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Emerging mobile services have spawned new revepueces, such as messaging, Inter

browsing and multimedia. One of the business oppdrés that mobile industry has not yet fu
exploited is the contextual status of end-usersit&ag-aware systems are gaining importanc

net

ly
B in

telecommunications since the applications are nonseand have relevance from the industrial

(e.g. in aspects involving user segmentation) academic (e.g. analysis of mobile serv
adoption dynamics) points of view.

This thesis first presents a theoretical discuss@nlution of telecommunications services, pt
studies in context-aware systems and other conseptsas data mining techniques and netw

theory, and network visualization. The second factuses on the development of a conlext

detection algorithm. This algorithm extracts comek information from data logs containi
cell-id transitions. It follows two steps in contesetection: first a clustering process wh
physically close cells are grouped into clusters second the context detection for every on
those clusters by using time-based assumptionsthEsis uses a handset-based tool in colleg
data logs. The strength and accuracy of the algoréire tested through analysis of the out
files. Finally, a study of real data (from the Fsimmarket) is carried out in order to deliy
results. Through this analysis, the thesis focuseshe service usage perspective. The dri
guestion is how and where the end-users spendtiimeiwith the handsets.

Context is not only about location but also abdwt physical status and social settings of €
users. Context detection provides a new dimensimnekample in service usage analysis
modeling of service adoption. The results show thgtmost of the usage of WLAN take
place at “home’and applications such as “Navigation and Maps"Byowsing” are used “or
the move” context. Intensity graphs prove that &dpme” is not the most active context desp
being the most frequent one and the intensity afj@sabroad is most active in “Multimedia” a
“Messaging” applications. On the other hand, thisrea significant business opportunity
applications that automatically identify the corttekmobile users (all their movements along
day). Targeted marketing and handset-based coatextiaptation are some of the examples
possible applications. At last, the thesis confithret network visualization tools are useful in
process of context modeling, not only for testihg tesults but also to help in the detection
using all their functionalities (as e.g. clustejin§ome examples using one specific tool will
provided at the end.
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La aparicion de mudltiples servicios mdviles ha gade nuevas e importantes fuentes
beneficio tales como la navegacion por Internetos $ervicios multimedia. Una de |
oportunidades de negocio abiertas, no explotadapafna industria movil, es el estatus

de
as
de

contexto de usuarios moviles. Los sistemas de ompbmiento de contexto han ganado

importancia en el mercado de las telecomunicaciaonesel paso de los afos, aportando ¢
valor afadido tanto para el entorno privado (ereetsp relacionados con segmentacion
usuarios) como para el académico (analisis de adloge servicios).

En primer lugar se presenta la base tedrica: eiolude los servicios moviles, estudios inici

jran
de

les

sobre sistemas de deteccion y otros conceptosdaias técnicas de mineria de datos, teoria de
redes o herramientas de visualizacion de redesselgainda parte se centra en el disefio y

desarrollo de un algoritmo de deteccion de contekticho algoritmo es capaz de extr
informacion de usuario a partir de ficheros coroimfacion acerca de sus transiciones €

células de cobertura. La deteccion del contextareproceso que se divide en dos pasos:

primer lugar la “extraccion de clusters” dondedakulas préximas fisicamente son agrupada
clusters y, en segundo lugar, la “deteccién deectot para cada uno de los clisters halla
usando el tiempo como parametro clave. La eficgcédiciencia del algoritmo son validad
analizando los ficheros resultantes. Por ultimo,etora un estudio usando datos re
(mercado mdavil finés) con objeto de provision deutedos.

El contexto no se refiere sélo a la localizacigrosjue también hace referencia al estatus fisi
al entorno social del usuario. La deteccién deltexto proporciona una nueva dimension
andlisis de uso del dispositivo movil o en aspectacionados con la adopcion de nue
servicios o tecnologias. Los resultados muestraneemplo, que la mayoria de uso de WL
tiene lugar en entorno “doméstico” y que aplicaemtales como “Navegacién” o “Mapas” s
usados basicamente en contexto “en movimiento’udel de graficos de intensidad de |
muestra como “en movimiento” u “oficina” son corttex mas activos que el contex
“doméstico” en la gran mayoria de servicios y agliones. En dltimo lugar, la tésis se centrg
el uso de herramientas software de visualizacidredes para el analisis de resultados y ¢
soporte en la deteccion de contextos usando sugplesifuncionalidades.
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Chapter 1 — Introduction 1

1 Introduction

1.1 Motivation

The mobile industry continues expanding. Sincedlady 90’s there has been a peak of
mobile services usage where the concept of Trifdg-Rmarketing term for the
provisioning of the two broadband services, i.ghhspeed internet access and television
and one narrowband service, i.e. telephone, ovaingle broadband connection) is
intimately bound up with the concept of mobilityrile-Play plus mobility is known as
well as Quadruple-Play, see Bauer 2005). The reakths peak is easy to understand: the
mobile telecommunications market has experiencecurggrecedented growth, without
similar examples along the recent history of nesht®logies. The access to every service
while moving is one of the principal needs for tlsers and, therefore, it is nowadays one
of the most promising and profitable business fetwork operators and applications

developers.

There are several entities involved in the evotutad the industry. On the one hand
network operators have seen how a big new busagssared. On the other hand the users
have adopted a new technology with wide penetrdtioat nowadays has finally stopped
due to almost everybody has a mobile phone andpnany cases, two or even more).
Application developers, Internet service providarsl content producers should not be
forgotten either. The regulators are also involirethe growth with a very important role

(telecommunications law and policy framework).

The telecommunications market was earlier consttese “walled garden” because
operators control the whole portfolio of servic&ut this situation has changed fast.
Smartphones and Internet services in mobile phanesreaking the walls of the garden

down forcing the operators to adapt to the nevatibn (see Chau 2007 or Best 2006).

Borja Jiménez, Helsinki University of Technologyemartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 1 — Introduction 2

In order to better serve the market, one of thetnmogortant priorities for big companies
interested in segmentation is the increase of deltt data regarding to end-users
behaviour. A better knowledge of the user likingabits or behavioural modeling becomes
possible with the new data. The aim of segmentasi®da detect user habits and preferences
in order to create groups of users. One of therateves that this matter leaves open is the
modeling of mobile end-user context. To be ablkertow the context of every concrete user
(and aggregate results) means that, from the coyipawint of view, they have better
knowledge of their users, they are able to knowtvapgplications do users use more often
or where the user buys (physically or via internEyyen more important, they can know
where, when and how users utilize their serviceshaow they interact among them.

Context-aware systems are gaining importance @céehmunications and a big number of
context studies have been carried out in the peestsy Context is much more than the mere
location; it is something that relates to all sitoigal factors around the user in a particular
use case (Kaasinen 2003). If the proper data ieate and analyzed, service providers
can extract very valuable knowledge related todlge the context of usage. Therefore,
context is not only where the user is in a paricahoment, but also what he does with the
handset, with whom, how, etc... This new sourcknoiwledge helps the operators to know
more about their users and let them to think abeut applications to launch, how to focus
advertising campaigns or to know where they shqldete more resources according to

user habits.

Contextual modeling is a new opportunity for acaaeoontributions as well. Users take
their handsets with them along the day. Mobile devireport daily usage actions and, this
way, operators and researchers can know e.g. gnldeuser has Wi-Fi at home (once they
are able to determine different contexts, servisage analysis under a contextual
perspective can be carried out), what music artisty listen to (another possibility for
focused and personal advertising), the websiteg tist more often or how they connect
with their friends, creating social networks thaen another world of knowledge about
user behaviour. For the academia contextual datis adnew dimension in modeling
network usage, adoption processes or behaviourdiisers.

Borja Jiménez, Helsinki University of Technologyemartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 1 — Introduction 3

A handset-based end-user research method with reequimg data collection platform
facilitates new research topic. Whereas earliedware limitations have challenged the
attempts to acquire subscriber-level usage datadéveloped handset-based technology
supports new kinds of end-user research (see Vak@007a and Verkasalo 2007c). The
interest of network operators and service providethe use of this technology to explore
their users, for obvious reasons, is continuoustydasing (Verkasalo 2005).

1.2 Problem

Most mobile users move actively during an averaae although some people move more
than others. Cell-ids can be used as an analogyetdgraphical location and further to
context of mobile user8ased on accurate handset-based data logs, howttansform
data on cell-id transitions to information of locaion and context?In particular, how to
visualize this and how to build an algorithm thatcmatically processes huge amounts of
cell-id location data and cluster cell-ids into gesphical locations?.

How to detect different contexts, how to represard picture the user’s location, how to
generalize the results, how to handle the raw daiey, to simplify this raw data without
losing relevant information are just some probletiis thesis have to solve and are

important parts of this study.

The research questions of this thesis include:

1. How to detect different contexts?
2. How to visually present the user’s location?

3. How to automate contextual data processing?

This thesis evaluates a range of software toolard#gg network visualization. These tools
offer algorithms to present data and results gigdlyi It is part of this research to analyze
the state of the art and find an appropriate tomhfall to be used in the process of context

modeling.

Borja Jiménez, Helsinki University of Technologyemartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 1 — Introduction 4

With the help of the selected tools and the knog#egrovided prior this thesis aims to
answer the anderlying research questidaw can various data mining approaches be

used in extracting contextual information from handset-based data?

1.3 Objectives

The key objective of this research is to modeldbetext and location of mobile users from
the raw data available (through the clusteringalf-ids) and to visualize the information

graphically by using specific software tools. Haistpurpose, an algorithm to automate the
process for large amounts of data is developedused with a real Finnish smartphone
panel data provided by Nokia. Once the location @rdext can be extracted from the data

this thesis focuses on the future applications.

The aim of the thesis is to detect the possibldexds for every single user rather than to
identify the exact location. The more contexts tdema the better accuracy and proximity
to reality of the representation done (e.g. ifeast detecting only “on the move” context,

the algorithm detects “driving” or “walking” the kaed added is higher).

1.4 Scope

Modeling of mobile end-user context is a new tedbgical opportunity. Thus, not much
investigation has been done on contextual issuss {&rkasalo 2007b, Esbjornsson &
Weilenmann 2005, Lee et al., 2005 or Kaasinen 2003)

Inherent limitations exist when working with usextal samples e.g. in the generalization of
the results. The data collection used is biaseadviges the information of early-adopters

having smartphones) and small (from 500 to 200@dint users).

Furthermore, empirical data collected straight frdevices need to be processed to reduce

redundant information and complexity. This implasinevitable loss of information.

Borja Jiménez, Helsinki University of Technologyemartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 1 — Introduction 5

At some point of the analysis, decision making dase subjective criteria is necessary to
extract conclusions (e.g. percentage limits). Thilsbe another important limitation of the
approach taken. For instance, it is necessarydoceethe number of target locations (the

id-cells will be marked as home, office, on the mawd abroad).

Limitations exist in the presentation of resultsaedl. Due to software limitations (network
visualization programs usually present drawbackdewlorking with networks of more

than 100 nodes) the data complexity reduction éxgthbefore becomes necessary.

1.5 Methods

A literature study is carried out to study contemtare systems, data mining approaches,

and network theory. This study is based on bookisrasearch papers.

The development of an algorithm for processing dadptasets containing end-user
information (transitions between base stationsggnsmportant part of this thesis. In this
algorithm, the basic steps are the data procegsiagclustering and time-based calculus)
and the use of some heuristics (for the contexttifieation of every cluster).

Testing of the algorithm is based on a set ofdriabntrolled simulations and a sensitivity

study explained in the Appendix B..

Service usage is studied with SPSS by using thetsesf the context modeling algorithm.

1.6 Structure of the Thesis

First, a literature review of technologies usedthe thesis is presented (mobile service
evolution, context theory, data mining and netwihiéory).

Borja Jiménez, Helsinki University of Technologyemartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 1 — Introduction 6

Secondly, the algorithm developed to model the exinis explained theoretically. The
basic assumptions, rules and the pseudo code ®fstifiware are described in detalil,

especially the parts more related to the clustguiogess and context detection.

Next, the application of the algorithm is demonsidlausing real market data from Finland
2007. The data set, the algorithm’s configuratiestdblished after a sensitivity analysis)

and the results of a contextual mobile service esaigdy are described.

The main findings of this research are presentethénfinal chapter, as well as some
examples of possible exploitations, limitations &mdre research.

Borja Jiménez, Helsinki University of Technologyemartment of Electrical and Communications
Engineering, Networking Laboratory, 2008
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2 Background

A background for mobile service market is preseritestly (under the perspective of the
new Internet services and the spread of smartphases In the second section, the
handset-based collection of data used is introdudesdt a review of prior studies focused
on the definition of context is discussed to untird the concept of context modeling. The
most relevant aspects of network theory are studgedell since they will be used in the
process of context visualization. Due to the datagssing required, an overview of the
data mining fundamentals is introduced in the feitgg section. The utility of the network

visualization software and some of the tools abéiare examined in the last section.

2.1 Mobile Service Market

Mobile industry is suffering a transformation. Thgeates new opportunities and
challenges for infrastructure, service providersl-asers, and for the future direction of the
industry. The established value chain is being dsttacted at the same time as some of the
classic and tested business models become obssleehas forced the players to redefine
their strategies and market positions. One of thestones of telecommunications industry
evolution has been the deregulation of telephomeicgs (that started in the US in the
eighties with the AT&T division, followed soon blgd UK and Japan), On the other hand,
the liberalisation of the telecommunications retpria regime has allowed new licensed
entrants to compete against the incumbent. But idedpe big changes forced by
deregulation and liberalization, the benefits h&een significant: an improved service
provision and quality, price reductions, serviceawations and modernization. (Li et al.,
2002)

An important key factor in telecommunications eviono has been the development of the
Internet technologies. With the advent of the Iné¢rand the plurality and variety of new
applications brought in, the need for new and nemheanced services in cellular phones

has increased rapidly. However, new technologiegiion has not result in the apparition

Borja Jiménez, Helsinki University of Technologyefartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 2 — Background 8

of new mobile services. This has been motivatedHerintrinsic differences between the
Internet and the mobile telecommunications systémas have made the adoption more
difficult than expected. Digitalization is breakinglecommunications and computer
networking barriers making possible to use samien@ogies in both fields. Unfortunately,

convergence is proceeding slower than expectedt drad been proven the impossibility of

moving applications from one field to another innpaases. The reason is that although
technologies in use are rather similar there eassential differences in architecture and

concepts. (Jorstad et al., 2004)

Less than a decade ago, end-users were servedpyepary networks where the phone
network carried voice, the local area network ealrdata, and the broadcast network
carried video. Each of these networks could be idensd as a vertical pipe (i.e. closed
systems). Because of the Internet, the verticaintdigration of these pipes has been
enabled, allowing new entrants to enter the telesamcations market. Before the

appearing of the Internet, the liberalization ahd tleregulation, the telecommunications
industry was divided into three layers: equipmemwork and services. Nowadays it is
possible to identify six different layers: equipmhemd software, network, connectivity,

navigation and middleware, applications (includesantents) and customers. This change
has motivated the apparition of new players, newodpnities and the openness of the
industry. (Li et al., 2002)

Among all the new business that the Internet hasdenpassible, special attention should be
paid to those focused in the interconnection ofrsiggvhere the value added for the
incorporation of a new member in the network doesimcrease in a linear way). People
have used the social network metaphor for over rducg to connote complex sets of
relationships between members of social systemallascales, from interpersonal to
international (J. A. Barnes started to generalmeterm and concept in 1954). In addition,
it has been used to explain links between peo&lénthe companies (e.g. information
flow or company culture) and communities (e.g.rfde student, social or cultural). The

popularity of Social Networking online has expeded an explosion and websites like

Borja Jiménez, Helsinki University of Technologyefartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 2 — Background 9

MySpace, Facebook, YouTube or Flickr (very good nepl@s of social networking
applications) are expected to exceed 230 millioaatfve memberships by the end of 2007.
The social networking industry and telecommunigaiand media industries have started
looking at how such services and user-generatettisbnan be commercialized on mobile
phones. This is the reason why companies like R&@smel or Jaiku are working to allow
people to create networks of friends that stayaach through their mobile phones.
(WinterBottom 2007)

Similarly, Internet heavyweights do not want to fleis opportunity slip either and they
have started to form alliances with operators agxkbbpers to offer their applications on
the mobile phone market (e.g. BlackBerry devices acebook, Virgin Mobile USA and
Facebook, or Vodafone U.K. and EBay, MySpace, Gadgps and YouTube). The
reasons of this interest are very obvious: produactiosts associated with user-generated
contents are very low and the associated increfadata traffic (the only way for operators
to increase the ARPU nowadays). Because of thezdmal extension of the mobile
services industry, the future of this field is pisimg for operators, handset developers,

application providers and researchers. (WinterBotR®07)

Context-aware computer applications were the atsgmpt to identify end-user contexts
for different purposes, followed soon by the snifaotes. Because of the vague idea of
context and its generic definition, the concepttofntext can be interpreted in too many
ways, depending on the specific application. Semabased context-awareness for adaptive
Personal Digital Assistant user interfaces (seentithet al., 1998), location-aware
information delivery systems (see Chen et al., 200dntext-aware nomadic information
systems providing adaptation (see Gross et al.,1)208daptive on-device location
recognition systems (see Laasonen et al., 2004ptae@ mobile phone applications (see
Esbjornsson et al., 2005, Raento et al., 2005 doW& et al., 2005), mobile context-aware
tour guide applications (see Long et al., 1996amntext-aware computing applications
regarding location (see Schilit et al., 1994) argt gome examples of the research done in
this field.
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This thesis focuses on one concrete applicatia@ntbdeling of mobile end-users context.
Definitions of context and related work will be peaited in the following sections.

