2016. UbisWorld

Temporal Elements represents that, as shown irréigu

Figure 5. UbisWorld Temporal Elements
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Source: HECKMANN (2015).

Situational: represents the situation. That means, for instaoge or more

actions performed on that context. The purpose describe the situation and
distinguish them from related subjects of inter&ése main activity in a store is
shopping, and its subjects of interests dependhenstore department (e.g.
clothes and shoes). Similarly, in a sports evemsttuation could be “practicing
baseball” so people will not join if they are irgsted in other activities, or in
attend a different type of sport event. In that wayspecifying the situation (or
performed activity) we avoid subject mismatches.rdmresent situation in the
SSN ontology, we exemplify UbisWorld Spatial Pumpogs shown in Figure 6.
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Figure 6. UbisWorld Spatial Purpose
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Source: HECKMANN (2015).

* Personal the personal dimension is divided in two subséss static and
dynamic. Following the concept of static and dymaprofile attributes, shown
on Figure 7, the personal static ontology clasepsesent permanent aspects of
a person, and the personal dynamic ontology clateted ephemeral aspects.

» Personal Staticdetails demographics, personal information, amatacterizes
relevant attributes of a person to the communtitys highly decisive for the
community formation because it describes the ewgechember for each
community. When the personal context is considdtad,assumed that a user
with that characteristic is more likely to join th@ommunity. For example, a
nightclub community can define the personal ag#ate as above eighteen or
twenty-one. GUMO Basic User Dimension is meantdsatibe every aspect of
personal characteristics. Figure 8 (a) shows tisecBaser Dimensions top-level
classes and Figure 8 (b) shows the attributeseob#mographics class.

Figure 7. Static and Dynamic Personal Data
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Source: Adapted from WEIRENBERG, GARTMANN, VOISARPO006)



Figure 8. (a) GUMO Basic User Dimensions (b) Derapbics
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=1 (©) Basic User Dimensions  (E) Demographics
(€) Contact Information gender
X "E" Demographics age group
#(C) Abilities age
+1(E) Personality birthday
= (C) Characteristics birthplace
#.(€) Emotional State first language
@-(C) Physiological State second language
# (C) Mental State second language
4 (€) Motion family status
#1(€) Role education level
% () Mood employment
#1(C) Nutrition salary
#1(C) Facial Expression wealth
5 (€) Relationships highest education level
% (€) Basic Human Needs highest education level

Source: HECKMANN (2015).

* Personal Dynamicrepresents attributes of a person or communigy thay
change over time. For instance, a person intenestrtificial intelligence” will
match a community with “intelligent agents” subjeStmilarly, a person that
often attends matches of a particular sport’s tealirpossibly be interested in
a community that debates about that team. To desanterests we consider
GUMO Domain Dependent Dimensions’ class Interesii ahe Amazon
Ontology. Figure 9 (a) shows a high-level view lué interest class and Figure
9 (b) shows the Interest sub-class Film. Figur® glisplays the top-level classes
of the Amazon ontology.

Figure 9. (a) GUMO Domain Dependent DimensiongGMO Film (c) Amazon Ontology
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Source: HECKMANN (2015).
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* Social regards the social relation between two or marepfe, or within a
community, meaning the possible social relation agnits members. Figure 10
(a) shows the GUMO Social Environment class, amgaifei 10 (b) shows other
possible social roles.

Figure 10. (a) GUMO Social Environment (b) Socialés
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Source: HECKMANN (2015).
4.4 GROUP (SSN GROUPING MECHANISM)

The SSN ontology represents the context of a peosca community with a set of
concepts. A simple way to match people and comnasnitvould be to match their
corresponding instances. However, profile matcloingnstance level can be very sensitive to
vocabularies. Mapping the concepts and instanctseathared ontology is a way to overcome
that issue. In that way, a vector of concepts mBng contexts is assigned to an instance of
person or community, as defined by Equation 1.

instance, = {C,,Cp ...Cp, } 1)

Given two instances summarized as collections ofcepts, the initial similarity
between instances is defined by Equation 2, wheend B are two instances, the common
concepts between A and B is the intersection otwizesets of concepts, divided by the union
between A and B, artds a given threshold. The instance A is said tedreehow similar to B
wheniSim(4,B) > t.

iSim(A,B) = ( B) >

AUB

2)
t=0<t <1)

After identifying instances with initial similaritywe can further compute their
similarity. A natural way to estimate similarity & taxonomy is to measure the distance
between concepts to which the compared instandesddn other words, taxonomy distance
measures the similarity between the instances’ eqaisc This means that closer the concepts
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are in the taxonomy, more similar they are. Howgwea taxonomy, the closer to the root the
more generic the information is, and further thaaapts are from the root the more specific
information they hold. Therefore, to determine simailarity of two concepts we complement
the taxonomy distance measuring the nodes’ deptieiontology hierarchy. In that way, less
distance on lower levels of the taxonomy will sfgrantly increase similarity. For instance, in
a book domain, the concepts “Programming” and f48afe” (with common ancestor
“Computer Science”) are more similar than “Medic¢irend “Computer Science” (with
common ancestor “Subject”), even though the patitadce between “Programming” and
“Software”, and “Computer Science” and “Medicinedve the same length. In short, two
instances are more similar when they have a comanoestor in a deeper level.

