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Viimeisten muutamien vuosien aikana tapahtunut älypuhelinten esiinmarssi on
muovannut omalta osaltaan mobiililaitteiden ja mobiilipalveluiden markkinoita uuteen
uskoon. Älypuhelimet tarjoavat alustan uudenlaisille sovelluksille ja palveluille, joiden
myötä puhelimet integroituvat entistä tiukemmin käyttäjien jokapäiväiseen elämään.
Puhelinten ominaisuudet mahdollistavat tämän lisäksi niiden käytön myös
datankeruualustoina. Dataa pystytään keräämään suoraan itse puhelimen käytöstä,
mutta laitteen tiukka side käyttäjäänsä mahdollistaa käyttäjän muunkinlaisen
käyttäytymisen tarkastelun.
Tässä työssä kyseistä päätelaitepohjaista dataa käytetään älypuhelimen käyttäjän
kontekstin havaitsemiseen, ja älypuhelimen käyttösessioiden tarkasteluun. Käytetty
päätelaitepohjainen aineisto sisältää käyttödataa 140 käyttäjältä. Aineisto on kerätty
vuoden 2009 syyskuun ja vuoden 2010 joulukuun välillä. Käyttäjän käyttökonteksti ja
sen määrittäminen ovat nousseet tärkeiksi seikoiksi etenkin mobiililaitteiden käyttöön
liittyen. Käyttökontekstin merkitys korostuu kehitettäessä entistä yksilöidympiä
sovelluksia ja palveluita. Älypuhelimen käyttösessioiden ominaisuuksia tarkastelemalla
on mahdollista saada yleiskäsitys siitä, miten älypuhelimia käytetään. Tässä työssä
käyttökontekstia ja käyttösessiota tarkastellaan ensin toisistaan erillään. Lopuksi näistä
saatu tieto yhdistetään ja pyritään vastaamaan pääasialliseen tutkimuskysymykseen:
Mikä on kontekstin vaikutus älypuhelimen käyttösessioihin?
Yleisellä tasolla kontekstitieto tarjoaa kokonaiskuvan siitä, missä konteksteissa
käyttäjät viettävät aikaansa. Esimerkiksi kaksi kolmasosaa kaikesta ajasta vietetään
kotona. Älypuhelimen käyttösessioista kerätty tieto paljastaa, että älypuhelimen käyttö
vaihtelee huomattavasti eri käyttäjien välillä. ”Keskivertokäyttäjää” ei oikeastaan ole
olemassakaan. Konteksti- ja käyttösessiotieto yhdistettynä antavat tuloksia, jotka
viittaavat siihen, että älypuhelimen käyttö vaihtelee kontekstista riippuen.
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1 Introduction
This chapter provides the motivation for the research. Also the research questions,
objectives and scope of the research are described. After this the research methods are
introduced, and in the final part the structure of the thesis is outlined.

1.1 Motivation
In the past few years the mobile device and mobile services markets have been affected
by the strong emergence of smartphones. Smartphones are mobile phones that offer
advanced computing abilities and connectivity options. Smartphones are programmable
mobile devices, running complete operating systems in a manner similar to traditional
computers. These features enable new kinds of mobile services that in turn shape the
usage habits of the smartphone users. As the devices provide more and more
applications for an increasingly wider range of usage situations, the smartphones
become an increasingly integrated part of the users’ everyday life. The programmability
of the smartphones gives the possibility to turn the devices into data collection
platforms providing detailed information on the users’ smartphone usage habits. The
devices’ strong integration into the users’ everyday lives gives the possibility to infer
information also about the users’ other, everyday, habits.
Inferring the user’s context from the handset-based data is one interesting subject of
research. The user context is an important part in studying mobile user behavior. Things
like where the user is, and what is the surrounding situation, have an effect on the user
behavior. Recognizing mobile user behavior patterns brings value to many stakeholders
around the mobile communications industry, including device manufacturers, mobile
network operators, mobile application developers, advertisers, and the users themselves.
For example, Gartner (2011a) predicts that by 2015 context (particularly centered on
location, presence, and social interactions) will be “as influential to mobile consumer
services and relationships as search engines are to the Web”. The focus is on providing
more personalized experiences across smartphones and other devices. Moving from
mere location detection to detecting significant places (meaningful to a user) and
contexts has gained more and more interest also in the academia.
For the context detection part, this work is a continuation of the work by Verkasalo
(2008) and Jiménez (2008). The handset-based data in our use is more detailed than
1
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before, giving an opportunity to pursue more accurate context detection. In particular,
the data have expanded to include WLAN scan and Bluetooth scan data from mobile
handsets, in addition to GSM (Global System for Mobile Communications)/WCDMA
(Wideband Code Division Multiplexing Access) cell id data available for the previous
studies.
Smartphone usage is mainly the interaction with the device. Even though the device is
practically always on and almost all of the time within close proximity to the user, the
actual interaction with the device occurs only when the user sees it necessary. A term
often used for a one-time interaction with the device is a usage session or an interaction
session. A usage session is something that can be used to describe the smartphone usage
as a whole. It is not so much interested in what is used with the smartphone, but more in
how the smartphone is used. By combining the characteristics of smartphone usage
sessions and context information, it can be possible to tell something about the overall
user behavior in the users’ everyday environment.
User context has been studied with different methods before, but inferring it from
handset-based data is a relatively new approach. The same applies to handset usage
studies. This is due to the fact that handset-based data collection could not exist before
the capabilities of the handsets were at an adequate level (i.e., smartphones were in use).
Thus the body of previous research around mobile user context and especially
smartphone usage sessions is relatively slim. And finally, at least the author is not aware
of any previous studies combining the two subjects.