2.2 Handset-Based End-User Research Method

Based on handset-based data logs, this researdhirexp way to transform the cell-id
transitions contained in these data into contekirimation. The handset-based data of
mobile end-users used in the thesis has been peesanseveral papers (e.g. Verkasalo
2005, Verkasalo 2007a or Verkasalo & Hammainen 2006

The handset-based data collection has overcome majems in the study of mobile
end-user’s usage regarding subjectivity. Firstipfuser interaction and his/her perception
disappear because the monitoring system acquiesd#ta straight from the devices.
Secondly, the accuracy of the data obtained withomban interaction is higher: a handset
monitoring software can measure the usage fregegnciurations and volumes of all
terminal features and applications (Kivi 2007). Hwer, the data present some limitations
explained in the first chapter that have severeiémice on the results (they are a sample of
a specific - early-adopters of smartphones - lichitmmber of users). Besides this, the
processes of collecting and recognizing locationsfthe cell id transition data logs are
challenging for several reasons e.g. cellular ndtvdimensions (cells can be very large),
overlapping areas covered by different base ststiamcertainty about the physical
topology of the cells for academic researchersy(adtwork operators know the exact
location of their base stations), cell changesatoorcur always in the same actual location
when moving (due to the existing lag in changiniisd® minimize network traffic) or cell
changes not as a result of changes in locatiom$at product of an interference or a power
loose (although they talk about GSM networks anel data referred here have been

obtained from WCDMA networks, see Laasonen ea4).

One of the objectives of this thesis is to desigd anplement a general algorithm that
processes inputted cellular network logs of molghlones. As it is explained in the

following chapters, the most relevant aspects ef dlgorithm are those related to time
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(timestamps) and, of course, to location (basacsttwhere the users are in a certain
moment of time). Thanks to the handset-based aditecion method mentioned above, the
handsets are able to register every activity iresdvtypes of files. Finally, the research
platform sends daily reports to the data bases evtier raw data of end-users are stored.
This material can be used not only to test theedndetection algorithms developed, but
also to interrelate topics as segmentation and twseds, mobile business market studies,

social networks or new technologies impact.

2.3 Context Modeling

Several studies related to context and context@warvices conclude that a definition of
the concept of context is something extremely diffi and it varies depending on the

particular situation and the aim of the study. Bh& no consensus in the scientific
community about several questions related to thra wther although attempts to create a
standardized definition of use-context have beedaen(¢SO 13407, 1999). This way it is

not yet possible to determine without controverdyetlier the context is e.g. static or
dynamic, external or internal, a set of informatmmprocesses, or finally, a simple set of

phenomenon or an organized network. (Bazire & Bliggzi2005)

Kaasinen goes further asserting that contexts efiusnobile environments are something
that vary a lot and may even be continuously chranduring use (see Kaasinen 2003). The
location can be considered as an element of theexb(and it will be measured more or

less accurately depending on the positioning systeuse or, in the case of this study, on

the accuracy of the handset-based data available).

The Encyclopaedia Britannica (2007) defines thetexdnas “the interrelated conditions in
which something exists or occurs (environment sgfti For the interest of this study, it
could fit better the definition already used in thiet chapter: “Context is much more than
the mere location; it is something that relatealtituational factors around the user in a
particular use case” (Kaasinen 2003). But, themoigull definition of context that can be

enough for the purposes of this study. All the uaitonal factors” could be personal,
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physical and social, factors that can be highljyusriced for the environment. Mobile
phones and services can be used in a wide varietgootexts. Under this and the
applications integrated perspective, it is probablyre accurate to refer to the term context
as “use context”, since this study is focused otealang e.g. not only where the mobile

user use the mobile phone, but also what he/séwaistly doing with it.

Many prior studies have tried to define and categahe main elements of the context. As
it has already been said, the difficulty on defghcontext can be moved on to the attempt
of classifying the parameters in which context barclassified. For this reason, for every
deep study found, a new way to describe contexéangol. It is going to be useful for the

thesis to present some of these context descrgtion

Schilit et al., (1994) inspired many later studveish their research about context-aware
computing. In their paper, they assert that conitecsitides more parameters than location
and they name the most important aspects of cantdydre you are, who you are with and

what resources are nearby.

Based on these ideas, Gross & Specht (2001) esiadlia basic classification for detecting
context types in nomadic information systems (sedow). The idea of using
“Environment/Activity” as a parameter is very piiaat. It describes the artefacts and the

physical location of the current situation.

s N
Location
4 J
s 3
Identity of the user
¢ J
[ Context ]—
s a
Time
\ J
& )
Environment/Activity
\ J

Figure 1 - Main dimensions of context (adapted fronGsross et al., 2005)

Borja Jiménez, Helsinki University of Technologyefartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 2 — Background 13

Schmidt et al., (1999), define context by sepagatigain the ideas of “human factor” and

“physical environment”.

information on the
{ ) [ A

_l Human Factors l Social Environment
'S ~
. 7

L J
r: ™~
Conditions
\. >
| _ Fhysical I Infraestructure
( ™
—I iocation

Figure 2 - Context feature space (adapted from Schidlt et al., 2005)

Information on the user refers to habits and emalistate, social environment provides
information about co-location of others, sociaknaiction, group dynamics and the user’s
tasks talk about tasks in a working context. Ondtier hand, in the physical environment
branch, conditions refer to physical conditionspasssure, noise or light among others,
infrastructure talks about surrounding resourceklacation means the position in space, in

the company, in the hierarchy...

In a more practical study regarding context-awaobite computing, Chen et al. (2001),
presents a different classification of contextseldagn the ideas of Schilit, as shown in the

next figure:
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Computing context

User context

[ Context ]—

Physical context

Time context

A I I I

J

Figure 3 - Schilit definition of context (adapted fom Chen et al., 2001)

“Computing context” refers to network connectiviggmmunication costs and bandwidth,
and nearby resources as printers or workstatiddser' context” identifies user’s profile,
location, people nearby or social situation. “Pbgkicontext” means noise, light or

temperature.
Despite these ideas are vague and abstract fotigalaissues in most of the cases, all the
previous research inspired further and more acewstidies on use context detection. Lee

et al. (2005) go further presenting the classifocatof context based on the studies

commented above. Their definition is shown in thiéofving figure:
Arousal
—[ Location ]—
Pleasure
[ Duty
—[ Personal Context ]——[ Time ]—
—[ Movement ]—

Time-on-hand

— Static

Dynamic/Moving

[ Context J—

Context i
Interactios

Social Context

Lacation
Physical Context Distraction
| Environmental Crowding

Privacy

Figure 4 - Conceptual framework for context of usag (adapted from Lee et al., 2005)
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Although another different classification focusedtbe purposes of this thesis is presented
and explained in further chapters, earlier resedmel proven that context can be
understood as a group of parameters that includedaeation, timestamp or current use

(application or service used in the moment of #m@ort) among others.

2.4 Network Theory

As an important aspect linked not only to visudlas but also to the interpretation of the
handset-based data used, some definitions relatide hetwork theory must be provided at

this point.

A network consists of a graph and additional infation on the vertices and the union lines
of the graph, where a graph is a set of vertides gmallest unit in a network) and a set of
lines between pairs of vertices. A vertex represéimé actors or other abstractions of the
real life (like e.g. computers in computer netwonssople in social networks or processes
in flow graphs) and the lines between them repted#ferent kind of relations that link

these vertices considering the logic of the speadétwork used. (De Nooy et al., 2005)

The additional information mentioned in the defomt of network can be included in the
vertices by using sizes (even colours or labelg) ianthe links between vertices. These
connections can be directed (i.e. arcs) or undite¢te. edges or bidirectional arcs). The
links can be weighted as well, giving more inforimatby the simple use of a number in
the connection. These numbers can have differeahimgs depending on the network type
(e.g. traffic rate exchanged between two nodesrépakesent a computer network).

Networks theory and modeling can be used in a sastof problems where actors and
relations among these actors have the valuablennafiton. Networks are used to represent
different kind of structures in disciplines likdegeommunications (e.g. computer networks,
information networks or traffic networks), biologg.g. molecular networks) and even
sociology (social networks are gaining importantehie scientific community and in the

private market due to its relation to the new bes# orientation and the network
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externalities: the more users the more profit,lSebowitz et al., 1996). Wasserman et al.
(1994) suggest the application of the conceptoias networks (considered as one of the
future killer applications, see Karp 2008) in fielike marketing, economics, and industrial
engineering. But, as already said, networks arel usemany other disciplines as well.

Recent papers like e.g. Rohlf et al., (2008) stimynetwork structure of artificial genome
by analyzing the statistical properties of artdicgenome networks. On the other hand,
since the very beginning of Telecommunications, wise of network representations to
describe computer networks or visualize router egtians that helped to analyze structure,
packet flow or traffic and congestion (see Jahalgt2005) has been an important part of
the theory studied. As example, see additional nzapelated to the evolution of IP

networks (Bernardos et al., 2005), Wireless Netwo8ecurity (Xiao et al., 2007) or

business value in social networking applicatiol®J[2007).

The concept of graph, so often used to describé avhatwork is, comes from mathematics
(graph theory specifically) although it has beamagis related to computer science as well.
Because of this, the underlying mathematical tlesoand calculus associated to network
modeling cannot be obviated. Some basic but negesk&initions are provided in this
section. Using graph theory, a graph or undiregegbhG can be defined as an ordered
pair (see Caldwell 1995),

G:=(V,E)

Where,

* Vs a set of elements called vertices or nodes.

* Eis aset of pairs (unordered) of distinct vesjasalled edges or lines.

V and E are usually finite sets. The order of thepd is defined as the number of vertices
and the degree of a vertex is defined as the numbether vertices connected to it by

edges.
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In the same way, a directed graph or digr&ak an ordered pair,
e
G:=(V,A4)

Where,

* Vs a set of elements called vertices or nodes.

» Ais aset of ordered pairs of vertices, calle@ctied edges, arcs or arrows.

In directed graphs, the aads defined as,

a=(xy)

Wherex is the head angis the tall.

From these two basic definitions, an importantacdehore complex graphs can be derived.
These graphs can be used in several disciplingslve big range of problems. They can be
weighted and bipartite graphs deserve special taitefior the interests of this study. A
graph is weighted if a positive number (weight)assigned to each edge. The weights
might represent, e.g. costs, lengths, capacitieaterof traffic exchange. Weighted graphs
are widely used in telecommunications (see Balbkas, 1997). On the other hand a
bipartite graph is a graph with two kinds of vesce.gW andX, in which there are only
edges between two vertices of different kind (Hetdki 2008). The interest of bipartite
networks lies in its possible applications to sbo&works and, therefore, to segmentation.

A very important part of the network theory is fioemation of classes, groups, families or
partitions of nodes. The understanding of the netisobehaviour and the relations
between actors/nodes in various problems (e.gakoetworks) will be easier by grouping
nodes into partitions. A partition of a network is a classification or shering of the
vertices in the network such that each vertex Ega®d to exactly one class or cluster
Partitions, therefore, are very useful for makimdestions from a network to reduce its size
and complexity(De Nooy et al., 2005).
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Partitions are used to reduce networks in threfereifit ways:

» Extract one part (local view). The simplest wayetdract a sub network from a
network is to select a subset of its vertices dhtines that are only incident with
the selected vertices.

* Shrink each class of vertices into one new vergob@l view). Toshrink a
network, the only operation needed is to replasal@set of its vertices by one new
vertex that is incident to all lines that were demt with the vertices of the subset in

the original network.

» Select one part and shrink neighbouring classéedas on the internal structure
and overall positions of this class (contextualwieTo obtain the contextual view,

all classes are shrunk except the one under asalysi

Although cliques (i.e. maximal complete sub netwodntaining three vertices or more,
where the term maximal means that no other vertex lme added to the sub network
without destroying its defining characteristic) aketores (i.e. maximal sub network in
which each vertex has at le&stonnections within the sub network) are used folax
attributes of networks, this techniques are commeniployed to create clusters. (De Nooy
et al., 2005)

2.5 Data Mining Overview

Data mining can be understood as the extractiohidden predictive information from
large databases. This technology that has inspmaredexplosion of interest from both
academia and industry is generally used for congsata understand the data they store or
predict future trends and behaviours allowing besinto be proactive. One of the biggest
advantages of data mining is the opportunity teifglgoroblems that traditionally needed

excessive time to be solved. (Thearling 2007)

The data mining process is based on massive ddlectamn, pre-processing of the

information with multiprocessor computers and fipaktern recognition and modeling of
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interrelationships using data mining algorithms.eDto the development and price
reduction of the storing systems, nowadays all comgs are able to store enormous
amounts of data concerning their business. On ther diand, multiprocessors allow the
fast analysis of big sized files in a way it wagd possible some years ago. Finally, data
mining algorithms process the resultant data with basic scopes: first the prediction of
trends and behaviours (that can be used e.g. get&dt marketing) and second the
discovery of previously unknown patterns. (see et al., 2000)

In essence, all the existing data mining techniqeees be classified into two different

groups:

» Classical techniques: used since the early eighties

* Next Generation techniques: developed over thewasity years.

Due to its high interest in this study, both tecjugis are analyzed deeper in the next

sections.

2.5.1Classical Techniques

Based on Berson’s (2000), the most common classieahniques are statistics,

neighbourhoods and clustering, all used since dhly eighties.

Statistics cannot be considered as data miningstriet sense. Statistical mathematics is
used to understand the phenomena that have gehdhstedata, manipulate these data,
discover patterns and build predictive models sigambjectives with traditional data
mining. The evolution of computers and storing eyst has allowed companies to save
enormous amounts of data, making possible the s@dittidden patterns from new sources
of information. Although statistics are always tethto big amounts of data, they were not
conceived to process such big sized files andishiee main difference between statistics
and data mining. Statistics can be a helpful todhe comprehension of a database through
the use of representations like histograms thavigeoinformation about the statistic
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distribution of the data (probability distributiondr regression methods applied in
prediction of trends. Despite all this, new dataning techniques are more efficient to

process the big files that companies have to hamall@days. (Fields 2005)

Nearest neighbour prediction and clustering arergntbe oldest techniques used in data
mining (see Berson et al., 2000 and De Nooy e@D5). They are very similar in essence
because both of them are based on the idea of igipuie records together. Nearest
neighbour is generally used in prediction, whexdastering can be applied in the detection
of outliers (i.e. atypical or extreme values), suanization or exploration of data as well.
The relation between clustering and segmentatia ihereased the importance of this
technique. Clustering could be defined as the m®oé partitioning a set of data or objects
in a set of meaningful sub-classes called clustdrish will help to understand the natural
grouping or structure in a data set. It is an uesuped classification in the sense that there
are no predefined classes or clusters at the biegin@luster is a collection of data objects
that are similar to one another and thus they @lfrdated collectively as one group (the
definition of the word similar depends on the speqroblem). New techniques deriving
from clustering like e.g. biclustering (i.e. a sitaneous partitioning of the set of samples
and the set of their attributes) are nowadays d@emat study taken under the data mining
perspective. (Busygin et al., 2008)

By applying clustering methods companies are ablee.y. group the population by

demographic information into segments which thely wge e.g. in targeted marketing.