The semantic distance between two different cosagpandcC, in a given ontology is
defined by Equation 3, whel®, is the common ancestor 6f andC, in the hierarchical
ontology, and’,.,,; is the root of the ontology treBepthis the literal distance between two
nodes, andnaxis the higher value of a set.

dis(Coy Cy) = Z depth(Cp: Croor) ®
@bl max(}, depth(car Croot) 5 depth(cb' Croot) )

Considering the aforementioned semantic distancasure, Figure 12 shows the
relation between concept level and taxonomy digtaimcwhich the x-axis represents level and
the y-axis represents distance. It demonstrateégtibalistance between concepts decreases as
their depth level on the ontology increases, exdynpd a twelve level taxonomy. As the
comparison is based on a common ontology, alligtamces can be pre-computed so the results
can be obtained faster on future computation. Aalatly, following ontology principles of
extension, our similarity measurement supportsribeease of concepts (i.e. classes).

Figure 11. Graph of the relation between distamcklavel
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Source: Created by the author.
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We define instances similarity as the summationtha distribution between the
elements of two given instances, divided by thaltaimount of elements. Equation 4 defines
the similarity between two instances of a commaigiontology, whereim returns a degree
of similarity between zero and one, wheree stands for perfect match or identical instances,
andzerofor a bad match or entirely different instances.

) _ 2 dis(A X B)
Slm(A,B) = W
sim(A,B) € [0...1] 4)

sim(A,B)=1 -A=8B

sim(A,B)=0 - A #B

For flexibility matters, we assign a weight for bamncept. These weights determine
the relevance of each concept on the final sinyladefined by Equation 5. When using
weights, the similarity between two instances isngel by Equation 6. The weighted semantic
similarity assigns a weight for each concept ingbeof the compared instances concepts.

WA = {Wl,WZ' . Wn} (5)
w € [1..w]

Ydis(W, * A X Wg * B)
YWy + X Wg

While computing the similarity between two instasica matrix holds the degree of
similarity for each pair of concepts from each amste. A set of concepts identify the most
relevant concepts between those two entities.dfsimilarity computed for two instances is
greater than similarity threshotg andt,, the instances are considered similar. The hitjteer
similarity between A and B, the harder to find heat matches for them. The matrix defined by
Equation 7 holds the similarity measure of concdygtisveen instances A and B. Equation 8
defines the relevant concepts between instanceslBawherd is a given threshold. The use
of a threshold avoids taking pairs with undesiredilarity degree.

mSim(4,B) = sim(A X B) (7)

sim(4,B) = (6)

rel(A,B) = mSim(A,B) >t (8)

For example, given A and B as A = {C1, C4, C6} d&d {C1, C2, C3, C4}, their
similarity will be computed as a matrix shown byuatjon 9. Given a hypothetical matrix of
similarity shown by Equation 10 and considerindnieeshold 0.8, the Equation 11 represents
the relevant concepts between A and B. Thereforéntl similar instances to A and B, it is
possible to compute the similarity between that sktconcepts and another instance,
assim(rel(4, B), ().
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dis(C1,C1) dis(C1,C4) dis(C1,C6)

dis(C2,C1) dis(C2,C4) dis(C2,C6) 9)
dis(C3,C1) dis(C3,C4) dis(C3,C6)
dis(C4,C1) dis(C4,C4) dis(C4,C6)
1.0 05 0.1

09 08 08

0.7 05 03

05 1.0 09

rel(4,B) = {C1,C2,C4,C6}
t=08

sim(A XB) =

mSim(4,B) = (10)

(11)

4.5 INTERACT (SSN APPLICATION)

The interaction layer purpose is to represent dhméd groups’ in a virtual layer, and
to support social interactions within those groupBus, the application must exploit the
grouping mechanism accordingly. We point two pdssivays to employ the grouping
mechanism:

» ldentify people with specific requested context;
* ldentify similar contexts among people.

In the first one, the application submits a setarftexts and receives the people that
match the requested context, or that are mostagimwikh it. In the second one, the application
submits a set of people for the grouping mecharismdentify one or more sets of similar
contexts among them. By receiving one of the twipwais, the application parts to represent
the virtual communities the Grouping Mechanism idasitified.

The Grouping Mechanism has the possibility to emmeights to contexts. However,
those weights must be set by the user or by thécapipn, according to their needs. For
instance, an application focused on grouping pemppgoximity could set a higher weight to
the location context. Similarly, an applicationtdised on foreign language conversations could
set a higher value for personal contexts such dgnadity and languages attributes.
Additionally, an application that lets users craatgr own groups could provide the flexibility
to each user to set their own weights to contédsthey consider more relevant to the group.
The application or the user can dispense the ap@iaf weighs; in that case, every context
would have the same weight.

The application must be able to support the intemas of the formed groups’ members
in a virtual layer. Figure 12 presents the SSNiappbn model, its entities organization and
attributes. The virtual community is the centette model. The attributes that define a virtual
community are general information, access contoticp, lifespan, and context. The general
information consists in name, description, and dcarae message that may contain
personalized content for the members’ first acc&hls. roles are administrator, member and
visitor. The administrator is the person that fiitated the community, this role has full access
for editing the community’s attributes, removing@ontent and blocking users; more than one
administrator may be assign. Members have no aaditiprivileges other than interacting and
accessing services. Visitors have limited priviedefined by the administrator. Every person
that forms a virtual community has a role and dilexo
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Figure 12. SSN Application Model
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Source: Created by the author

The lifespan defines an expiration date for the mamity. It may be (i) permanent (or
unknown) in which it never expires; (ii) estimathen a precisely date is not applicable, but an
approximate date or interval of dates; or (iii))ide&é when there is an exact date (or date and
time) to expire. The access policy controls uspesimission to join the community. A public
community allows members and visitors to interaatl @ollaborate openly. One or more
administrators control a private community, andytdecide if it does or does not allow the
entrance of visitors. At last, a restrict commurhigs a set of people allowed to join and is led
by an administrator.