Since one of the objectives of this thesis is tougrcells into four groups regarding end-

user’s context, the use of clustering methods besamlevant.

2.5.2Next Generation Techniques

Developed over the last two decades, the new datangntechniques such as decision
trees, neural networks and rule induction are ggimnportance and their use is increasing

these days.
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Decision tree induction is a well-known discipliime Machine Learning. Based on the
decision trees used in decision analysis theodedasion tree or classification tree in data
mining is a predictive model that can be viewedaatree. Each branch represents a
classification question and every leave of the @e® partitions of the dataset regarding
those classification questions. One of the mainaathges of this technique is that it
divides the data on each branch without losingiafgrmation. Trees have been applied in
business for segmentation or decision making, lbey aire commonly used for exploration
(by simply checking the predictors and values zgili for each split of the tree), data pre-
processing (for other prediction algorithms) or dicgon (exploratory analysis). This
versatility is the reason of the wide usage of sleai trees in data mining. (Llora et al.,
2001)

On the other hand, neural networks are a brantheoértificial intelligence focused on the
development of networks that try to emulate theraletissue of the brain. Although it is a
relatively old technique (they were mentioned edtfduring the Second World War) they
have significantly evolved since the middle eightidhe main characteristic of these
networks is that they are capable of learning ntbelves through experience (training
with specific predefined patterns). There are sdvatgorithms to model the neural

networks (e.g. Kohonen or Back-Propagation networkise choice of the specific model

and the datasets provided in the training stageruhte the future behaviour of the
network. Neural networks have been used in busifesa wide variety of applications

(e.g. they have been applied to bank’s applicattbas detect fraud in the usage of credit
cards or decide whether a person asking for a i®anpotential debtor). In addition, they
can be used for clustering and prototype creatiotljer analysis or features extraction as
well (i.e. the detection of the most relevant peéatis that will be used in building models),

extremely useful applications in data mining. (Keleger, 1996 and De Veaux 1997)

Machine learning can be considered as a subfieltiefartificial intelligence (Ryszard et
al., 1983 and Alpaydin 2003) because it usuallenefto the changes in systems that
perform tasks associated with artificial intelligen Such tasks involve recognition,
diagnosis, planning, robot control or predictioasks commonly linked to the artificial
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intelligence theory (Nillson 1996). The objectivé machine learning is the design of

algorithms that allow computers to be able to mtednd learn through experience. This
need comes from the difficulty in programming thgoaithms to solve some problems that
cannot be focused on a classic way. These problechale e.g. those in which there is no
human expertise to know the decisions to take denisig the obtained results, those where
there is high human expertise that cannot be easgjained or taught (e.g. hand-writing

recognition or natural language understandingkstasid problems related to fast changing
phenomena (e.g. finance and stock market) or thelséed to personal applications (e.g.
spam filters that have to adapt to specific restms for every user). Machine learning is

close related to the fields of statistics, dataingrand psychology but with differences of

emphasis. The objective of machine learning is dleeelopment of an accurate and
effective algorithm embedded in the resulting cotapgystem carried out to process the
data, extract conclusions and take decisions dverrésults (Dietterich 1999). Pattern

recognition, another important goal of neural neksaand a subtopic of machine learning
is an important aspect of data mining as well (BsR006).

Finally rule induction can be considered as thetrmnosimon form of knowledge discovery
in unsupervised learning systems (see Berson,e2G40). Besides this, it is the technique
that fits better with the concept of data miningtls search for “gold” through a vast
database. These rules are generally quite simpletlfien-if conditions) and they tend to be
associated to relative values calculated from thi& de.g. percentages of usage, sales or

repetition).

The business value of rule induction techniquesdie its simplicity. This technique can be
highly automated and it is, therefore, a very gasyse method for companies. But the if-
then rules present an important disadvantage: tleeabundance of interesting patterns
discovered make the prediction process even mongplcated. Rule induction can be

applied in concepts such as the return of the invest.

Although similar in the basic idea, decision treasl rule induction present important
differences. The main distinction between themhit tdecision trees are stricter in the
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process of splitting the data when creating thendiras in the way that every record
matches one and only one condition. On the otherdhaules induction leaves the
possibility of keeping data not classified in thetaket at the end of the process or have
these data classified regarding different rulesr@hmay be many rules that match a given

record).

Rule induction technique is probably the most evegbtrocess used in data mining. It starts
the classification from a high level rule and frahat rule it begins to add constraints
making the groups narrower and reducing the coeerddne clusters become more
consistent as the rules are stricter creating gtgmoups from the data. Because of its
simplicity and versatility, the rule induction is'\@ of the most used techniques in data

processing.

2.6 Network Visualization Tools

In the next sub-sections an overview of the evolutf network visualization techniques
and tools is presented together with a comparanadysis of some of the tools available
nowadays. The last chapter provides a brief exfiamaf the tool that fits best in the

purposes of this thesis giving objective justifioat

2.6.10verview of Tools

Due to the continuous increase of the volume ofdaat big companies store, the
representation of the information using graphidddes become a difficult task. Most of
this information can be interpreted as networksratiee nodes are objects and the edges
or arcs represent the relations between thesetsebjgue relations can be defined following
many different purposes and approaches (e.g. wloaesn represent individuals the
connections can be social connections, likingsasempthood), they can represent physical
measurements, computed aggregated (e.g. mean iane&r or abstract quantities (e.g.
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probabilities). Besides, the connections can bectkd, undirected, time varying or static.
(Eiek 1996)

One of the most used techniques to visualize néswvisrthe diagram of nodes and links.
The graphical objects are placed in the displawels as all the connections among them.
Thickness of lines, colours and sizes of nodes larks are used to provide additional
information as encoded statistics associated \wiimt

The need of working with large networks involves tiise of excessive information. The
network visualization tools are overwhelmed withgbwolume of data that they are not
able to represent in a clear way, becoming cluttared visually confusing. There are three
reasons for this:

» Display clutter: for the reasons exposed, the t@oés easily overwhelmed when

processing too much data.

* Node positioning: The interpretation of the resuleppends strongly on the node

positions.

* Perceptual tension: There is a tendency in the efiegf networks to consider
closely positioned nodes as related. Converselstadily positioned nodes are
perceived as unrelated. Nevertheless, lines coimgedistant nodes are perceived
better because they cover a bigger part of theescrll the networks visualization
should consider the perceptual tension to takeradga and use it to provide more

clear images.

New tools solve the information overload problenotigh a clever node positioning, the
use of colours, sizes, cluster methods (in ordenetluce complexity and provide hidden
information of relations and groups) and 3-D graplkere the connections don’t cross
each other (see Eiek 1996).
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2.6.2Comparative Analysis

The table below presents a comparative analysisoofe of the tools used for network
visualization. They have been chosen from all Weslable tools in the market because of
their features, which fit in the purposes of thisdis: a clear visualization of the context. In
the table, the most relevant characteristics apgvshafter a previous analysis of every tool
(all except the last two that are private and ttoeeenot available for free). Aspects like
“easy-to-use” or quality of the documentation althb subjective, have been justified
following objective criteria (e.g. how easy is ta@ a simple graph without any previous

knowledge is the argument to decide whether aiso@hsy to use).

FEATURES | LANGUAGE EASY-OF-
USED TO L{I'SOED(E{:W APPLICATIONS SUPPPORT SPECIAL PRICE
DRAW A REQUIREMENTS
TOOLS GRAPH A SIMPLE
GRAPH)
Computer networks, FREE Although
Jgraph JAVA No SW. Architecture or | 3,0 APy | JavA(sDK) | hereisaPRO
database connections. Version to
CONCEPTUAL purchase only
SW engineering,
netwoLkr:r;a}l gg;aébases, DOT
GraphViz DOT Yes representation, and bio- Lil/lnfnu;ge JAVA (SDK) Free
informatics but NO large
networks
Written in Visual maps of social
JAVA. networks, Web site link Itis hidden
MySQL structures, and concept ;
Condor commands Yes maps of unstructured the way it JAVA (SDK) & Free
: works MySQL
and documents, online
: ) ; (Gun
interaction forums, phone archives,
with the GUI e-mail networks...
One book
explaining
Basically developed for the Free for
Pajek "Pajek’s" Yes Large Network analysis concepts TXT TO PAJEK Academic
(Social Networks among of social TOOL
purposes only
many other) networks
through
this SW.
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Team Building, Unknown the
Organization Design, exact price.
Internetwork Design , Three options of
Post-Merger Integration, purchasing:
Knowledge
Yes. As Management , 1)SW only with
private Leadership on-line
Tool it Development , Mapping Documentation
provides Terrorist Networks ,
. an easy Industry Ecosystem 2)same plus
InFlow Private Tool GUI, Analysis , Network Yes None introductory SW
document- Vulnerability, training
ation and Assessment ,
company Community Economic 3)Consultant's
support. Development, Package for no
Discovering experienced
Communities of Practice users in network
, Mapping and analysis
Measuring information including a basic
Flow... course
See the big picture of
the data. Discover
Yes. clusters and
TouchGraph Private Tool Same interrelations within Yes Unknown Unknown
case as data. Analyze and
InFlow create reports. Discover
patterns and refine the
results.

Table 1 — Comparative analysis of network visualiz@on tools (see Tools 2008)

JGraph requires big training in the tool before ensthnding how to draw a simple graph.
On the other hand GraphViz uses a language (DOTWrite the files containing the

network information that makes the process of dngwa graph a complex task. Condor’s
graphic user interface hides some operations negd#te process of context modeling.
Finally, InFlow and TouchGraph presents a big nuntfeadvantages but they are private

solutions.

Pajektool deserves special attention since it is theseh tool to present the graphic results
regarding end-user’s context due to its simplicity.

Pajekis a program for analysis and visualization ofjéanetworks (i.e. networks of more
than thousands or even millions of vertices). Itaidree available software (for non
commercial use) running in Windows OS created 08613ith Pajek it is possible to

represent computer transportation, communicationias and intra - inter organizational
networks, genealogies, flow graphs or molecule naapsng many others. Due to this, it is

a very versatile tool useful in many areas. Thergjth ofPajekresides in the way it works
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and processes the data. Large networks cannog¢dedr efficiently using standard network
analysis tools which are mostly based on matrixeggntation (as e.gondorViewy and
are, therefore, limited to networks of reduced gg@me tens or hundreds of vertices at
most). This is the main reason to choose this nmdétwasualization tool in the

representation of end-user’s context from all thigams. (De Nooy et al., 2005)

The goals of this tool are:

» Abstraction: by recursive factorization of a largetwork into several smaller
networks that can be treated further using moréistipated methods. This is based
on the concepts of cluster and neighbourhoods. Rdjek it is possible to find

clusters and extract and show vertices that belotige same cluster separately.
* To implement a selection of efficient algorithms farge networks analysis.

» Pajekworks with six different data structures to impkrmthe algorithms:
Network (a collection of nodes/vertices and linksgéedges), Permutation
(reordering of vertices), Vector, Cluster (a subsktvertices grouped following
some specific criteria), Partition (structures tbamtain information for each vertex

such as which cluster it belongs to) and Hierarchy.

The usefulness of this tool will be shown by grapatamples in the last chapter.
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3 Context Detection Algorithm

3.1 Introduction

This part goes further in the ideas and theorigda@xed in the background chapter. From
the study about context and location modeling darthis section, important insights will

be derived that help in the design and implemesnati the context detection algorithm.

As it was presented in the first chapter, one ef ittain objectives of this research is to
build an algorithm for processing big amounts afdset-based data. The algorithm should
be able to identify the end-user context. With thesthod academic usage-level studies can

be carried out with contextual perspective in mind.

First of all, the concept of context is definedr FHais purpose, all the ideas and context
classifications analyzed on the previous chaptérbgithe starting point. The main aspects
of context, known as context variables, will beatidsed as well.

After that, the study goes further in the locatinadeling based on raw data. A big point of
interest is how to use and analyze the data fa #im. In this section there is an
explanation about the basic variables used, tied@vance, and the possibilities that this

type of analysis leaves open.

Finally, the visualization tool and the methods duger presenting graphic results are
briefly described as a helpful value added that stamw visually the results obtained in a

numeric format.

3.2 Definition of Context

One possible way to find a definition of the cortcep context is to ask the proper

guestions about users and context. This thesisiestuthobile end-users and devices.
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Considering end-users, the information requiredditecting context and context variables
is provided by the following questions:

« Is the user moving?

- What date/time is it?

«  Where is the user?

«  What is the user doing?

Concerning the devices,

- What application is launched at this moment?
- Which base station is the mobile phone connected?

- What kind of connection is the mobile phone using?

Based on some of the concepts and classificatigpkieed in the second chapter, the
guestions mentioned above can be quickly transiatedcontext variables as the following
figure presents:

—— Home

[ . Office
Location If
On the move

—— Abroad
Working/ Not werking
, Y Working week/ Weekerds
Time [ Day/ Night

- ")
—[ UserContext ]— L Total amount

] CurrentUsage

- - Static
B Movement *‘7
. Dynamic/Moving

Coverage

{ Context ]7

[ Physical Context ]
Environmental
Context -
[ Social Context I
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Figure 5 - Context classification
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Before explaining the classification assumed i @tudy, a definition of context is now
possible. For this studgpntextis “a group of variables, parameters or characteristicat
sets, specifies and helps to understand in a chegy, without ambiguity, the situation of an

entity (1) in its current environment (2)

As a definition carried out for the purposes ofthesearch, it will be explained part by
part.

(1) Context is a group of variables parameters or dbaratics that sets, specifies and

helps to understand in a clear way without ambygilé situation of an entity [...]

Thus, a group of variables, parameters or chatiatitsr defines what is going to be used to
detect the context and, later, the location of &ifeend-user (considering location as main

part of the context).

As already mentioned above, context can be divided two primary sub-contexts
regarding the user (user or personal context) hacehvironmental context that relates to
all the external factors where the user has norcb(gnvironmental or physical context in
some studies e.g. Schmidt et al., 2005 or Cheh,e2@01).

For describing the end-user context, four variabhbage been identified:

- Location that is not only considered under a geographocgbositional point of
view, but also as a specific way of using the nebpihone. The basic location will
be marked asHomé, “office’, “on the moveor “abroad.

- Time a very important aspect to take into account emtext modeling. Time
stamping allows the identification of context byane of e.g. dividing the day into
blocks (night time and daytime or working hours aad working hours), dividing
the week into weekends or working week, or considethe total amount of time

spent (relative time indices in percentages).
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- Current usagei.e. application launched at a certain momentess technology
used or time of use among others (e.g. entertaintmentells about the context in

the same way agenda does — work or spare time).

- Movement End-user context can be static or dynamic (éngnie/office”or “on the

move”).

The second part of the definition relates to tharenmental aspect of the context,

(2) ... in its current environment.
This sub-context can be divided into:

- Physical contextregarding to the handset, the physical contegescribed in terms

of coverage (can be measured by detecting consectransitions between two

specific base stations) and connection type (ei§i)érms.

- Social contextdescribes likings and preferences of e.g. mudists, applications
used or websites visited and interactions betwesaplp (regarding voice calls or

connections because of similar likings).

In this research, the data processing and visu@lizaesults are conceived under the

hypothesis of the end-user context division intar floasic contexts:

- Home

- Office

«  Onthe move
- Abroad

Although this classification derives exclusivelprin the location perspective, the context
“home” does not mean only a location, but also § wfausing the handset in that specific
area. Contextual information from the handset-batsd is extracted taking into account
several factors (cell identifiers, timestamps o Hctions reported, applications launched,
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etc). This information is transformed into “spéciflocations (in terms of base station
identifiers) in the following step of the procedure

In addition to the extraction of high-level contexthe concept of cluster will be introduced
later), also sub-contexts inside these high-lewsitexts can be found. Furthermore, the
identification of usage patterns, trends and usasith becomes possible when using
extracted contextual information with other data.g(e application usage logs).

Academically, the contextual study framework op#res door to many new opportunities
(e.g. it is possible to analyze the adoption, usagklocations of use of new technologies

across contexts).

Due to policy issues, privacy and end-user’'s anatyyprotection, it is not possible to
“translate” these locations into geographical infation with the data provided, so the
detected contexts cannot be associated to a poatmap. The visualizations expected will
show the movements of the mobile end-users (pathsase stations), the connections
between base stations and the key contexts detdmied will be not possible to extract
geographical information from the base station idiens. Nevertheless, there is always a
chance to turn these base station connection gigfto geographical maps with the cells
superimposed once the relation between base statwposition is known.

Thus, base station indexes, the closest paramatethe dataset to “geographical”
information available, are used as zone markersravitlee user spends his/her time.
Obviously, a cell identifier is not the same as #ssert “the user is at the coffee shop
closest to his house in his/her neighbourhood”, ibig a first very good approach that
linked to time stamping allows the researchers deniify basic places as the

home/office/on the move/abroad mentioned above.

The process of modeling of the mobile end-usertsation cannot be fully understood

without an explanation of the data used. Thesewldithe analyzed in the following point.
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3.3 Data Model

The method utilized in this thesis is a handseetasnd-user research developed in
collaboration of Helsinki University of Technologgnd Nokia. It consists of two main
modules. The first one is a Symbian handset ctigattis basically running all the time as a
background process, monitoring several phonesiiaes of interest, generating log files
with this information and finally sending those ogs to centralized Internet servers
(usually one or two times per day). These spe@dlidatabase servers are the second
important module. The aggregated raw data deriverh finternet servers are used for

analysis and reporting.

Thus, after the users have signed an agreementacgrdll the information regarding e.g.
applications used, movement, voice calls or sulecinformation (direct answers to

guestionnaires) is stored.

There are two basic observation categories:

Obijective information

Applications and services usage as the following,

» Voice: voice calls log or phonebook contacts.

* Messaging: Standard and multimedia messages and @Enganumber and
form of attachments is also stored).

* Imaging: Photos and videos taken.

* Applications: activation, installation and remow#brmation.

* Browsing: Websites browsed.

» Traffic: Package data traffic generated.
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System information,

» Cell Id metrics.

» Battery levels.

» System crashes.
* Memory status.
* Profile actions

e On/Off report.

One important matter is that each one of thesereasens is stored with a time stamp,

something that will be really useful as it will beplained afterwards.

Subjective informationWeb based complementing questionnaires and oicelprompted

context sensitive "mini questions" are part of tindtiative as well. Questionnaires

regarding demographics and current context are as&ell (mobile questionnaires).

Naturally, the size of the data logs will vary degig on the technical configuration of the
research tool and on the device usage (typicas rpen ten kilobytes to one hundred and

fifty kilobytes per day per user).

For researches, the advantages of this kind ofrmdion recovery and storage system are
numerous. The big potential of this applicatioma only the fact that this kind of data
overcome the problem of end-user's subjectivityg.(¢his method is more accurate
guestionnaires), but also the possibility of gett@nnew type of information (e.g. size of the
files downloaded, precise music artists play l@stexact report of the base stations visited
every day) that allows researchers to raise newstgues and opens new ways of

investigation or offers companies new business dppities.

From all the data files and all the possible infation available, this chapter is focused on
the parameters that allow the context modeling.
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First of all, the framework of this study should beentioned. The data used for the

modeling process refers to mobile end-users. Wheset users are moving, their handsets
are changing their base stations all the time @iceess points to the networks). Typically,

the mobile phone will be connected to the closeskbstation geographically or with the

one with the best radio link quality available. Whbe user starts moving, the handset will

check for another base station in order to rectfieebest signal. If the phone finds a better
option, it will connect to this one and a changéade station will occur.

The information contained in the file is a timemsps sequence (date and time) that reports
every change of base station along the day. Infoomaabout the new base station is
provided as well. This file has a specific formaithwthe information separated into

columns.
The most remarkable fields are the following:

* Terminal id: Information regarding the end-user.

* Date and time: time stamp of every connection lbase station.

* Mcc and Mnc: Mobile country code and Mobile netwaxdde for the present
situation (at the associated time stamp).

* Lac and Cid: Local area code and Cell identifiar tfee present situation. The

information of these fields is hashed in order tntain end-user's anonymity.

How to process the data to obtain context inforamats the main question that next parts

try to answer.

3.4 Design of the Algorithm

The objective of this section is to describe a waynodel end-user’s context that includes
data processing and the design of an algorithmidapa detect context information.

From all the fields that compound the data analymaty terminal id (to identify the users),

date and time (time stamps will be the key to detentext), cell id (to identify the cell
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where the user is) and mobile country code (to khser's movements abroad) variables

are used.

The concepts of context and location are very clos¢he purposes of this study although
location has been considered and defined as aopéne context. The steps to model the
end-user context are, first, to try to identify klygoups of cells and, second, to detect
whether these groups can be classifiedasg office, on the mover abroad

3.4.1Clusters

The big amount of data to process involves the grauof cells into clusters in order to
reduce complexity. But the grouping of “physicatlpse” cells cannot be only considered
from the context detection point of view. The viszation of the context through network
visualization tools requires it to simplify the nber of base stations that one single user

visits along the time of the study.

How to identify clusters? First of all, a clustergoing to be considered as a group of cells
that are close physically. There are situationsre/tibe boundary of separation between
two cells is in the middle of a building (e.g. an®) or others, maybe more realistic, where
there is a home context in the overlapping zonsowérage between two base stations. And
this is a more realistic situation because the @me of close base stations generally
overlaps in their limits. The reason is evidene #ones without network coverage have to
be minimized in order to provide service at evelgcp. If the house is in the mentioned

overlapping zone, every time the mobile user gogsfeem one room to another a change
of base station occurs because he/she is crogssigdundary. Another transition will take

place every time that there is interference or wgyoloose among other situations. Of

course, the context is the same in this particeda@mple (home) and the context detector

algorithm should be able to understand those situsgrouping both cells as one.

With the data available, it is easy to identify dbeboundaries. In the log files there are

many situations where it is possible to see a semef changes between two particular
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cell ids, changes that are very short most of ithe.tIn the report file, it can be observed
that e.g. from one base station marked with theideiA” there is a transition to a base

station marked with the cell id “B” and subsequgmthother change to the first one (*A”

again). These transitions usually appear many tspesad in the file, what means that they
are not just a bug because of a dead batterydegssible bug could be a situation where
the mobile phone connects to one base statiorhatiery dies and when the mobile phone
is switched on again it is done by chance in ths hase station) but they are a symbol of

cells that can be grouped into one.

The cluster identifying is the first step in thentext detection. The algorithm developed
works with group of cells. This assumption has tigp advantages: first the data reduction

and second the conceptual aspect.

The data reduction (grouping all the cells thakolwlthe rule explained above) results in a
better visualization (although this aspect willeogplained after, less cells means less nodes
and less connections what clears the image) and more efficient processing (the

algorithm to process the data will be faster whandting lower amounts of data).

Clusters have to be understood as areas that cardénseveral cells. This is one of the
reasons why it would not be possible to translatecty contexts into locations (the other
is the impossibility to know real geographical piasis of the base stations, coded by the
network operators)Home context is going to be identified with the celtsat covers real
home and those which cover its surroundings as wivelly. every day the mobile user is
going to visit and have a brief talk to his/hergidiour or if this user simply goes to fill the
tank of his/her car in the gas station closest isshar home. Clustering is especially

important in cases like office context where peapteve more often along the day.

At the end, all the cells are grouped into clustdisese clusters will consist of a non
determinate number of cells or, in some cases (gbéyéor most of cells detected as on the

move context), the cluster will be formed by a tncgell.
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3.4.2Contexts and Sub-Contexts

As already said, home and office cannot be undedstas geographical positions
exclusively. In this study, home represents noy ¢iné place where people reside but also
specific locations where people spend long permfdsme at particular hours of the day.
For this reason, from the very beginning the ideaomtext was broken down into context

and sub-context.

With the sub-context concept (i.e. a more detgilad of the primary context) it is possible
to find situations where there is more than one déam office for the same end-user
(sometimes even more than two or three). The egfitam is simple: e.g. for one person
his/her real home can be identified but if thissoer spends every weekend at his/her
parents place, this location will be identifiedremne as well. Therefore, the sub-context is
a division of the main context (home or office)argeveral little contexts that fulfil the
rules used to identify the big context but thatrezrbe considered the same location. The
context detection algorithm ranks all the differéimimes and offices detected taking into

account the total time spent at that position.

The need for sub-context appears in the researgdctoles of this study: it is more
important to place and identify where the mobilerudoes what he does in terms of context
(e.g. use a specific application at home), rathan ttranslate these places into geographical
positions. Of course, the idea of personal and deduadvertising is very attractive for
companies for obvious reasons. But from the rekearand company point of view, user
habits knowledge is a more powerful tool that carubed in studies related to adoption of

new technologies (regarding penetration) or intteebsegmentation of the market.

The case “abroad” is special and it shows theess¢nce of this understanding of context,
so close to the term location. For the interestaofervice usage analysis, it is less
interesting to follow the user movements when heistabroad than being able to identify
the moments when this user is in another countrgl @l the information regarding his/her

interactions with the smartphone). Under a locatuanspective, the context abroad is

reduced to one single cell for every country vidit€he idea of showing the path to the
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airport or analyzing the usage abroad prevails aemtifying the moves when the user is
travelling. The big context here is “abroad” ané gub-context, the name of the specific

country visited.

The limitations of this study begin at the poinattisubjectivity is needed and becomes an
important part of the decision making. But, althlougubjective, the rules to detect the
context have a simple and certain logic in thigipalar case at least (home, office and on

the move contexts) as it is explained later.

3.4.3Time-Based Modeling of Contexts

In the background chapter there is a list of presistudies where time is considered as an
important contextual factor in general and a venpartant parameter to identify contexts
(see Chen & Kotz, 2000 or Gross & Specht, 20019nfall the variables used to define the
context, time is the key of this research in thiecd#n of end end-user contexts.

The idea of using time for modeling the conteXus a practical issue: every action in the
log files used has a timestamp that allows the wmalysis. Although there are no more
chances left than using time to process the datatiwe information available, time would
be always the best solution for the process ofecdmhodeling. The aim of the algorithm is
to identify the context of every cluster from amdmgymne office, on the moveor abroad
For this purpose, time is used to classify userabiglir into several statuses, regarding
three different approaches:

» Division of the week into working week and weekends
» Division of the day into day and night.

» Division of the day into working hours and restiafe (duty and off duty).

The total amount of time spent in every one of ¢hssguations is the value used in the

analysis.
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People spend most of the time at home. This idadbeatranslated into terms of absolute
times. To detect home context, a time-based magledientifies those clusters where the
mobile users usually sleep, those where they speoat of weekend hours or those with
the biggest amount of time spend during non workingrs. The limitations here can be
found in the subjectivity that appears when degdime threshold values (e.g. when the
working hours start and when they finish) but nothe assumptions made. It is true that
there are many exceptions and that every user fiasygarticular schedule. Therefore, the

difficulty here is to design a general algorithmatthas to be powerful at the same time.

From this conception of time as a key parameteointext classification, it is now possible
to understand the definition of context presentefbte. To use the variable time to divide
the user behaviour into blocks provides informataiout leisure time (home), working
habits (office that could have been named as usityeas well) or actions and activities

done in temporary locations (on the move).

Finally, it is possible to assert that the valudemtiof this method regarding segmentation is
very high. Companies are more interested in knoveirgg what kind of applications end-
users use more often at every one of these contgkie working, at leisure time and on
the move (in the way to somewhere).

3.5 Context Detection

All the necessary elements to detect context haen Ipresented along this chapter. First
the clustering method that makes possible the gngupf close cells (in terms of context)
and second the use of time as the key variableeindentification of the type of context.

The algorithm developed to process the data anectdend-users context is explained in
this section. This algorithm has been implementétl dava but the interest is focused in
how it works (high level description or pseudocodég rules to detect the clusters and,
after that, the conditions to identify the contdrt.other words, the chapter introduces the

design of the algorithm.
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First of all, it is necessary to clarify some aspeelated to the dataset. The file that
contains the data used in this study is a verysizgd file. It stores the data regarding all
the end-users what makes this file something dilffito process for a normal computer.
Because of this, the first practical step is tatghls big file into as many files as users it

has. This action lets the whole process goes faster

From now on, only one user will be considered atdgame time. Therefore, it is correct to

say that the algorithm processes every user inagialiyl

The file (that is sorted by users, date and timdé)bg modified during the whole process,
adding and erasing columns with all the calculaialone. The file processing is the
cornerstone of this research. For this reason japstention is paid to these changes in the

format of the file.

The first thing to do with the file is to selectote users with enough data available (for
example end-users with less than three weeks iveacsage will be excluded). The reason
is to have enough data to detect contexts andongive the same importance to contexts

detected for users with very few information.

Once the users that will be finally analyzed areecked, the split of the file begins. In this
process a new column is added: the day of the wigk.information will be used later in

several calculations and functions (it can be cereid a part of the timestamp).

One of the first actions is thaetection of the context abroad With the specific column
containing the mobile country codes, it is possiblextract all the situations when the end-
user moves to other countries. The main drawbadkisipoint is the fact that the dataset
can have mistakes that should be detected e.gs vdsge a different mobile country code
appears for just a brief period of time (seconddl)these cases must be erased as well as
every movement abroad with less than ten actionkeést ten timestamps in the country
visited and more than six hours spent on it willrequired to consider that the user under
analysis is effectively out of the country). Onbe tontext is detected, all the cells of the
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same trip are grouped. This action will have paléc effects that are described in the

following sections.

The data provided can have duplicated cases ngt letause of the abroad context
detection (the group of cells have the same cehtifiers). In this study, a duplicated case
is a sequence of repeated cell identifiers for eounsve timestamps. These situations
cannot be considered bugs, but they must be erdbedexplanation of these repetitions is
simple: when the system of the base station fallsnd the phone suffers a power loose or
simply when this phone is switched off and switcloedin the same position, the cell

identifier of the following case is the same. Tdedé context the only thing needed is a
sequence of different cell identifiers. This sequeeis “the path” that the user follows every
day and that has been registered in the log fileh\is sequence, time spent at every
location is calculated to detect clusters, and tdueo more information is required, those
repetitions are irrelevant. It is possible to erismm without losing any information just

preserving the first appearance of the repeatéddesitifier.

3.5.1Cluster Analysis

Next step in the procedure is thkister extraction. Before this, it is needed to calculate
the time spent in every transition and, with théses, the total amount of time spent for
every user in the whole panel. Transitions (conseeueports) of more than one day are
not considered here. Thus, the maximum amountnoéd 8pent in one transition is twenty
four hours. The reason is obvious and it is explhiaonder the cluster point of view in the
specific sub-section: long periods of time in agkncell could not represent “presence” of
the user in that cell. They could be explained @s ‘@ower loose” or “dead battery”,

giving big importance to cells that are just “oe thove”.

Once the absolute times have been calculated,|gbetam tries to find sequences “A-B-
A” i.e. when from cell “A” the user moves to ceB™ and from there he/she goes back to
“A”. In the file, this repetition will appear whetihiree consecutive cases with this sequence

of cell identifiers are found (three at least hutduld be “A-B-A-B” and so on). This kind
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of situations that could be called “sandwiches”sprés very valuable information. A
repeated sequence of cells like that permits theaeton of user behaviour and user
contextual information. It is possible to find agbiumber of examples that can explain
these movements (e.g. a big house that is coveredcbuple of base stations so when the
user moves along the house, the mobile phone iseoting to one and changing to the
other all the time; a person that works in thecaffand is moving all the time to his/her
colleague room which is covered by a different bstagion; a mobile phone user that has
his/her parents house in front of his/her own harse he/she makes visits every day) but
in all of these cases the conclusion is the sahgecontext does not change even if the cell
identifier is changing what does not strictly mehat the user is moving. These sequences
of cells are the basic idea of the clustering mettheveloped. But some kind of recurrence
is needed before asserting that two cells can hsidered close cells because the sequence
could be a matter of chance. For this reason ane Situations should not be detected.
Another advantage is that due to this assumptieratborithm becomes stronger: the fact
that two cells are together physically is not tmyaequirement to consider them as the
same context. The number of times that a sequehcepeated cells has to appear to
consider the cells involved as a cluster is a mattenalysis that will be discussed in the

next chapter.