A community isactivewhen its members are interacting amakctivewhen they are not.
After being inactive for a certain time, a suggastio finalize the community is sent to the
administrator. Although a virtual community can sxwithout people, there would be no
interaction, therefore characterizing it as inaetiMowever, for instance, a public community
for an open-air park that has no members duringigiie would not terminate if it has members
and interactions during the day.

A SSN may offer many services to its users. Dependn the service purpose, it may
or may not suit for a virtual community. The SSNolagation model contains some initial
services, yet many others can be included. Follgwive list some services samples:

* Advertising: a section for publishing ads, eitheargonal or professional, for
offering virtual or real services

* Agenda: a calendar schedule sorted by date ang time
» Chat: text messaging communication;
« Contents: multimedia content sharing, such as mastiaudio and video;

« Map: displays relevant locations such as peopleyeg, and pinpoints;
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* Poll: questions with multiple choice answers antes@ounting;
e Tips: comments or short messages providing hindgtigs.
Figure 13. Virtual Community Lifetime

(24 TERMINATE
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i\ )\ J

Y M T

SET UP COMMUMNITY INTERACTION MONITOR TERMINATE

Source: Created by the author

Figure 13 shows the virtual community lifetime #agFirst, the set up can start by a
system suggestion or manually. The user sets thmememity’s attributes, taking the system
suggestion or creating its own. Then, accordinghto selected contexts and attributes, the
system will provide an initial suggestion of peofe that community. The administrator can
request people suggestion at any later momentr Adteiving the suggestion, the creator can
choose to invite the suggested people or othersuatign The second stage is when the
community comes to life. After two or more peoptenjthe community, they can start to
interact and benefit from services. In this stagey members can join at any time. While active,
a component monitors users’ interactions to dewdotn the virtual community becomes
inactive. When inactive for a certain time, if thas one or more administrators, they will
receive a suggestion to terminate or merge the aamty if not, the members will receive a
notification. On the terminate stage the systenkdofor similar active communities, and
suggests a migration of the members to a similaveacommunity. This process is called
community merge. If no other similar community wlasind, the community will simply
proceed for deletion.
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5 IMPLEMENTATION

In this chapter, we detail the implementation &SN prototype, called Dino. We point
the technologies and tools that we used duringnipgementation phase. We also detail the
artifacts produced for the client application, &éimel Facebook taxonomy designed.

5.1 Dino

To collect personal and contextual information vsedithe Facebook social network.
We employed OAutHf authentication for Facebook login. Additionally) application page
must be associated to the login, Figure 14 showsb&ok’'s Dino App page. To have access
to users’ profiles, they must grant the set of esfigd permissions on the login, as seen on the
example on Figure 15. A privacy policy is also matody to enlighten users about the uses of
their personal information. Following, Facebook \pdes the Graph AP? for querying
information contained on the profiles.

Figure 14. Dino’s Facebook App

Dashboard
j J/ AppID API Version 7] App Secret
e : 1634371953506026 V2.4 ssssnsnee Show

Source: Created by the author
Figure 15. Dino’s Facebook login permission

[f] entrarcom o Facebook

V.4

Continue as Natélia

Dino recebera as seguintes informacdes: perfil pablico, lista de amigos, endereco de e-mall,
relacionamentos, aniversario, historico profissional, historico educacional, cidade natal, cidade atual,
curtidas e locais marcados. @

Editar as informagdes fornecidas por vocé

& Isso n3o permite que o aplicativo publique no Facebook.

Politica de Privacidade Cancelar n

Source: Created by the author

22 https://developers.facebook.com/docs/facebook-login

2 https://developers.facebook.com/docs/graph-api
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We developed a web client for users to login witkirt Facebook account, shown in
Figure 16. The client fetches the logged profitansforms its data into Ja&dabjects, and
stores it into a Postgrédatabase. Figure 17 shows the SSN database s&uctu

Figure 16. Dino web client

S@®
Dino
Dynamic Virtual Communities
To subscribe login with your Facebook below
All persunal information will be KEDT. anonymous
=T
P50, Unairs Ayenes, Craddo A, Sho Lecpods RS, Sragi ﬁ?{% ITSUITAS BRASIL JUNIS]NDS
Source: Created by the author
Figure 17. SSN database structure
|lwork | |category |
Cid_wark Did_category
O employer Didfacebookcategory
O employerid Cname
O enddate *
O position
O positionid h > [ profile ®
O startdate Oid_profile * : page
Db'rmfay Did_page
O emai Didfacebookpage
Did_facebook O name kpag
% * |0 gender
| education | o link
Did_education
’ Olocale ® ®
[m] concentrah_on_ O name location
m| conceptratlonld O relationship 0id_location
O schoolid Oid_hometown Oty
O schoolname Oid_location O country
O schooltype . O latitude
[l year O longitude
O place
* i
O placeid
id_language treet
O facebooklanguageid g ; ==
D
[ name

Source: Created by the author

24 www.java.com

25 www.postgresql.org
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To categorize the contextual information we emptbg SSN Ontology core in
conjunction to a Facebook taxonomy developed ferapplication. The Facebook taxonomy
describes the pages categories, to represent pedgleamic interests based on their profiles’
“Likes”, and represents the “Check-ins” into splatiantext. Figure 18 (a) and (b) show some
of the interests’ classes mapped. Figure 18 (ayshlsmme of the spatial context classes. Figure
19 (a) shows some of the personal static contassek. Figure 19 (b) shows social context
classes. For scope limitation, we only kept indh®logy classes that have at least one instance,
that means, for example, not all known languageuontries are in the ontology.

We developed a convertor using the J&fiarary to transform raw data stored in the
database into ontology instances. The conversigpdres after the Facebook profile is
imported to the SSN database. The convertor tusink €acebook profile entry into a RDF
Person instance.