In the process of cluster detection, special atienis paid to the situation of the cells
marked as “abroad”. Due to all the steps explainefdre, every travel to other country is
reduced to one report (one single timestamp thatbeaotherwise very big regarding time
spent on it) what means one case in the file. Algfiothe chance of clustering a cell
identified as “abroad” decreases as the numberepgtitions needed increases, the
clustering method developed ignores the clustesirtfese cells. It is not possible to accept

the risk of grouping timestamps regarding tripsoalt
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Figure 6 — Input data model

The results of this clustering process are givem inew column added to the file. This
column is initialized with the same values that ¢toéumn cell identifier has. Every time a
cluster is detected, the new column changes. EHe mvolved are grouped simply by
changing their cell identifiers (every time theglldd. appears in the new column) for the
cell identifier with the biggest amount of time speThe result is e.g. that there will be no
more apparitions of the cell named “B” in the nesuenn (it will be replaced for “A”) if
“B” has less amount of time spent than “A” (in thiher case “A” is replaced for “B”). The
detection goes from the first case to the last diels, e.g. when every apparition of cell
identifier “B” has been replaced in the file witA™once they are considered a cluster, new
situations “A-X-A” or “X-A-X" appears due to thathange. For this reason a cluster

usually contains a group of more than two cells.

( b ( bl [ ]
l Cell id. J l Total time spent J L Clusterid. J
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B —— 100 A o —

A 100 A

B 100 A
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Figure 7 - Process of clustering (cell B has beenogiped into A)
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At the end of this process the new column createdains the cluster identifier associated
to the cell that appears in the column with theoinmfation about the current cell. If the
cluster identifier is different to the cell idemgf, this cell has been grouped, at least, with
the cell which has the same identifier as this<eluster identifier. If the cluster identifier
is the same as the cell identifier, this cell has lpeen grouped or this cell is the most
visited from all the cells grouped (this is why tbleister has been marked with its cell
identifier).

It is important to highlight the fact that the appan of a first cluster affects the rest of the
clusters found because when two cells are conslddose cells and are grouped, one of
these two cells is renamed with the identifier lbé tother. If every apparition of the

renamed cell is changed, this means that new ctubtween the grouped cells and new
cells can appear. This is one of the biggest litioits: due to a time-based modeling, the

order of the cases is essential in the detectidrdatermines the quality of the results.

After all the close cells have been grouped, thé s&ep of the algorithm is to calculate all

the times needed in the context detection,

» Total time spent during weekends.
» Total time spent during the working week
* Total time spent at nights.

» Total time spent at working hours.

These times are calculated for every cell and theevery cluster.

3.5.2Context Extraction

With this information the algorithm starts tbhentext detection The aim of this process is
to classify every cell used for one user into “hdnfeffice” or “on the move” context,

since “abroad” has been already detected.
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The first action is to classify every cluster retiag to static or moving (home/offica on
the move). The algorithm calculates the total amofitime spent in a cluster and establish
a threshold of minimum presence on it. For all the move” clusters, the time spent will

be lower than this threshold.
The procedure of the algorithm is as it follows:

1) To classify clusters into “home/office” and “on theove” (detecting big contexts)

by checking the total amount of time spent on them.

2) To detect whether the resultant clusters are officaot (in that case they will be
considered home) checking all the times calculatetlestablishing thresholds.

As already said, the second step uses basic hotdsgumptions considering time to mark
clusters of cells as home or office. Generallyy@dal user spends at work eight hours per
day on average, never sleeps at the office andlysloes not go to work on weekends.

Although these requirements are very general, these two big advantages: first they
allow the classification of clusters and cells e tway needed and second they are very
flexible (the limitations and the weakness of tbatext detection lies on the thresholds and
the range of hours taken into account, somethiisy & modify). In the next chapter all

these practical issues (values of the thresholdsb&analyzed deeper.

The method used here is sequential so it processsy line of the file that represents a
specific moment of time and a position, extracts thuster related to that position and
finally determines the context associated to thister which will be not analyzed again
(obviously there will be more cases with this adwushvolved, overall if the cluster is an

important one, but it only has to be processed once

The first important action is to determine whettier cluster is home/office or on the move.
For this purpose, the algorithm check the relatine spent on that cluster as a percentage

of the total amount of time spent for this end-usall clusters.
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The algorithm marks the cluster as on the move if,

total amount of time spent on the cluster under analysis

< threshold
tatal amount of time spent on the whole panel

If the cluster under analysis does not fulfil tipierequisite and the mentioned index is
equal or higher than the threshold established,afteill be considered as home or office.
At this point, the algorithm follows checking whettthis cluster is office. If not, it will be
considered as home.

To mark the cluster as office, the code must falfithe following conditions:

total amount of time spent on weekends on the cluster under analysis

- - < threshold 2
total amount of time spent on the cluster under analvsis 1)

This is a logic rule considering that a standard-eser does not usually go to work during
weekends. Instead of giving a 0%, the algoritheestio be “flexible” and consider possible
failures of the data in that threshold (that shdutdlow) e.g. when a battery dies. In this
situation the last report of the handset regara@sspecific cluster even when the user is still
moving. When the user turns on the mobile phonenaigaeports from the new cluster

producing two kinds of failures:

* A connection between two clusters, not close plaisicis created. This mistake
could be solved by checking the positions more &tely (taking into account

previous cases and using statistics).

* The cluster where the handset gives the last répodnsidered as the cluster where
the user is until the next report. This means thatalgorithm consider this amount
of time spent between both reports as time sperhisrcluster, what is false. The
problem here is that an accumulated number of tedemistakes on the same
cluster could produce “fake” big contexts and ceefa very clear “on the move”
context with “home” or “office”. The big advantagé considering users with more

than three weeks of data is that all these failaresminimized (the calculated times
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are bigger with when more data is analyzed schalt¢ situations are considerably
reduced).

total time spent during working howrs on the cluster under analyvsis

, , = threshold 3
total amount of time spent on the cluster under analysis 2)

In the second condition the working hours are chdcklio consider the cluster under
inspection as office the user should be on thiatloa during working hours most of the
time. The definition of working hour is subjectiggain and it is part of the next chapter to
decide the thresholds in order to make the algworils general as possible without losing
strength. Of course, and even being flexible (lgoréhm can consider a range of more
than ten hours as the working hours) it is impdesib take into account every particular
case (e.g. night workers). This is part of the weakes and limitations of the detection

method.

total time spent during night hours on the cluster under analyvsis

< threshold 4
total amount of time spent on the cluster under analysis (3)

The last of the conditions to mark a cluster ageffegards night hours. To establish this
threshold, a standard user working with a “nornsdift is considered. The subjectivity of

the threshold is again the weak spot of the codeispoint.

If a cluster fulfils these three conditions all ébiger, then the algorithm marks it as office

context. If one of these conditions is not satgfibe cluster is marked as home.

The algorithm creates the sub-contexts simply hymesrating the contexts found. Every
different home and office context detected is numthdsub-context detection) and sorted
at the end considering the most important home fidjnas the home sub-context with

biggest amount of time spent on it. For the clisstearked as abroad, is in this part of the
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code where the algorithm creates the context (“Adtcand the number of the country
visited, sorted considering total amount of timergp and the sub-context (as the name of

the country visited).

As it was explained before, it is important to gepa sub-contexts in order to identify all

the different environmental situations of a specénd-user. In a normal situation, a user
has more than one place where he/she is not wosdktiadl and all the applications related

to infotainment take more relevance. All these @tacould be considered as another
households (home sub-contexts), parts of the bigehcontext.

The situation in the case of the office is veryilmbecause it is possible to find people

working and studying and both sub-contexts couldbeked as office.

The last step of the algorithm is to prepare thea dad create the network files used for the
visualization software. In this point, the algonitiprepares two new samples of data from
the original one to be analyzed as well: data ofkimgy days and data of weekends. The
importance of separating the data following thisgadure is very clear: a typical working

user has different behaviours during the week amwdeakends. Besides, it will be possible
to test the strength of the detection consideriggtbat a typical user does not usually go to

work during weekends.

3.6 Implementation of the Algorithm

The programming language chosen to implement tigerithm is Java. Despite the
numerous reasons of using Java instead of any @hguage involving execution times,
efficiency, resources utilized or the advantagewariking with the Java Virtual Machine,
the interest in using Java is the big ApplicatiomgPamming Interface related to file
processing. Basically, the method implemented basrdcess the file and e.g. read it or
write it adding new columns. Finally this methodgesses the information inside doing

basic calculations.
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Although there are many other languages specijiadleloped to process text files (e.g.
PERL), the Java code is more clear and understéndédidat makes it a suitable language to
implement a code that is supposed to be usedendaidies related to e.g. segmentation or

new technologies adoption.

3.7 Visualization

One of the objectives of this thesis is to viswalithe extracted information. It is
unavoidable to link the concepts of context viszalon with the geographical position but,
as already said, it is not possible to translate dbded base stations into geographical
locations. Nevertheless these graphs can provideingortant and valuable information
related to context.

The data files have been already discussed. Thegistoof a big number of rows and
columns regarding end-user’'s movements. Evenisfriot possible to extract geographical
information from them, these visualizations willogh all the “paths” that a user follows
every day. The purpose of the visualizations ikdlp in the context detection by giving a
new type of information. The advantage of a graphhiat it offers the possibility to
understand a big mass of data at first sight usiodes, arrows, sizes and colours. The
nodes are the cells, the arrows represent the cbanebetween cells (movement of the
user), the size of the nodes symbolize the impoeéani the clusters in terms of time (total
amount of time spent for the user in a cluster) @uedcode of colours for the nodes shows

the part of the day when this cell is mostly vidite

Pajek was presented in the second chapter as a suitable for large networks
visualizations (nets of more than one hundred nodieshe process of visualization, every
cluster is considered a node in the network to mddth this large amount of data to
work with, it is now possible to understand thecheéthe data reduction and the relevance

of the clustering method.
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Although the graphic results are not a geographicap, it provides information about

movements (i.e. paths), relevant context envirorts@roups of connected clusters) or the
most visited locations (represented with the biggesles). This kind of pictures are used
to check if the context detection has sense (eegetvironment of a cell classified as office
should be, generally, green and orange because #neghe colours assigned to the block

of the day when people usually work at office).

The way this pictures help in the context detectian be easily shown in the figure below,
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Figure 8 — Context visualization for weekends usingajek

It is not a coincidence the fact that the biggésster is the one marked as “Home-1". This
example regards weekend days, so it is not straitiger that there is no office context in
the visualization (this is one of the advantageseagarating the data into weekends and
working weeks). Due to the procedure followedsinhot possible to find isolated clusters,

what would have no sense (all the clusters shoalldomnected if there is no missing data).
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In the following examples situations where a usgrdls abroad is presented,
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Figure 10 - Context visualization using Pajek — Exaple 2

In the figures above all the paths followed by diser in its everyday life can be easily seen
as well as all the possible contexts detected béyatgorithm: first home and office marked

with these key words in the nodes, second abroa#tedavith the name of the country

visited (in these cases are Austria and the Russderations respectively) and finally on

the move(the rest of the clusters).

The sizes of the nodes reflect how important aeecitlls regarding to time spent for the
end-user in them as already said. This is the reagy home, office and abroad (the green
node identified as Austria) are the biggest nodethé second example again. Important
conclusions can be extracted from these graphs.ekample, it is known that “on the
move” clusters are smaller than the other becatisfgeamplementation of the algorithm.

In the example presented it is possible to findeast a couple of “on the move” nodes
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bigger than the rest. They are probably sub-costiéz home or office that have not been
detected because of the low accuracy of the algurit

On the other hand, the colours provide importafdrination as well. The colour of the
nodes informs about the most frequent hours ofithein which the user spends his time in
the cluster represented by that node. The dayideti into four groups of hours:

*  From 0-6 am (Blue)

« From 6-12 am (Green)

«  From 12-18 pm (Orange)
 From 18-24 pm (Red)

After the analysis of times for every cluster (thlgorithm calculates in which of this
groups of hours the user spends more time at dlaiatibn), every one of these nodes is
coloured with one of the mentioned colours. Theard can be helpful to test the strength
of the algorithm in the office context detectiopesially. Typically, all the nodes close to a
cluster marked as officshould be coloured as green or orange considehiagy &
“standard” user stays at work in the range of hdwom six in the morning to six in the

afternoon.

The visualizations provide interesting informationolving the context abroad as well. It
is possible to extract paths that could be called ‘path to the airport” or “path to the
port”. This information could be easily deletedrfrdboth file and visualizations if only

information about home or office is requested.

Thanks to this graphs, all the basic questiongsbwhether the algorithm works properly
and detects contexts in a logic way can be askdcakasily answered.
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4 Application

This chapter is focused on a particular applicatdrthe algorithm developed. Using a
specific dataset provided by Nokia, the study gieeper in the analysis of the algorithm’s
procedure, the results, the critical variablesheftontext modeling and some other relevant

aspects (e.g. visualization).

The objective of this chapter is to describe a approach of context detection based on all
the concepts examined in the background and testefficiency and strength of the

algorithm through the results obtained.

4.1 Dataset

The dataset used in this research has been présaptey the chapters two and three. In
resume, it is basically a text file containing @ Imumber of rows and columns storing
information about user movements (time stamps timecand user identifiers). All the data

utilized comes from a Finnish panel. It can be wered a representative sample of the
Finnish market composed of 643 users.

From all the fields in the file, the final input dfie algorithm only requires the following

columns:

* End-user identifier
» Date of the report
* Time of the report
» Cell identifier

* Mobile Country Code

The rest of the columns must be erased, as wall #s cases with a missing value.
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The file has to be sorted by users and then imr@nctogical order (using the variables date
and time). This is another important requisiteha input data thus the algorithm processes
the file sequentially (i.e. line by line) and thentext detection requires the manipulation of

the timestamps what is easier if the informatioarranged this way.

4.2 Configuration

All the variables used by the algorithm in the m®& of modeling are explained in this

section. First of all, the thresholds of the ruiesxclude users, detect the context abroad
and identify clusters are introduced. The time-Haaesumptions considered to detect the
rest of the contexts are described in the followsny section. Finally, all the parameters

used in the process of context detection are aedlyz

4.2.1Thresholds

In the previous chapter the context and locatigorahm detector has been described from
a theoretical point of view. This section is foalilsen the practical aspects explaining
things like how it works when applying specific @abr the definitive thresholds

established.

The first step is the deletion of information abasers with less than three weeks of data
and every case with a missing value. From the maidgiile providing data of 643 users,
after the erase action there are 576 valid usétsTleis is a considerable number of users
that permits the generalization of the results.

At this precise moment the algorithm identifies rtadd” contexts by checking the mobile
country code. First of all, it analyzes the mosmomn mobile country code. When the
most dominant country is detected, every countdeatifferent to this one is considered as
abroad. At this point, the code analyzes the aggarition of a different mobile country

code, it checks first that the code is valid (ieRists in the list of valid mobile country
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codes), second that there are at least ten reipatiat country and finally that the user has
spent at least six hours abroad. Then, the algordhanges the name of the cells involved

over the trip.

Once the correct end-users have been selectedlgitvithm proceeds with the exclusion of
repeating base stations and the calculation ofstispent in every cell (parameters needed
for the clustering process).

At this point, the clustering process begins. Awiés explained in the chapter three,
clustering is a way to group physically close cellse rule to identify close cells is to find
repeated and consecutive changes between twoisdecdtions in the file. The number of
repetitions needed to consider them close affexisisly to the results and the number of

contexts detected in the following steps. This Wdldescribed in the section 4.3.

4.2.2Time-Based Assumptions

When the clustering process is finished, the allgoricalculates the grouped times needed
in the context detection (the algorithm calculatiesm for the clusters and not for the

individual cells). These times are, for every aust

* Total time spent.
* Total time spent during working week (from MondayRriday).
* Total time spent during weekends (Saturday and &ynd

» Total time spent during working hours (defining wiog hours as the hours in the
range of time from Monday to Friday, from eight lock in the morning to six

o’clock in the afternoon).

* Total time spent at nights (defining night hourstlas hours in the range of time

from Monday to Friday, from midnight to six o’clo@k the morning).
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It is important to remember the fact that the tibased rules have been thought to detect
two particular contexts: home and office. The crhtdetection proceeds as it was
explained in the previous chapter: first it deciddmther the cluster under examination is a
static context (home or office) or not (on the mowand second it finds out whether this
cluster is office or home. The rules to make tret tep are based on basic assumptions
regarding time:

» A standard user does not sleep at the office (ariletsshe works at home)

* A standard user goes to work in the range of houtsetween eight o’clock in the

morning and six o’clock in the afternoon.

* A standard user does not go to work during weekends

The weakness of the algorithm is not only in théasket but also in the subjectivity and
flexibility of the assumptions mentioned above (étds possible to find situations where

the user works at home, goes to work during weekendhas a night shift).

4.2.3Context Detection Parameters

The algorithm starts the context detection basedca@oulations done with the times

explained in the previous section.

The rules for context detection were explained he first chapter with theoretical
thresholds. In this section, specific thresholde @rovided. The first assumption is
explained and in following sections, variations iotheese thresholds and its influence in the
results will be analyzed.

The first decision is to mark the cluster as “haoff@e” or “on the move”. This is done

based on the following rule,

total amount of time spent on the cluster under analysis

= 0.04
total armmount of time spent on the whole panel
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A four percent of the total time of one user mel@&ss than one hour of presence per day.
So, to consider a cluster as “home” or “office”taed of “on the move” the user has to

spend on that cluster more than one hour per day.

The clusters that pass the first filter are congdeas “homeé or “office” as yet known.
The following rules determine whether a clustéioffice” or not (“homé in that case).

To mark the cluster as “office”, the code mustif@f the following conditions:

total amount of time spent on weekends on the cluster under analysis 01
=

total amount of time spent on the cluster under analysis (1)

If the user stays more than the 10% of the timethos cluster during weekends, it is
marked as “home” context. If not, the process cwds checking the next condition. As
suggested in the previous chapter, this parambtard@ be low considering that a standard
user rests during weekends. However, the lowelthheshold the less flexible code as it
was explained in chapter three. The limitationshef algorithm are not only related to not
considered user activities (e.g. weekend worketg) dbso to the possible data failures

commented in that chapter.

total time spent during working hours on the cluster under analysis ~ 075

total amount of time spent on the cluster under analysis (2)

Regarding working hours, the algorithm consideesdiuster under inspection as “office” if

the user spends on it the 75% of the total timenduwvorking hours at least.

total time spent during night hours on the cluster under analysis

= 0.05
total amount of time spent on the cluster under analysis (3)

Only a 5% of the total time spent on the clustetarranalysis can be in the range of hours
considered as night hours (from Monday to Fridagmf midnight to six o’clock in the

morning), what means 1.2 hours per day.
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4.2.4Sensitivity Analysis

This section is focused on the evaluation of theup@ters used by the algorithm. One of
the main points is to understand how variations t¢ive values of the thresholds can affect

to the number of contexts and sub-contexts ideiatifi

It is important to remember some aspects of thasgatused in this study before extracting
any conclusion. First, the file mentioned stordsrmation of 644 Finnish users. Second,
only users with more than three weeks of valid data analyzed (this leaves 578 users
from the original 644 users). Third, no missingiabales or wrong values are allowed so
these mistakes must be deleted in the pre-procestage.

It the previous section all the conditions to idigrénd extract the user’s context have been
explained in detail. Basically, it is possible taramarize all the process in a decision tree
as in the following figure,

Static .
| Context ’
> On the Move

| Country of .
| Residence

Clusters

Figure 11 - Decision tree for the context detectioprocess

Where every one of the decisions can be understeashe of the formulas explained in the

sub section 4.2.3.
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For the sensitivity analysis 21 initial trials test different values for the thresholds have
been run (the specific values and results are sgaahoroughly in the Appendix B). The

main findings after modifying every parameter kegpihe rest static are:

* A raise in the number of “sandwiches” needed tcedetlusters increases the
number of clusters found, as well as the numbeubtcontext identified (a cluster
and a sub-context are the same here). This adi@ssential if the objective is to

detect the more contexts the better.

* The condition regarding abroad context detectiotobees stricter if the algorithm
checks the amount of time spent abroad togethdr thi2 number of consecutive
timestamps in a different country from the home orstead of checking only the
last of this two requirements (e.g. the algorithetedts 112 travels abroad if only
the timestamps condition is considered but it desme to 81 when it also requires at

least 6 hours of presence in that country).

» Little variations on the threshold that controle teecond condition (static or
dynamic context) affects in a very considerable wayhe context detection (e.g.
variations of only one per cent means over one tathdf difference in the number

of contexts found, see Appendix B).

* Once a cluster has passed the last condition (f@nmové condition) there are
three requirements that this cluster has to falfitogether to be marked as “office”

context. These conditions are based on the analyhis following variables:

o Time spent during weekends.

o Time spent at night from Monday to Friday.
o Amount of time spent during working hours.

From these three thresholds, the strongest and rastective condition is the one
that considers the amount of time spent on a cluditeing working hours. The
number of contexts identified does not change latvdh any variation over this
parameter as it is obvious (the clusters that fhesprevious condition they just will

change their status from home into office or vieesa), but as the share of time on
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a cluster during working hours required decreatesnumber of offices detected
raises up (not in a very intense way but still cedible).

» Itis possible to check that the sandwich conditias a very important effect in the
context detection as well. If this number is kefg#bke, variations on the other
parameters do not affect at some point (even isdheariations are very big). It

establishes the limit of contexts detected.

After these initial trials and with all the knowlgel that the results have provided, a second
stage with combinations of all the parameters talkase. The aim of the second set of tests
is to determine the most appropriate values foptrameters in order to use the results in a

case example.

4.3 Case Example

In this section, one application of the resultsdescribed in detail. With the dataset
explained above, two additional files containingesfionnaires with demographic and
presence information and other with service andiegdpn usage for the same users, a
complete analysis of the end-user’s service usaigarried out. In the first sub section, the
final stage of the sensitivity analysis is explain&he aim is to choose a proper result file

to test the effectiveness of the algorithm.

4.3.1Data Preparation

The sensitivity analysis can be considered asitbestep in the testing of the algorithm. In
the second step, a set of parameters is seleci@wvae the results that will be used in a
comparative study by using demographics. The ideatoi verify the algorithm’s

effectiveness by comparing the number of end-usergloyed and the number of office

contexts identified.
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The file with the demographic information shows tiext conclusions,

Occupation Number of People
Employed 349
Student 92
Unemployed 28
Retired 28
Housewife 10
Invalid 2
Other 12

Total = 521

Table 2 — Demographic Information of the End-user#\nalyzed

Using this information, it is possible to test @ecuracy of the algorithm by comparing the

number of offices detected and the occupationHersame end-users.

The value of the parameters for the first trial presented in the following table,

Sandwich Restriction 40 repetitions
On the Move condition <4%
Weekend time condition <10%
Working Hours condition >65%
Night time condition <10%

Table 3 — Values for the algorithm’s parameters irthe first trial

In the first attempt the goal is not only to cho6legical” values that raise the number of

offices detected (the key aspect of the testingg®s®) but also to balance between the

trades-offs. From the questionnaire files it isgoie to get demographic information for

490 of the 578 users analyzed (there is no dembgrapformation for all the users

because e.g. some of them do not answer to queaties or some others that answer have

been excluded by the algorithm because they dbans more than three weeks of data).
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The next table shows the demographic classificatixtnacted from the questionnaires for

the 194 users with at least one office contexttifled by the algorithm,

Context Detection End-users
Perfect Match - Office Detected / Employee 127
Office Context Detected for Student 36
Office Context Detected - No Demographic Info. To
Check 25
Office Context Detected for Unemployed
Office Context Detected for Housewife 1
Office Context Detected for "Other" status

Total End-users 194

Table 4 — Demographic matches for the users with fiée context identified 1

One important factor to consider is that the da&bni of “office” context used by the
algorithm fits with the concept of a student thaeg every day to the University and stays

there for the approximately same share of time Hraemployee spends at work.

The accuracy and effectiveness of the algorithmbsaanalyzed with the resultant values:

127 matches + 36 students = 163 contexts propethcted> 163/194 = 84% of success
in the contexts identified by the algorithm. Thésairelatively high effectiveness taking into
consideration the fact that 25 of these users dammohecked and are out of the calculation

of this value.

The value decreases considerably when comparin thi¢é data obtained from the

demographic information regarding the users andtyze
127 Offices detected / 331Employees = 38%
The results guide to two main conclusions:

e« The number of offices found by the algorithm is lgansidering the number of

employees for which there is no “office” contexe¢mdified.
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* The algorithm detects “office” context for emplogesvith high accuracy, so
although the number of “office” contexts found asvl at least the offices identified

are properly detected.

The algorithm should increase the number of offidetected what can be easily done by
simply raising the number of sandwiches neededd(gam repetition condition). In a

second and last trial, the algorithm is run wité tbllowing set of values,

Sandwich Restriction 100 repetitions
On the Move condition <4%
Weekend time condition <10%
Working Hours condition >65%
Night time condition <10%

Table 5 — Values for the algorithm’s parameters irthe second trial

All the values remain in the second trial but theniber of sandwiches needed to identify
clusters, which has been raised to one hundred. Wiay, the number of “office” contexts
rises to 213 (20 more than in the previous trial).

The results for these values can be shown in ti@xfimg table,

Context Detection End-users
Perfect Match - Office Detected / Employee 138
Office Context Detected for Student 37
Office Context Detected - No Demographic Info. To
Check 31
Office Context Detected for Unemployed 3
Office Context Detected for Retired 1
Office Context Detected for Housewife 1
Office Context Detected for "Other" status 2

Total End-users 213

Table 6 — Demographic matches for the users with fiée context identified 2
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The algorithm’s effectiveness can be calculatedh whese data in the same way as in the
first trial:

138 matches + 37 students identified with offi@&lB = 82.2 %. Again, the users without
demographic information are out of the calculatdrthis value (31 users). The results are
very positive considering the fact that 31 of 2%8ng represent the 14%.

Comparing with the data from the demographics:

138 Offices detected / 331Employees = 42.3 %

This means a small improvement of more than a 4%eneffectiveness caused by the

increase in the number of offices detected.

If the number of repetitions needed to detect ehssis increased over one hundred, the
variations in the results are insignificant (seep@&pdix B). Because of this, the service
usage study explained in the last section of thegpter is carried out by using the results of

the algorithm for the second trial mentioned here.

4.3.2Effectiveness of the Algorithm

There exists a more rigorous way of testing therdlgm’s effectiveness than by using the
demographic information mentioned above. With ohthe files containing the answers of
the end-users for the questiGdvhich is your context at this moment¥i.e. home,
working/studying or on the move) a better analydfisvow the algorithm works can be
done. With the result files provided by the aldumtand considering that every answer of
this questionnaire is marked with a timestamps passible to compare for those moments
which context identifies the algorithm and whatthe answer of the end-user for the

guestion mentioned.
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The accuracy of the algorithm for the original 678 users is tested. Merging the files
containing the mapping information (context iddetifin blocks of five minutes) and the

answers of the questionnaires, the results obtareedhown in the following table:

Answer of the User Context detected Number of Cases
Home Home 286
Working / Studying Home 112
Other (e.g. downtown) Home 35
Home Office 10
Working / Studying Office 40
Other (e.g. downtown) Office 4
Home On the Move 36
Working / Studying On the Move 27
Other (e.g. downtown) On the Move 32

Table 7 — Comparative analysis of questionnaires analgorithm’s results for 578 users

The accuracy of the detection for “home‘office” and “on the move contexts can be

easily calculated as the number of matches forspeeific context divided by the number
of cases where this context was detected by thwiddg, including all the mistakes (e.g.
cases where this context home is identified andifiee answers working or moving). This

way, the results are:

¢ Home:

286 matches / 433 “home” contexts detected = 66%cofiracy in “home” context

detection.
+ Office:

40 matches / 54 “office” contexts detected = 74%aoduracy in “office” context

detection.
*« On the Move:

32 matches / 95 “on the move” contexts detectedi% ®f accuracy in “on the

move” context detection.

Borja Jiménez, Helsinki University of Technologyefartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 4 — Application 68

The global effectiveness can be calculated asealirtatches divided by all the cases:

358 perfect matches / 582 cases = 51%

Some interesting conclusions regarding to theseltsesan be extracted. Firstly, “on the
move” context presents the worst rate of accurawy decause of this, it decreases the
global effectiveness of the algorithm. This protiest the biggest difficulty in the context
identification is to establish the rule that saysetiher a cluster is static or not. Anyway, it
is promising the big number of offices detected@ctty, confirming the ideas exposed in
the previous section with the demographic analysisst of the offices detected by the
algorithm are properly identified. Secondly, it very interesting to check that the
effectiveness in “home” context detection is deseel by the number of real offices
detected as homes. In every one of these situatioaoffice is not marked as the biggest
home but as a second household. It is importargrteember that the context is divided into
sub-contexts and for this reason a single userpcasent more than one “home” context.
These sub-contexts are sorted regarding to timet spethem. So, if office is detected as
another household, this means that the algorithmbeaimproved or simply that this user

has not standard schedule and this is why thisefias been detected incorrectly.

A thorough analysis of the result file with the mpap information has proved that there
are many users with big holes of missing informatfpe. situations where the handset is
switched off and it is turned on again some daier &fenerating a significant lack of data).
Despite this, the results obtained for users withbiyg holes are basically the same that the
ones obtained for all the end-users so it is ptssibgeneralize the values calculated here.

4.3.3Service Usage Study

In this section, an application of the results gatezl with the set of parameters chosen in
the previous point is described in detail. The agmto use the correct matches (i.e.
confirmed employees with the demographic files aisérs with “home” and “office”

contexts detected) in a service usage study. Rermilrpose, new data files regarding to
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application and service usage in time and datfidridr the mentioned users are utilized
together with the output files that the algorithropdes.

4.3.3.1Presence on Context

Before the service usage analysis, the effectiveokthe algorithm can be interpreted with
the results obtained by using illustrations of tinge spent in every context. It is important
to remember again the fact that in this and thiewohg figures, only users with “office

context properly detected have been analyzed.

The amount of time spent per context calculatedgutie algorithm can be compared with
real data extracted from Statistics Finland (seer@r@008 and Statistics Finland 2001),

Time Spent in Context

Abroad

On The Move 0.3%
14.6% I

Office
12.6%

Figure 12 - Amount of time spent per context usinghe results of the algorithm
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Finnish people > 10 yrs, average over Mon-Sun, whole year
Statistics Finland - Smura

Onthe move
Elsewhere 5 3%

outside home
8.6%

Office / School
11.5%

Vacation home [ uge

2.1%

Another
household
5.3%

Figure 13 - Amount of time per context extracted fom Statistics Finland

It is promising the proximity in the values of tispent at “honie (especially if the field
“Another household” in the second figure is addekat means a 72.6% obtained from real
statistics when a 72.5% was detected by usinglgogitnm) and “officé contexts (12.6%
for the algorithm versus 11.5% obtained with rdatistics). This means that the results of
the algorithm fits with the real values extracteohi statistics when excluding users which
contexts have not been properly detected. The ilfigyehce appears with the values of the
time spent “on the move” for both graphs, beingsiderably bigger the results obtained
using the algorithm (14.6%) than the real valuetsagked from statistics of Finnish users.
The reason of this difference is the fact thatalgorithm does not detect all the possible
contexts but only four of them. Besides, the sanugked affects in a very significant way
and it is important to remember that the datasatyaed regards information of less than
three months of data (from October 2007 to Jan@868) including the winter holidays

what can bias the results.

The share of presence of the users by hours ofiflyeis another graph that provides
valuable information. It can be easily checked hbe presence at home decreases during

working hours in the same way office presence emxs at the same time through this
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figure. But the most meaningful fact is the pealpasence on the move from two o’clock
p.m. to six o’clock in the afternoon, the time whaost of the working users leave work
and they have their leisure time. Curiously, therao similar peak in the morning when
users are supposed to go to wdtkcan be explained by the randomly chosen plamks an

paths coming up at the end of a working day.
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Figure 14 - Share of time per context per hour oftte day

Additional charts comparing statistics and algenttesults are shown in the Appendix C.

In the following sections the service usage analisicarried out. With the information of
the output files of the algorithm and the filesagplication and service usage regarding
time and traffic generated for the same usersarebainder a contextual point of view can

be elaborated.
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4.3.3.2Service Usage

In the first figure, the total mobile service usaggarding time for some of the most used
applications is shown,

Total Mobile Service Usage Time

Maps
&
Navigation

m PersonalInfo.
Management

B Multimedia
B Browsing

B Messaging

Home Office On the Move Abroad

Figure 15 - Total mobile service usage across corte

Although “Maps & Navigatiofi are used more at “on the mdveontext (for obvious
reasons the needs of location information on th&emare higher) the main conclusion
analyzing time is that applications are used siryil@a all contexts.