Figure 18. (a) (b) Dynamic Interest classes (c)i&p&@ontext classes
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Performance_Art @ Ice_Cream_Parlor L RS
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@ Popular e United_States
O Technology k0 Uruguay
» 0 Static Temporal

Source: Created by the author

26 jena.apache.org
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Figure 19. (a) Personal Static Context classeSdbjal Context classes
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Source: Created by the author

Afterwards, the grouping mechanism is able to fognoups based on context
similarities. The grouping mechanism algorithm weoda top of the SSN Ontology and uses
the instances of Person to compute their contextagity. We implemented a web service in
Java to provide the computed results for the agptin client.

From the aforementioned purposes of the groupingchar@sm, we chose to implement
the one to form groups for a person, individuallizat means, for a given user, we form the
groups according to the user context and profiier@sts, resulting in the more suitable groups
for that person within the domain. The domain isecare the people that subscribed to our
research project, although it could be any othenala or users database. Other possible and
similar approach, would be, for instance, recutgif@m groups within the domain, and notify
users that they are potential members to join tigoseps.

We developed the Dino Andrditclient to display the imported Facebook profile an
the groups formed by the grouping mechanism tasiees. Figure 20 (a) shows the application
login screen and Figure 20 (b) the Facebook logimyssion. Figure 21 (a) and (b) display
examples of attributes imported from Facebook t@oDi

27 www.android.com
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Figure 20. (a) Dino App login screen (b) Facebamkr permission

R
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Source: Created by the author.
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Figure 21. (a) Likes imported from Facebook (b)cBtaimported from Facebook
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6 EVALUATION

In this chapter, we present the model evaluatioa.diVide our evaluation in two parts,
we evaluate specifically the grouping mechanisnd, we evaluate other aspects of the SSN
separately. Section 6.1 details the evaluation atetlogy followed. Section 6.2 describes the
performed experiments. Section 6.3 presents thergrpnts results and final discussion.

6.1 EVALUATION METHODOLOGY

To evaluate the SSN Model, we follow two approackést, to evaluate the grouping
mechanism we perform an evaluation to measure gpoecand recall of the communities’
suggestions. Second, to evaluate the main conitgitand other aspects of the SSN, we
perform an experimental evaluation to assess tleealece of the virtual communities in a
controlled environment, measuring the users’ peegksense of community.

6.1.1 GROUPING MECHANISM EVALUATION

In recommender systems research, it is assumed teabmmendation is successful if
and only if the recommended item is beneficialif@and only if the item matches the target
user’'s preferences. Which means, the objective oécammender system is to generate
suggestions that will be accepted by the user, t@ndilter interesting items (OLMO;
GAUDIOSO, 2007). One way to evaluate that is to snea the algorithm’s capability to
recommend good items (GUNAWARDANA; SHANI, 2009). érkefore, to evaluate the
outcome of our algorithm we adopted two commonlgdusnetrics: precision and recall
(BUCKLAND; GEY, 1994). In literature, informatioretrieval and recommendation systems
are two areas that mostly employ precision andIreegrics on their evaluations. In the social
networking field, we found several works (RAAD; CEER; DIPANDA, 2010; HONSCH,
2011; ASABERE et al, 2014; KIM et al., 2014) thlgoaemploy precision and recall metrics.

Table 4. Classification of items’ output

Recommended Not recommended
Relevant True Positive False Negative
Not relevant False Positive True Negative

Source: Created by the author

Precision measures a recommender algorithm’s yabalishow only useful items, while
recall measures the coverage of useful items aetljehat means, the capacity to obtain the
most useful items available. In other words, pieaisnetric answers “how many recommended
items are relevant”, and recall metric answers “moany relevant items are displayed”. There
are four possible outputs for an item, as showrTable 4. An interesting item that is
recommended to the user is a true positive (TPynameresting item that is not recommended
to the user is a true negative (TN), an interestiery that is not recommended to the user is a
false negative (FN), and an uninteresting itemigegcommended to the user is a false positive
(FP). Those outputs compose precision and recdlicaerespectively seen in Equations 13
and 14 (BUCKLAND; GEY, 1994). Therefore, a moraable recommender algorithm reduces



62

the number of false negatives in order to achiegha kalues of recall, and decrease false
positives in order to obtain higher precision value

t
Precision = P (12)
to + fp
t
Recall = 4 (13)
tp+ fn

We follow an approach remarked by GUNAWARDANA ANCHANI (2009) for
evaluating precision and recall for multiple tesers. To recognize relevant and irrelevant
elements, we ask users to assign a positive otimegate for a list of groups. HONSCH (2011)
and ASABERE (2014) compare their recommendatiorédtgns outcome with randomly
generated recommendations. Following this approaehmixed random groups with genuine
matches made by our grouping mechanism. We thefy wehich groups would have been
suggested or not for that given user. We considergositives relevant suggested groups, false
positive irrelevant suggested groups, true negatreéevant groups not suggested, and false
negative relevant groups not suggested. We conguatesion and recall curves for each user,
and then average the resulting curves over users.

6.1.2 VIRTUAL COMMUNITIES EVALUATION

To evaluate community grouping based on multipletext, we must consider a large
amount of users in different contexts to form sboeemmunities. To acquire an extent number
of profiles and personal information, a suitablethnd is to import datasets obtained from
existing OSNs such as Facebook (HOSSMANN et all120RAAD; CHBEIR; DIPANDA
(2010) combine a profile generator with a profiggriever in an evaluation of a similarity
measure between Facebook and LinkedIn profiles.

It is possible to produce hypothetical scenari@sriany users to conduct an evaluation
within a diversity of contexts. BIANCALANA et al2013) present a set of fictitious contexts
to users and ask them to judge a restaurant recodatien. The contexts include aspects of
transportation method (e.g. by car, by foot, bywsay), weather (e.g. raining, sunny), type of
meal (e.g. lunch, dinner), and time (e.g. opening alosing hours). The users rate the
recommendations as zero (non-significant), onenfognt), and two (very significant).
Moreover, BOLDRINI et al. (2010) simulate contextést properties of the designed solutions
on a larger scale. In short, simulation allows d@héhors to focus on the social aspects of the
evaluation and reduce difficulties such as netwsmikgestion and sensor transmission errors.
These conditions cannot be guaranteed in real@mwients, also due to the influence of several
external parameters. Another advantage of simulasidhe possibility of defining accurately
the involved parameters, guaranteeing the repdi&yaifithe experiments.

MARTINEZ et al. (2002) and CHIN et al. (2013) perfo experiments with similar
objectives as ours. MARTINEZ et al. (2002) perfaamevaluation with 120 students divided
in 40 students of three different courses of aensity. The case of study was performed using
a tool for automatic logs processing of social mekwanalysis, combined with a general
qualitative evaluation. Social collaborative aspemong students (e.g. discussions, sharing
information, and solving doubts) were analyzed wiigtrics (e.g. density, degree of centrality,
and frequency). CHIN et al. (2013) evaluate a proti-based social network with 120 people
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in a conference. They analyze users’ behavior byitoiong the social activity of attendees and
presenters with a mobile application. They evaldlagerelation between encounters based on
physical proximity and virtual connections (addrénd) formed.

Considering the aforementioned works, we propogemxental scenarios to evaluate
the SSN model. We must evaluate the relevanceeo$dlial communities formed. To do so,
we employ a measure of sense of virtual commuBhANCHARD, 2007). Sense of virtual
community defines members’ feelings of membershgntity, belonging, and attachment to a
group that interacts primarily through electroniomemunication. BLANCHARD (2007)
demonstrates how sense of community in virtual camtres has increased content validity
and sensitivity over the traditional measures. Mueg, sense of belonging is a crucial feature
for participation in virtual communities becauseineolvement or participation would occur
if it were absent (LIN, 2008). Therefore, we alsensider sense of belonging to be an
appropriate measure for virtual community relevaeealuation. Lastly, none of the previous
mentioned works considers dynamic virtual commuagysubject of study. Thus, we added
some questions to measure the users’ sense oirthal vommunities’ ephemerality.

Our evaluation assesses the relevance of the forpetmunities for each user.
However, we do not consider all determinants factbisuccessful virtual communities present
in the literature; we singly focus on the sensevicdial community. We loosely based our
questionnaire on BLANCHARD (2007) and LIN (2008)nk®, slightly adapting the questions
to better fit our experiments (e.g. “Using the walt community gives me the opportunity to
recommend ideas to other virtual community membenssas modified to “This virtual
community would give me the opportunity to recomoheideas to other members”).
Additionally, for simplicity matters for the usergbint of view, we standardized the using of
the words “community” and “virtual community” to fgup”. Following, we enumerate the
metrics’ categories and their respective questimarguestions:

* SENSE OF VIRTUAL COMMUNITY

Q1: Other members and | would want the same thimm this group.

Q2: 1 would feel at home in this group.

Q3: It would be very important for me to be a mentifethis group.

Q4: 1 would have questions that this group coulsenr.

* SOCIAL USEFULNESS

Q5: This group would give me the opportunity toaenend ideas to other members.
Q6: This group would help me to form warm relatiops with other members.
+ SENSE OF BELONGING

Q7: 1 would enjoy being a member of this group.

 MEMBER LOYALTY

Q8: | believe it would be worthwhile for me to lrethis group.

Q9: I would be willing to participate in this grospliscussions.

Q10: 1 would be willing to communicate with otheaogp members.
 EPHEMERALITY

Q11: I believe this group would have a deadline.
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Q12: | believe this group would only be relevantdcspecific time span.

Q13: 1 would quit this group whenever | think it wd not be relevant for me.
Q14: 1 believe this group would not depend on tieation of its members to exist.
Q15: | believe different people would join and cphits group over time.

Q16: | would quit this group whenever it becomexctive.

6.2 EVALUATION SETUP

We used the mobile application Dino to perform pieposed evaluation. The client
allows us to provide an interface for the usergitopse what a real SSN application would be.
We built a beta testing (PRESSMAN, 2001) environinfm the evaluation and users
performed a quantitative assessment. The objeidit@ evaluate possible scenarios, services
and functionalities offered by the SSN from a hurparspective. We defined two experiments
considering a diversity of contexts to analyzeapgplication suitability and effectiveness. For
population sampling we employepportunity sampling (also called accidental sangplor
convenience sampling), a non-probabilistic sampiimethod (KITCHENHAM; PFLEEGER,
2002b), by promoting the research project on somaldia and asking for participants
volunteers who were available and willing to talketp

On our first experiment, we present hypotheticahseios in real-world situations that
could employ an SSN application. We demonstrateafiy@icability of a SSN prototype by
describing use cases scenarios in (1) music coiigersport event (3) shopping mall (4)
conference or workshop (5) school or universitgure 22 (a) shows the application screenshot
in which the user choses one of the possible smenafhe user then answers a survey
considering the chosen scenario. The survey andolye the Likert scale (LIKERT, 1932)
of five degrees: strongly disagree, disagree, aedfree nor disagree, agree and strongly agree.
Figure 22 (b) shows the survey answers options.sthaarios are described in the application
as following:

1. Music Concert: “Imagine you are at a concert ohador singer that you like.
You find out that you can be a member of a virtgedup to interact and
communicate with other people that are at the avnBg being a member of
this group, you can find your friends from sociatwiorks that are also attending
the concert. Additionally, you can find informatiabout the concert venue and
surroundings, and special contents for the fansndihg the concert, like
promotions, contests, polls, rewards, souvenics,.et

2. Sport Event: “Imagine that you are watching a maith team or athlete that
you like. You find out that you can be a membeanafirtual group to interact
and communicate with other people that are watckileggame. By being a
member of this group, you can find your friendsrireocial networks that are
also watching the game. Additionally, you can fapecial information for who
is watching the game at the stadium, statisticaathee match and the players,
polls, contests, souvenirs, etc...”