The following figure is particularly interesting.lthough most of user’s presence is at
“‘homé’ context as it has been seen before, this is motrtbst active context. The next
figure illustrates this finding, were the intensity usage for every application in every
context has been calculated. The idea is to ditideusage time by the time spent on every
context (for the period of time studied). The nighte (from 23 p.m. to 7 a.m.) has been
omitted because the usage is very low during steepours and the user can be considered
as inactive at these moments.
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Figure 16 - Intensity of usage across contexts

B Home

m Office

= On the Move
W Abroad

The figure shows how “on the move” context is thestactive in every application

(especially inBrowsing MultimediaandMaps & Navigation closely followed by “office”

context. “Home”, where the user spends most ofithe, is the less active context.

It can be meaningful to analyze how the end-usendg his time by checking the average

usage session duration. From figures like thiss, @asy to get interesting conclusions as the

longer usage of browsing and games (e.g. the g&nak®) at “on the move” context.

Again, the longer usages correspond to “on the raneé “office” instead of “home”.
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Average Usage Session Duration
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Figure 17 - Average usage session duration

4.3.3.3Data Usage

The time analysis is not the only possibility aable. Studies considering data under the
application or the access technology point of veam be easily done by using the same
files. The total amount of data generated per ctméeshown in the next figure,

Amount of Data per Context

Figure 18 - Amount of data generated per context

Borja Jiménez, Helsinki University of Technologyefartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 4 — Application 75

It is at “homé were the biggest amount of data is generated (5&Mt9)wed by “on the
move” (with a very representative 29%).

Taking into consideration the total amount of iaffjenerated per application exclusively
the conclusions are that messaging usage decrahses the move” while browsing
increases comparing this to “home” or “office” (bohave a similar distribution). The

following figure shows this,

Total Amount of Traffic Generated

m Other

= Multimedia
m Messaging
o Browsing

Home Office On the Move

Figure 19 - Total amount of traffic generated per @plication per context

In the last two figures, a study considering theeas technology used has been carried out.
This is just another example of what can be dorté #ie output files of the algorithm:

adoption of new technologies analysis regardingesdn

In the following figure, the total amount of datengrated with all the possible technologies
has been represented. If WCDMA is the dominatingess technology (especially at

“office” context) it is interesting to see how thmst usage of WLAN is at “home”,
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Data Volume

mWLAN
= WCDMA
m GPRS
mEDGE

Home Office Onthe Move

Figure 20 - Data volume per access technology pesriext

The last figure, where time instead data is analyzerroborates the conclusions extracted
from the previous one giving new information: wWHMCDMA is equally distributed under

time conception in the three main contexts, moaa 0% of WLAN usage is at home,

Time Allocation of Bearer Usage

m On the Move
m Office

H Home

EDGE GPRS WCDMA WLAN

Figure 21 - Time allocation of bearer usage per coext
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These are a few examples of the possible applitataf the results of the algorithm.
Furthermore, the algorithm allows the analysis eviee usage, adoption of technologies

among many others under a new perspective: theiseideontext.

4.4 Discussion

From the analysis of end-users service usage Hescrin the previous section and
elaborated by using proper identifications (i.e plyees with “office” and “home” context
detected) important conclusions can be extractedt &f all, a basic analysis of usage of
applications considering time exclusively proveattmost of the presence of mobile end-
users is obviously at home. Nevertheless, interaitylysis taking into consideration the
time spent on every context have shown that “onntloee” context is the most active,
followed by “office” in every one of the applicatis examined (particularly iBrowsing
MultimediaandMaps & Navigationutilities). The intensity of usage abroad is madive

in MultimediaandMessagingwhat fits with the logic assumption that when tlsers are
out of the country they prefédlessagingo communicate anMultimediais the most used
application (what include games, multimedia andt@hment).

The share of presence has shown the logic relatidhe decrease of presence at home
when the share of presence at office rises atdhedime. On the other hand, it is curious
the conclusion of the analysis of presence “onntloee”. The figure 14 reflects a peak of
presence “on the move” from 14 p.m. to 18 p.m. wtenusers leave “office” but there is
no peak in the morning when users go to office. Tinest probable reasons of this
behaviour are the fact that in the morning, the emoent is more concentrated but the time
to leave office is more spread along the afternoshen the users move more e.g.

downtown in that leisure time.

Regarding data analysis, WCDMA has been provehasniost used access technology at
“office” context (over a 91% of the total data vmla has been generated using this

technology at office context) whereas most of thage of WLAN (more than a 60% of the
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time usage at home) takes place at “home” (the némdmobile Internet connection at
home are lower once a standard user has, at tessstomputer).

Finally, and considering the algorithm exclusivetys important to mention the challenges
in identifying “office” context for everybody. Wrel the effectiveness of the algorithm is
very high in the sense that most of the contexdspapperly identified, there are a number
of employees for whom “office” context was not dmégl. Although the algorithm can be
still improved there are some reasons that maketable of office detection something
difficult even if the algorithm is very well prograned. The main causes of this limitation

are:

* There is less presence at “office” than in the ottentexts. This is motivated by
the fact that some users move quite often whilekimgr they do not have one
single place or their timetable is not standarel. (ivorking hours out of the range

from 8 a.m. to 18 p.m.).

* There is a challenge of subjectivity in generalizihe results (e.g. the difficulties in

defining what is working hour or night time).

* The intrinsic problems regarding data processirtgraion of the results by
outliers. The data used in this study concerns laand-users with less than three
months of information including winter holydays wleaan considerably affect to
the detection. The better the dataset used (prgbabbigger sample without

vacations) the better results.

* The impossibility of testing the algorithm becausethe lack of demographic

information or questionnaires to compare the reswith.
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5 Conclusions
5.1 Findings

The main findings of this thesis are the demonsinabf the possibility to extract
contextual information from the datasets availadnhel the application of the contextual

results into service usage analysis.

The analysis of the effectiveness of the algorithas shown the accuracy in context
detection when comparing the results to questioagaiAdditionally, comparisons show
how close the output of the algorithm is to officeuropean statistics even when the

datasets present some problems.

The identification of context can provide a new dision to studies related to service
usage or technology adoption, for instance to tbdysof competition between emerging
access technologies (see Smura 2006). The studysstiat WCDMA is the most used
technology and that WLAN is mostly used at “hom@h the other hand the service usage
analysis proves that intensity figures can provit@e accurate information than absolute
total usage analysis. For instance, even when “hdsribe most frequent context, it is not
the most active. “On the move” and “office” con®xre more active for the most used

applications fessagingBrowsingandMultimedig).

5.2 Exploitation of Results

The process of context extraction, even withouiggaoehical information associated, has an
important business value. The possibility of sugpgrtargeted marketing applications
with a better segmentation of users is one of tiesiple track of exploitation (see Uronen
2008).
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New services related to social networking (e.go@ able to inform the users of when a
friend is in a close context, see Eagle 2005) orenfocused real-time marketing (as
companies that provide service to shops in the tvalywhen a user is close to this shop, it

can broadcast sales information) are other exangblesploitation.

Gradually improving versions of context and locatioformation extraction can be the
beginning of new services and applications thaettogr with the mobile Internet will

greatly influence the telecommunications marketian.

5.3 Limitations and Future Research

The research shows the difficulty of the “officedntext identification. “Office” context
has been only detected for one third of the endsumealyzed (most of them are employees
and students). The source of this “office” challemng the inherent nature of the algorithm.
The rules used to detect offices are very genaedlise they have to be valid for most of
the population under analysis. The subjectivityha thresholds and the rules themselves

are one of the most important limitations of thesil.

On the other hand a more detailed context anatgsiprovide significant new information.
To know whether the end-user is “driving” or “wallgi’ while on the move (understanding
driving and walking as “on the move” sub-contexis)another potential improvement.
Once the accuracy has been checked and improvesl;ad step regarding sub-contexts
can be taken. New and more precise rules for expgrite identification to more detailed
contexts are the basic challenge for further retear

In addition, the integration of a context identfiion service in the handsets (through the
development of an integrated application) is anoiteresting point. The adaptation of the
devices to the contexts (e.g. while the user wffate context, the handset turns into silent
profile by itself) is full of advantages. Furth@search on how to integrate the algorithm in
the logic of the device, and how to process thermation just in time are the main

guestions to be discussed. For practical reastms,application developed along this
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research has not been focused on the “real tin@gssing aspect. The implementation has
been designed without considering how to minimize éxecuting time, how to send the
reports to the data processors (if the logic isimteigrated in the device) or how to create a

consistent code to be included as an applicatidhenogic of the handsets.

Other lines of investigation on detecting end-uservements considering mobile handset’s
signals are open to create different and more ateunodeling contexts techniques (e.g.

using jitter measurement techniques and other peteas) see Kawashima et al., 2006).

For future research, more accurate datasets to wilkbecome necessary. This was a
major difficulty in the programming and testinggea. The raw data suffered from missing
information (some users presented holes in thgifiles with more than three days without
any report) and values in a wrong format that ntheden useless (like a wrong timestamp).
Most of the problems are a result of a dataset witlter holidays in between, information

of a short period of time (less than three montadack of demographic information and

the absence of more questionnaires regarding ciuatiesituations. If no better datasets can
be obtained, special situations (e.g. holidaysefah the data, users with few information,

etc) should better be controlled in order to getameliable results.

But, without any doubt, the objectives in the shimtm are the improvement of the
algorithm with a more detailed level of sub-contaralysis, more parameters besides time

and the usage of different data mining approaches.

Borja Jiménez, Helsinki University of Technologyefartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 6 — References 82

6 References

Alpaydin, E. 2004. Introduction to Machine Learniffgaptive Computation and Machine
Learning). MIT Press.

Balakrishnan, V. K. 1997. Graph Theory, McGraw-Hllét edition. February, 1997.

Bazire, M. & Brézillon, P. 2005. Understanding GaxitBefore Using It. Modeling and
Using Context. Chapter 3:29-40. Springer Berlireid¢lberg.

Barabasi, A.L. 2003. Linked. A Plume Book.

Bauer, J. M. 2005. Bundling, Differentiation, Aliees and Mergers: Convergence
Strategies in U.S. Communication Markets. Michi§date University. Communications &
Strategies, No. 60, p. 59, 2005.

Bernardos, C. & Soto, I. & Calderon, M. 2005. IpV6letwork Mobility.
http://www.cisco.com/web/about/acl23/acl47/archivesbes/ip] 10-2/102 ipv6.html
Referred 06.05.2008

Berson, A. & Smith, S. & Thearling, K. 2000. Buihdj Data Mining Applications for
CRM. McGraw-Hill.

Best, J. 2006. Yahoo breaking the walled gardettp://networks.silicon.com/maobile
/0,39024665,39160005,00.htReferred 15.01.2008.

Bishop, C. M. 2006. Pattern Recognition and Macliearning, Springer.

Busygin, S. & Prokopyev, O. & Pardalos, P. 200&l@itering in Data Mining. Computers
& OR 35(9): 2964-2987.

Borja Jiménez, Helsinki University of Technologyefartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 6 — References 83

Caldwell, C. 1995. An Interactive Introduction teaph Theoryhttp://www.utm.edu/cgi-
bin/caldwell/tutor/departments/math/graph/intReferred 06.05.2008.

Carringhton, PJ. & Scott, J. & Wasserman, S. 20@bdels and Methods in Social
Networks Analysis. Cambridge University Press.

Chau, F. 2007. Breaking down the wall: Cellcos m&easingly recognizing that the
“walled garden” content paradigm simply won’t playthe new IP world and they will
have to open up their networks to third partiest Bustay profitable in this new open
business environment, cellcos need to be creatidepay close attention to end end-user
demands. http://findarticles.com/p/articles/mi_mOFGl/is_1/48n19041152 January
2007. Referred 15.01.2008.

Chen, G. & Kotz, D. 2001. A survey of context-awanebile computer research. (No

TR200-381). Hanover, Dartmouth College, Departnoéf@omputer Science.

De Nooy, W. & Mrvar, A. & Batageli, V. 2005. Explatory Social Network Analysis with
Pajek. Cambridge University Press.

De Veaux, R. 1997. Book review of Neural Networks Pattern Recognition and Pattern
Recognition and Neural Networks, International dalof Neural Systems, 8,2, p.249-250.
Department of Mathematics and Statistics, Willigbwdlege (1997).

Dietterich, T. G. 1999. Machine Learning. In Robl&%h and Frank Keil (Eds.) The MIT
Encyclopedia of the Cognitive Sciences, MIT Prd€5-498.

Eagle, N. 2005. Machine Perception and Learnin@omplex Social Systems. Doctoral

dissertation, Massachusetts Institute of Technology

Eiek, S. T. 1996. Aspects of Network Visualizatioht & T Laboratories. Computer
Graphics and Applications, IEEE. Volume 16:69-73A)

Borja Jiménez, Helsinki University of Technologyefartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 6 — References 84

Esbjornsson, M & Weilenmann, A. 2005. Mobile Phdradk in Context. In Proceedings
of Context’2005 — The ' International and Interdisciplinary Conference Miig and
Using Context. Springer Verlag, 11:140-154.

Fields, A. 2005. Discovering Statistics Using SPS&je Publications.

Gross, T. & Specht, M. 2001. Awareness in contewdra information systems. Mensch &

Computer, Germany, March, 2001.

Harmonised European Time Use Survey, 18.07.20Q8://www.testh2.scb.se/tus/tus

/Graph_0.htmReferred 20.05.2008

IDC Vendors, 2007. The Business Value of Sociamlieking Applications. Adapted from
Happe, R. U.S. Social Networking Application 200042 Forecast and Analysis.
http://www.hivelive.com/files/hl_idc_spotlight.pdiReferred 06.05.2008.

ISO 13407, 1999. Human-centred design processestienactive systems. International
Standard, the International Organization for Staimd#ion.

Jahn, O. & Moéhring, R. & Schulz, A, Moses, N. 20@ystem-optimal routing of traffic
flows with end-user constraints in networks withngestion. Institute for Operations
Research and the Management Sciences (INFORMShitum, Maryland, USA, 2005.

Jorstad, I. & Dustdar, S. & Thanh, D. 2004. Evalatof Mobile Services: An Analysis of
Current Architectures with Prospect to Future. brdsi et al. (Eds): UMICS 2004, LNCS
3272, pp. 125-137, 2004. Springer-Verlag Berlinde#ierg 2004.

Kaasinen, E. (2003). End-user needs for locatioarawmobile services. Personal and
Ubiquitous Computing, Volume 7, Number 1, May 2003-79.

Borja Jiménez, Helsinki University of Technologyefartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 6 — References 85

Karp, S. 2008. Creating Customized Social NetwaykiApplications for Business.
http://publishing2.com/2008/02/22/creating-custosdizsocial-networking-applications-
for-business/Referred 06.05.2008.

Kawashima, Y., Mineno, H., Ishihara, S. & Mizuno, A006. Evaluation of method for
multiple path distribution based on delay-jitteAIST Workshops 2006: 109-112.

Kivi A. 2007. Measuring Mobile End-user Behaviordarservice Usage: Methods,
Measurements Points, and Future Outlook. Procesdofgthe 6th Global Mobility
Roundtable, 1-2 June 2007, Los Angeles, Califordi&.

Krieger, C .(1996). Neural Networks in Data Mining.
http://www.cs.uml.edu/~ckrieger/end-user/Neural Neks.pdf. Referred 24.04.2008.

Laakso, S., Krings, M. & Kuhl, M. 2008. Nokia Moéil Context Data Analysis.
Collaborative Innovation Networks (COINs). Jointucge offered by University of

Cologne, Helsinki University of Technology and Uaiisity of Salento. January 2008.

Laasonen, K. & Raento, M. & Toivoinen, H. 2004. Atative On-Device Location
Recognition. Second International Conference ond3ere Computing (Vienna), April 23,
2004.

Lee, I., Kim, J. & Kim, J. 2005. Use Contexts fbetMobile Internet: A longitudinal Study
Monitoring Actual Use of Mobile Internet Servicekiternational Journal of Human-
Computer interaction 18(3), 269-292, 2005.