3. Shopping Mall: “Imagine that you are at a shoppimal. You find out that you
can be a member of a virtual group to interact emehmunicate with other
people that are also at the mall. By being a merabé#his group, you can find
your friends from social networks that are alsthatmall. Additionally, you can
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find specific contents for mall clients such asiaiddal information about stores
and restaurants, comments and ratings from otrstoliers about products and
services, interactive maps, discounts, etc...”

4. Conference or Workshop: “Imagine that you are dlitamn a conference or
workshop (live or virtually through audio or videdjou find out that you can
be a member of a virtual group to interact and comoate with other people
that are attending the same conference. By bemgraber of this group, you
can find your friends from social networks that als® attending the conference.
Additionally, you can find special information alidhe conference, such as
additional information about the talks, presenssrd sponsors, polls, etc...”

5. School or University: “Imagine you are a studena@ichool or university. You
find out that you can be a member of a virtual griuinteract and communicate
with other students. By being a member of this grqwu can find your friends
from social networks that are students in the ssecheol. Additionally, you can
find students with similar interests as you, toateedebates, exchange class
material, form study groups, etc. You can also fimdrmation about classes
and professors, campus events, consult the libegcy,”

Figure 22. (a) Survey scenarios (b) Survey ansygoms

Survey i

r Selact

. Strongly agree
Please select below a scenario of
your preference to participate: e
MUSIC CONCERT
SPORT EVENT B Meither agree nor disagres ;
I MALL
= Disagree
NFERENCE {ORKSHOP
SCHOOL or UNIVERSITY & Sirongly disagree

Source: Created by the author.

On our second experiment we present groups tosieamnd ask them either they would
or would not join the given group. For user-frigndiatters, the groups are displayed as a list
of categories. The categories represent the lggt imthe SSN Ontology tree. For instance, the
category “Bands and Musicians” originates from esBeal Dynamic Interest context, although
the entire ontology tree nor any parent classesliagayed for the user. Figure 23 (a) shows
the screenshot of the instructions for the secoruker@ment. The complete description is
“Afterwards, you will see a set of fictitious grapEach group is defined by a list of
characteristics. Consider those characteristiastabutes that you would have in common with
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the other members of the group. For instance, ‘FeniNew York, Musician’, means a group
of women located in New York that like the same tias. Or ‘Technology, Los Angeles,
Business’ means a group of people located in Lagefas that have interests in technology and
business. Considering your real interests, plegls@is which groups you would like to join,
hypothetically. To do so, select positive (greenyegative (red) for each group. Keep in mind
that not every group would be adequate for youhat way, if you like the characteristics
presented, press GREEN. Otherwise, if you do nelt felated to the characteristics of the
group, press RED.” Figure 23 (b) shows a screensfhant example of a list of categories of a
group, similar to the one mentioned on the insitounst

Figure 23. (a) Instructions for the experimentEample of group.

Banads angd Musarmans

r Bracrikesn

J Formighs

Porio Alegre

Source: Created by the author.

To perform the second experiment, we formed growphkin the research project
volunteers using a 0.8 threshold. Table 5 summstize amount of entries for each entity that
composes the Facebook profiles collected. Tablo@/s the demographics of the 65 collected
profiles regarding gender, age and nationalityufe@g24 displays a graph provided by the
Facebook API to control the number of users’ aco@sghe app, it shows the total of Facebook
logins in the period of the experiments, with alkpeg65 logins in December.



Table 5. Collected entities

Entity Entries
Profile 65
Language 5
Employment 153
Education 116
Page 3153
Page Category 335
Place 702
City 170
State 49
Country 19

Source: Created by the author.

Table 6. Profile Demographics
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Characteristic Total| Percentage
Male 32 49%
Gender
Female 33 51%
Under 20 years old 2 3%
Age Between 20 and 30 years old 38 59%
Over 30 years old 25 38%
_ _ Brazilian 60 92%
Nationality
Other 5 8%

Source: Created by the author.

FACEBOOK LOGIN THROUGH DINO APP

Figure 24. Total of Facebook Logins through DingpAyy date

Source: Adapted from Dino App Facebook Analytics.
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6.3 EXPERIMENTS RESULTS AND DISCUSSION

The first experiment had 31 participants. Eachigpent answered 16 questions
considering one of the aforementioned scenaridsleTashows the distribution of the chosen
scenarios among participants. Figure 25 summatizegotal of answers for each survey
question. Figure 26 displays the percentages afenssfor each survey question.

Table 7. Number of participants by scenario

Scenario Participants Percentage
Music Concert 15 48%
Sport Event 7 23%
Shopping Mall 1 3%
Conference or Workshop 2 6%
School or University 6 20%

Source: Created by the author.

We observe that question 12 had the second lovaedrigly Agree” (29%) and the
highest “Disagree” (19%) percentages. Questionsk? & the user believes that the group
would only be relevant for a specific time spaneidfore, we understand that either people do
not clearly see a time frame for the groups, oy theht believe that the group would always
be relevant. However, Question 11 asks if peoplievethe group would have a deadline, and
only 9.67% answers do not agree, while 90% agrestrongly agree. Therefore, we conclude
that people do see a deadline for the group, leytttink the group would still be relevant even
after the deadline.

Question 13 has the lowest “Strongly Agree” (22%d the second highest “Disagree”
(16%) levels. Question 13 asks if people would thetgroup whenever it is no longer relevant
for them. Therefore, we understand that either j[geepuld not quit the group even if it is not
relevant, or they do not believe that the group ldstop being relevant for them. By analyzing
questions 12 and 13, we believe that people deemtelevance as an ephemeral factor on the
proposed scenarios. However, Question 16 had 96%r§@y Agree” or “Agree” answers.
Question 16 asks if people would quit the groupmewer it becomes inactive. Therefore, we
also conclude that people would rather quit a gtbapis inactive than a group that is no longer
relevant for them.

Questions 4 and 5 form the “Social Usefulness” imogtiney had both 90% of “Strongly
Agree” or “Agree” answers. Therefore, we concluak an SSN application would be socially
useful for the proposed scenarios. Questions 8ar@l 10 regard “Member Loyalty”.
Considering the three questions together, only %.4farticipants do not agree with the
affirmatives. Thus, we conclude that people wouddbéha strong sense of loyalty on the
suggested scenarios.

Questions 1 to 4 and 7 evaluate the “Sense of Comyiand the “Sense of Belonging”
of the users towards the group. The affirmatived 83%, 87%, 87%, 70%, and 80% of
agreement, respectively. The question with the &tvpercentile of agreement (70%) asks if
people believe that they would have questionsdtier members of the group could answer.
Therefore, 30% of the participants do not belichat bther members could answer questions
they might have. We believe that this could beviar reasons: (1) users believe that they would
not have questions in the context of the givenaagenor (2) they do not fully trust on unknown
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people’s expertise to answer their questions. Despe percentile of disagreement on question
4, we conclude that people would also have a stsenge of community and belonging on the
proposed scenarios.

Figure 25. Total of answers for each question

=== Strongly Agree = === Agree Neither Agree nor Disagree  ==@emDisagree  ==@mStrongly Disagree
24
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Question

Source: Created by the author.
Figure 26. Percentages of answers for each question

m Strongly Agree  m Agree Neither Agree nor Disagree M Disagree M Strongly Disagree
100% = = I . .
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Question

Source: Created by the author.

The second experiment had 22 participants. Tableo@/s the computed values for TP,
FN, FP, TN measures, and precision and recall asefor each participant. In addition, Table
8 shows the amounts of groups evaluated and gegeimerated groups suggestions for each
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user. However, as seen on Table 8, seven userstii@ceive any group suggestion made by
the grouping mechanism, which invalidates the erpamt because we cannot measure
precision or recall over those users. We then dendi5 valid experiments.

Table 8. TP, FN, FP, TN, precision, and recall catag by participant

Participantf TP | FN| FP| TN e(\f;?uuari: d sSg;gggtse d Precision Recall
1 10| 1 2 2 15 12 0.83 0.90
2 21| 4 0 0 25 21 1.00 0.84
3 4 1 0 3 8 4 1.00 0.80
4 6 0 2 3 11 8 0.75 1.00
5 3 1 7 5 17 10 0.30 0.75
6 8 3 0 2 13 8 1.00 0.72
7 10| 3 6 2 21 16 0.62 0.76
8 3 1 1 4 9 4 0.75 0.75
9 7 5 0 1 13 7 1.00 0.58
10 18| 3| 12| 22 55 30 0.60 0.85
11 6 1 6 7 20 12 0.50 0.85
12 0 0 3 7 4 1.00 1.00
13 0 2 1 4 4 0.33 1.00
14 1 2 2 6 4 0.33 0.50
15 12| O 0 5 18 12 1.00 1.00
16 0 0 0 2 2 0 - -
17 0 0 0 1 1 0 - -
18 0 4 0 2 6 0 - -
19 0 0 0 2 2 0 - -
20 0 6 0 1 7 0 - -
21 0 5 0 2 7 0 - -
22 0 1 0 1 2 0 - -

Source: Created by the author.

Figure 27 displays precision and recall metrics poted for each valid participant. We
calculate an average value of 0.73 and 0.82 farigomn and recall, respectively. We observe
that only one participant had both precision amdliezalues under 0.51, which represents 6.6%
of the sample. In contrast, precision or recalchea ten times the highest value (1.00), which
represents 33% of the sample.
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Figure 27. Precision and recall by participant
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Source: Created by the author.

Due to the lack of other metrics in our experimesush as f-measure, or comparing
precision and recall for different sets of groupssets of users, we are incapable to confront
our results with other works. However, precisiod aacall metrics by themselves are able to
answer the questions “how many recommended iteesetevant”, and “how many relevant
items are displayed”, respectively. Therefore, tagesthat, in these experiments, our grouping
mechanism was capable to form an average of 738gael groups, and our application was
capable to add 9% relevant groups, totalizing arage of 82% relevant groups displayed for
the users.

Due to the absence of suggested groups for sonie, wge notice a strong need to
expand the experiments with variable thresholdsyivig the threshold would aim to determine
a more adequate value based on, for instance, gadon’s contextual information data
coverage. Thus, we suggest further efforts focosesutomatic detection of optimal threshold
for the grouping mechanism. In sequence to thesuest approval of an SSN application on
the proposed scenarios, we recommend experimethisdomain-specific focus to evaluate
each scenario separately. Besides, we envisiodeelopment of a complete application that
would be able to support virtual interaction withime formed groups, or export those groups
to other social applications.