Li, F. Li & Whalley, J. 2002. Deconstruction of thelecommunications industry: from

value chain to value networks, Telecommunicatioolcl? 26 (2002), pp. 451-472.

Liebowitz, S. & Margolis, S. 1996. Network Exteliias Effects.
http://www.utdallas.edu/~liebowit/palgrave/netwotkah . Referred 06.05.2008.

Borja Jiménez, Helsinki University of Technologyefartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 6 — References 86

Llora, J. & Gatrrell, J. M. 2001. Evolution Of Deims Trees. Research Group of Intelligent
Systems. Ramon Llull University. Barcelona, Spap01l.

Long, S., Aust, D., Abowd, G. D., and Atkeson, C.1896. Rapid prototyping of mobile
context- aware applications: The cyberguide caseystProceedings of the"2annual
international conference on Mobile computing antiveeking, 97-107. New York, United

States.

Newman, M. 2007. Is the Internet a telco slayer telecoms saviour?
http://www.informatm.com/itmgcontent/icoms/s/sestanobilestrateqies/20017441515.ht
ml 13th of July 2007Referred 10.01.2007

Nilsson, J. N. 1996. Introduction to Machine LeamiiAn early draft of a proposed text
book. Robotic Laboratory Department of Computee8ce, Stanford University. Stanford
1996.

Olafsson, S. & Li, X. & Wu, S. 2006. Operationsaach and data mining. Department of
Industrial and Manufacturing Systems Engineeringwd State University. USA,
November 2006.

Padovitz, A. & Loke, S. & Zaslavsky, A. & Burg, B Bartolini, C. 2005. An Approach to
Data Fusion for Context ananess. Fifth Internati@@anference on Modeling and Using
Context, CONTEXT'05, Paris, France, July 2005.

Peltomaki, M. & Alava, M. 2008. Correlations in Bipite Collaboration Networks.
Laboratory of Physics, Helsinki University of Tedhogy. Finland, February 2008.

Raento, M. & Oulasvirta, A. & Petit, R. & Toivonerd. 2005. ContextPhone - A
prototyping platform for context-aware mobile apptions. IEEE Pervasive Computing, 4
(2): 51-59. 2005.

Borja Jiménez, Helsinki University of Technologyefartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 6 — References 87

Rohlf, T. & Winkler, T. 2008. Network Structure aridynamics, and Emergence of
Robustness by Stabilizing Selection in an Artifice@nome. USA, May 2008.

Ryszard S. Michalski, Jaime G. Carbonell, Tom Mtdiell (1983), Machine Learning: An
Artificial Intelligence Approach, Tioga Publishii@ompany.

Schilit, B.N. & Adams, N.J. & Want, R. 1994. Contékware Computing Applications. In
Proceedings of the Workshop on Mobile Computingt&ys and Applications (IEEE
Computer Society). Santa Cruz, CA. pp: 85-90, 1994.

Schmidt, A. & Beigl, M. & Gellersen, H.W. 1998. Tieeis more to Context than Location.
In Proceedings of Workshop on Interactive Applicas of Mobile Computing. Rostock,

Germany, November 1998.

Schonfled, E. 2007. Radar turns mobile pictureso intonversation starters.
http://www.techcrunch.com/2007/11/05/radar-turnsif@pictures-into-conversation-
starters/ 5th November 200Referred 7.01.2007.

T. Smura, 2006. Competition between Emerging Waelbletwork Technologies: Case
HSPA vs. WIMAX in Europe, in 17th European Regiolies Conference, August 22-24,
2006, Amsterdam, Netherlands, 2006.

Smura, T. 2008. Access alternatives to mobile sesvi and content:
a techno-economic analysis, in ITS 17th Bienniahf€cence, June 24-27, 2008, Montreal,

Canada.

Statistics Finland, 2001. Time use survey. Avadabl at:
http://www.stat.fi/meta/til/akay _en.htmReferred 20.05.2008.

Borja Jiménez, Helsinki University of Technologyefartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 6 — References 88

Thearling, K. 2007. An introduction to Data MininBiscovering hidden value in your
data warehouse. White paperhttp://www.thearling.com/text/dmwhite/dmwhite.htm
Referred 11.4.2008.

Tools, 1, 2008. JGraphttp://www.touchgraph.com/Referred 20.02.2008.

Tools, 2, 2008. GraphViattp://www.graphviz.org/ Referred 20.02.2008.

Tools, 3, 2008. CondorVieviattp://www.galaxyadvisors.com/Referred 20.02.2008.

Tools, 4, 2008. Pajekittp://viado.fmf.uni-lj.si/pub/networks/pajekReferred 20.02.2008.

Tools, 5, 2008. InFlowhttp://www.orgnet.com/ Referred 20.02.2008.

Tools, 6, 2008. TouchGraphttp://www.touchgraph.com/Referred 20.02.2008.

Uronen, M. 2008. Market Segmentation Approachesthi@a Mobile Service Market.
Master’s Thesis, Networking Laboratory, Helsinkiitrsity of Technology.

Verkasalo, H. 2005. Handset-Based Monitoring of MolCustomer Behavior. Master’s

Thesis, Networking Laboratory, Helsinki UniversdfyTechnology.

Verkasalo, H & Hamainen, H. 2006. Handset-Based idddng of Mobile Subscribers.
Department of Electrical and Telecommunications igegring. Helsinki Mobility

Roundtable. Helsinki School of Economics.

Verkasalo, H. 2007a. A Cross-Country ComparisoMobile Service and Handset Usage.
M.Sc. Thesis, Helsinki University of Technology bireary 2007.

Borja Jiménez, Helsinki University of Technologyefartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 6 — References 89

Verkasalo, H. 2007b. Contextual Patterns in Mob8ervice Usage. Networking
Laboratory. Department of Electrical and Telecomimations Engineering. Working

Paper. Helsinki University of Technology.

Verkasalo, H. 2007c. Measurement of Smartphonei@eBwvolution in Finland. Journal of
Targeting, Measurement and Analysis in Marketingeal Issue; December 2007.

Wasserman, S. & Faust, K. 1994. Social Network psial Methods and Applications.
Cambridge University Press. 1994.

WinterBottom, D. 2007. Social networking has parib drive mobile revenues, but also
to add to network woesttp://www.informatm.com/itmgcontent/icoms/s/sestarobile-
content-apps/20017480656.html;jsessionid=3DAD42FRIIF70EALECE0027565DD3
19th of November 200 Referred 3.01.2008

Xiao, Y. & Shen, Y. & Du, D. 2007. Wireless Networ8ecurity. Signals and
Communications Technology. Springer. 2007.

Borja Jiménez, Helsinki University of Technologyefartment of Electrical and Communications
Engineering, Networking Laboratory, 2008



Chapter 7 — Appendices 90

7 Appendices

7.1 Appendix A — Logic of the Algorithm Developed

The algorithm developed to extract the contextnfdrimation from the datasets provided
by Nokia has been explained along the chapter® tanel four. However, only the main
ideas have been presented in these chapters anthiSaeason, a deeper analysis of the

algorithm’s logic is needed for a better undersiagd

As commented in the section 4.1, the java code rpromed takes a text file with
information about end-users and timestamps of etransition between base stations. The

algorithm processes the data as it will be exptaimefore, and it provides four result files:

* Cell classification: this file contains two columfar every user, the base station

and the context identified for that base station.

+ Contexts identified: this file contains two columse for the user’s identifier and
another with a code that informs of the contextsnidied for that user, as it

follows:

: No context detected
: Home context detected

: Office context detected

0
1
2
3: Home and Office contexts detected
4: Abroad context detected

5: Home and Abroad contexts detected
6: Office and Abroad contexts detected
7

: Home, Office and Abroad contexts detected
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* Presence mapping: this file presents three coldomasvery user, the date, an index
obtained through the division of the day in blockdive minutes (this means 288
indices) showing which moment of the day correspnthat row and the context
for that moment. This file can be easily generaiade all the base stations have

been detected.

The program generates three network files for eusgr as well (network topological files

for the network visualization tool used, i.e. Pajek

* Network file with all the information
* Network file with information of the working weelk@uding weekends

* Network file with only weekend information

Before executing the Java file, the input file hasbe pre-processed. This file must be
sorted by users, date and time and it cannot hassing or wrong values (e.g. dates in a

wrong format). The input file must have five colusnn

* End-userid

* Date

* Time

» Base station reached at that moment

* Mobile Country Code

The first thing that the code does is to check nbmber of end-users and after that to
exclude those with less than three weeks of inftionaThe big file is split into as many

files as end-users. Consequently, the whole prosékbe faster. In the creation of these
files, a new column showing the day of the weekdded to the file. From this point on, the
algorithm adds columns to the file in every acti@mce with the weekdays, the program
starts the data processing.
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Next all abroad situations are detected. The coddyzes the most used mobile country
code and marks it as the code of the country ofleese. Then, it starts to check different
country codes and compares them with a list afh&llexisting country codes. If the mobile
country code is not in the list, the line is eradédot, the algorithm counts the number of
consecutive cases where that mobile country cogeap and the total amount of time
spent out of the country of residence. If there rage than ten lines and more than six
hours of presence in that country, the base s&iiorolved are marked as the same cluster

and the context is marked as abroad.

After this, all the duplicated cases are deletexl flonsecutive cases with same base station
index) because every line represents a transitawden base stations so it has no sense a

jump from one base station to itself.

In the following action the time spent in everynsdion is calculated and then the time
spent in every base station. This is the infornmatieeded in the clustering process that

goes next.

The grouping of cells into clusters has been erplhiin the chapters three and four.
Basically, in this action the algorithm searches“fandwich” appearances, it counts them
and if the number of repetitions is higher thanre-gstablished threshold, the algorithm
groups the clusters giving the same base statiemtifter to both of them (the one of the

cluster with more time spent on it).

The input file is full of duplicated cases afteetblustering process. Because of this, the

next action is to delete again all the consecutives with the same base station index.
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With all the clusters identified, the algorithm ré¢ato calculate the times needed for the
context detection:

» Total time spent in the cluster

* Time spent at night (from midnight to six a.m. frivionday to Friday)
* Time spent during working week

* Time spent in the cluster during weekends

* Time spent during working hours (from 8 a.m. topli&.)

The next action is to take every cluster and amaly®e context. A new column with
information about the context for every cluster oftie”, “office”, “on the move” or
“abroad”) is added to the file.

In the following step, the algorithm goes deepeithia process of context detection by
identifying all the sub-contexts. As it was exptdnbefore, it is possible to find e.g. more
than one “home” context for a single user. Thesentas” will be sorted considering the
total amount of time spent as the key variablgh&se cases the context is “home” and the
sub-context is the ranking of that cluster in tis¢ of all the “home” contexts identified.
This is a simple way to illustrate that the biggesster is the most relevant and, probably,

the real home of the user.

With all this information, the program is readypdmepare the network files used by Pajek
software to represent the context graphically. tFok all, the algorithm creates two
additional files for every user: the weekend infation (by erasing the information of the
rest of the week) and the working week informatigmthout Saturday and Sunday
information). Thank to this division the idea of dvking” and “not working” (see figure 5)

can be more clearly expressed.

The method Text2Pajek’takes every file and generates one basic netwlerkthe input
for Pajek software) with all the clusters as nodes and tineps between base stations as

arrows (these jumps are obviously directed bec#usenovements among base stations
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always follow a direction). The links are weightadd these weights are the number of
jumps between two base stations (this way the omedl paths can be easily detected).

In the last step, the program gives sizes and c®lta the nodes. For giving sizes, the
algorithm uses the amount of time spent (the sizmlculated as the square root of the total
amount of time spent on a cluster divided by thaltamount of time of the whole panel).

As it has been mentioned, the simple use of a cotode can provide very valuable
information. The algorithm gives colour to the nea®nsidering time aspects. The day is

divided into four groups of hours:

* Blue group: hours from 0 p.m. to 6 a.m.
» Green group: hours from 6 a.m. to 12 p.m.
* Orange group: hours from 12 p.m. to 18 p.m.

* Red group: hours from 18 p.m. to 0 p.m.

The algorithm checks which cluster belongs to egoup. For this purpose, the algorithm
calculates the time the user spends in every gamgpso each cluster is painted with the

corresponding colour (assigned by group).
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7.2 Appendix B — Sensitivity Analysis

In the following table, the results of the sengyhanalysis explained in the fourth chapter

are presented.

Several trials are run for every restriction tophel the understanding of how variations
over the mentioned parameters affect to the glotemiults. The conclusions and

explanations of these results are described is¢bgon 4.3.

In the last rows, combinations of the values thadpce the most interesting results are

analyzed.
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Sandwich
Restriction

1st Threshold:

"On the Move™

Condition

2nd Threshold:
"weekend time"

Condition

3rd Threshold

“"Working Hours"

Condition

4th Threshold
"Night time"
Condition

Combination

of Parameters

Rising the
number of
Sandwiches

Number of |1st Threshold} 2nd Threshold w””m__.”””w”””ﬁ_ 4th Threshold
IRe _umzz.n.._m - Context- | Time Spent on During Working Time .mum_z at HOME OFFICE ABROAD TOTAL HOME OFFICE ABROAD
Sandwich |Onthe Move] Weekends Nights
Hours
5 0.05 0.1 0.75 0.05 578 100 93 1227 1015 100 112
10 L 2 ! 5 578 120 93 1294 1061 121 112
20 ! i 2 __ 578 135 93 1343 1054 137 112
40 i » 2 o 578 155 93 1506 1232 162 112
5 0.04 0.1 0.75 0.05 578 111 93 1320 1054 114 1312
s 0.05 " = i 578 100 93 1227 1015 100 112
2 0.1 ! < i 578 68 93 1000 820. 68 112
2 0.15 " 5 " 578 43 93 830 735 43 112
? 0.2 5 i y 578 16 93 797 669 16 112
b 0.04 0.1 073 0.05 578 111 93 1320 10594 114 112
- = 0.25 b = 578 116 93 1320 1089 119 112
2 5 0.35 = . 578 116 93 1320 1089 113 112
2 ¥ Mo Restriction i i3 578 116 93 1320 1089 119 112
b 0.04 0.1 075 0.05 578 111 93 1320 1034 114 112
- " g 0.6 i 578 142 93 1320 1062 146 112
2 5 5 0.5 & 578 154 93 1320 1049 159 112
5 " 5 Mo Restriction 5 578 167 93 1320 1033 175 112
5 0.04 0.1 0.75 0.35 578 116 93 1320 1089 119 112
< " A 2 0.15 578 116 93 1320 1089 113 112
£ 5 5 5 0.05 578 111 93 1320 1094 114 112
A " " = Mo Restriction 578 116 93 1320 1089 115 112
30 0.04 0.1 0.65 0.1 578 188 74 1478 1168 198 B1
40 0.04 0.1 0.65 0.1 578 134 74 1473 1193 203 21
a0 0.04 0.1 0.65 0.1 578 205 74 1523 1227 215 81
a0 0.04 0.1 0.65 0.1 578 208 74 1537 1237 213 81
100 0.04 0.1 0.65 0.1 572 213 74 1551 1245 24 81
200 0.04 0.1 0.65 0.1 578 216 74 1593 1284 228 81
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7.3 Appendix C — Share of Presence per Context

The following pictures show the differences in tirapent for the user between real

statistics (see Harmonised European Time Use Sparalthe results of the algorithm.

It is particularly interesting to analyze the shapethe lines that represent “home” and
“office”. For “office” context, the resemblance angpthe lines of the two figures is clear.
Another detail is the fact that “office” presenceed not reach 0% at any hour in both
figures, being higher the value for the resultshef algorithm (this means that the values of
the conditions for context detection used in trgpathm can be changed to improve the

results).

In the shape of “home” presence, there are twovaelefindings that deserve special
attention. First, the presence at home regardirtige@lgorithm’s result does not reach 90%
on its peak, while in the figure showing real stts the highest value is close to 100%

(algorithm’s accuracy can be improved).
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Figure 22 - Share of time per context obtained fronalgorithm results
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Second, it is possible to check in both figures Hbame” presence presents an intense fall
during working hours. However, real statistics pde$ more information than the
algorithm. In the figure 24, a second decrease ftdrp.m. to 21 p.m. can be seen. This has
a logic explanation: end-users spend their leisiune while they are out of home or office

and this time is longer than the one obtained téhalgorithm results.
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Figure 23 — Distribution of contexts during the day(see Harmonised European Time Use Survey)
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