We judge necessary expressive efforts to employnigqoes of social context
information acquisition. The lack of standardsrmnually input data hampers the exploration
of the user-based information available over soe&tvorks. For instance, we observe that
Facebook categories on Facebook Pages are notsateagistent with the real-world entity
being described on the page. For this reason, soeethe virtual representation of real-world
attributes is distorted, which affects our finalabto reproduce real-world communities in a
virtual environment. We also went through diffice#t to conceive semantical attributes
conversion. We believe that applying better sengantormation extraction techniques would
help ease this problem.
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By improving the semantical information extractiand conversion, it would be
possible to explore other social networks and ptats. Many other OSNs, such as Linkeédin
Twitter 2°, Instagram®™®, provide significant information regarding the rssecontext.
Additionally, we point technological limitations wiscover some of Facebook data, such as
date and time attributes of Facebook posts.

We remark the possibility to enrich contextual mf@tion imported into the
application, which would directly affect the quglf the formed groups. The model has the
capability to receive even more information thanatvivas utilized by the Dino client.
Moreover, although the model is able to describeadyic attributes, we did not manage to
collect context information in a dynamic way. Itnecessary to expand the model to, for
instance, dynamically attribute weights for conseaitcording to a detected situation that the
user encounters.

We asked the participants to say if they would ould not join a group based on their
personal interests; however, the groups were forb@sgd on data imported from Facebook
only. Thus, it may be possible that Facebook pesfitlo not reflect people’s real interests
plentifully. Therefore, we point a remain open dims concerning the mismatch of users’
virtual profile with their real interests. In addn, we remark another remain open question,
regarding the similarity among the contexts congideo form a group. We noticed that some
groups did not have a coherent similarity from enho perspective, which may affect people’s
judgment when deciding either to join or not theegi group.

28 |linkedin.com
2 twitter.com

30instagram.com
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7 CONCLUSION

In this work, we propose a model to create and sugocial communities formed based
on context similarities. The SSN model supportsadanctions such as interacting with other
people and sharing contents, and provides a vitayar of services. People form a virtual
community using context information to compose & S& grouping mechanism forms social
communities among people that have common inteesisshare similar context. The SSN
model brings the following possibilities: (1) groppople with a combination of contexts, (2)
represent them in a virtual environment, (3) previtdlem services, and (4) support social
interactions among them.

The main scientific contribution of SSN is the fatmn of groups based on a
combination of multiple contexts. On top of cregten virtual representation of those groups
into a spontaneous social network, our model pexs/id layer of services for fostering the
interaction within those groups. The model brings possibility of creating dynamic virtual
communities of users based on a combination oémfft context, including, location, social
network data, activities, domain-specific data,fige and any other modeled information in
the system. We decided to do not approach anyrghéunctionality due to the expressive
amount of commercial applications that provideuattcontent exchange.

As an additional scientific contribution, we pubksl a paper (NAVARRO et al., 2015)
as product of this thesis. The paper presents ¢hergl concepts of the SSN model, and its
main contribution, the possibility of creating dymia social networks based on a combination
of multiple contexts-aware data. Besides, in theatitoeed work, we compare and discuss
related MSN proposals, detail the SSN applicatiamdeh and describe use case scenarios
placed in a university campus.

Our work differs from related proposals in that eenot impose physical boundaries
to virtual groups. Differently from MSN proposalsuihd in the literature, we do not restrain
communities to a specific location, for instancigrfds that often practice a sport on same days
but in different locations can generate a suggestiglay together. In this way, we combine a
context-aware grouping mechanism with social-awaremunity services.

We develop a mobile application called Dino, toyie a glimpse of what an SSN
based application would be. To evaluate our modelperform two experiments using the
developed mobile client. First, we present hypatiaéscenarios based on possible real-world
SSN applications to measure users’ perceived se#rtggnmunity. The scenarios described are
(1) music concert (2) sport event (3) shopping rg@liconference or workshop (5) school or
university. Second, we ask users to consider tieair interests to assess our formed groups
regarding their relevance as positive or negaiiVe.then measure precision and recall of the
groups’ suggestions for each user.

Our evaluation depict that dynamic virtual commigsitformed by a SSN model based
application would beneficially improve a social-aeavirtual environment. We computed
average values of 0.73 and 0.82 for precision andll; respectively. Therefore, we state that,
in these experiments, our grouping mechanism waalda to select 73% relevant groups, and
our application was capable to display more 9%vesiegroups, totalizing an average of 82%
relevant groups for the users. The experimentult®do assess the proposed scenarios
ascertain average values of agreement of 84% fwesef community, 80% for sense of
belonging, 90% for social usefulness, 92% for manibgalty, and 81% for communities’
ephemerality.
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We observe a meaningful need to ascertain an optimeshold for the grouping
mechanism. We suggest expanding the experimergtate variable thresholds to, for instance,
people’s contextual information coverage, or theaahsion of the considered domain. We
notice that the more similar the people that corapgbge domain are, the easily it is to form
groups within it. Therefore, in a wider or largesnagin, a higher threshold may apply. In
addition, we point further efforts into social cext information acquisition, semantical
extraction and conversion, and extension of theewmy social networks and platforms.
Employing such techniques would enrich the expla@atexts used to form groups.

We suggest further efforts to determine the acguraic people’s virtual profile
regarding personal aspects, since we cannot geardhe truthfulness of the information
extracted. Thus, remains open a question concetnewgismatch of users’ virtual profile with
their real interests. Furthermore, we noticed Huae groups did not have coherent attributes
from a human perspective, hence, it brings anotberain open question regarding the
similarity among the contexts considered to forngraup. Lastly, we identify a research
opportunity to expand the model to, for instanggaiically attribute weights for contexts
according to a detected situation that the usevarters.
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