1.2 Research questions
Handset-based data can be used to extract information about the behavior of the handset
users. Attempts have been made to recognize the user’s place and/or context from this
kind of data. Handset-based data have also been used to study the usage of the mobile
devices. This research is interested in both of these topics. GSM/WCDMA4 cell data,
WLAN scan data, and Bluetooth scan data provided by the handsets can be used to
extract place and context information. Application usage data can be used to study the
usage of the devices. This research goes also further than just studying the two topics

4
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separately. It attempts to combine the context and usage information to examine the
usage in different contexts.
The research question and the associated sub-questions of the thesis are:
Q: What are the effects of context on smartphone usage sessions?
a) How can cell data, WLAN scan data and Bluetooth scan data be used
to detect mobile user contexts?
b) How can smartphone usage sessions be extracted from smartphone
application usage data?
c) What are the characteristics of mobile user contexts?
d) What are the characteristics of smartphone usage sessions?
e) How does the mobile user context affect the characteristics of
smartphone usage sessions?

1.3 Objectives of the research
In order to answer the research questions, the objectives of the research need to be
defined. The objectives of the research are:
O1: Develop a context detection algorithm that uses the combination of cell data,
WLAN scan data and Bluetooth scan data in the context detection, and apply the
algorithm to real handset-based data to extract context information.
O2: Contribute in defining a smartphone usage session, and use the definition to extract
usage session information from real handset-based data.
O3: Show the characteristics of mobile user contexts.
O4: Show the characteristics of smartphone usage sessions.
O5: Show the effect of user context on the characteristics of smartphone usage sessions.
In addition, one overall objective of the research is to showcase, what kind of analysis
can be done with handset-based data, and finally provide insight into how the
information extraction methods and the handset-based data could be improved to obtain
more accurate results.

3
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1.4 Scope of the research
This research is built around the terms context and session. Both of these terms are used
quite differently in different situations and places. In order to have comparable results,
the terms need to be defined as accurately as possible, and it needs to be explained how
they are used in this work. Due to the importance of the matter, the terms are examined
more thoroughly in Chapter 2 which focuses on the background of the research topic. In
short, the term context is used in this work mainly in highly place-related meaning. In
the context detection part of the work five place-related contexts are introduced. These
are: (i) Abroad-context, (ii) Home-context, (iii) Office-context, (iv) Other meaningfulcontext and (v) Elsewhere-context. In addition to the place-related contexts, also an
attempt to detect Social-context is carried out. When it comes to the term session, in this
work we are interested in smartphone usage sessions. Smartphone usage sessions are
used to give an overview of the usage of smartphones. A smartphone usage session is a
time period which starts when a smartphone user starts interacting with his/her
smartphone, and ends when the interaction ends. Intuitively the usage session is quite
straightforward to understand, but especially its technical aspects require defining.
The data used in this work are handset-based data collected through a smartphone user
panel. The user panel is a part of the OtaSizzle project. The panelists are mainly
students and employees of Aalto University. The dataset has smartphone usage data
from 140 panelists. The data have been collected between September 2009 and
December 2010. All of the panelists do not have data from the entire time period. The
lower limit for the final analysis has been three weeks of data per user.

1.5 Research methods
A literature study is conducted to acquire an understanding of the technologies and
techniques related to location and place recognition in the case of mobile devices. This
forms the base to develop methods for context detection. Also a review of previous
research in the area of the research subject is conducted. This includes place and context
detection, as well as mobile device usage studies.
Handset-based measurements are utilized to get the data for the analysis. The actual
data collection is done by a third party, who has developed a special purpose platform
for handset-based data collection. The platform software is installed on voluntary user
4
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panelists’ mobile handsets (smartphones). The software monitors the usage of
applications and different device features, logs and stores the usage data on the device,
and periodically sends the data to a server for further use.
Data mining is used to extract information from the handset-based data. A context
detection algorithm is developed to extract context information from time-stamped data
acquired from the handsets’ different radios, and a method for extracting smartphone
usage session information from application usage data is defined. Finally, the context
information and usage session information are merged for further analysis.

1.6 Structure of the thesis
The structure of the thesis is as follows: After the introduction, Chapter 2 covers the
background for the thesis. Chapter 3 describes the context detection algorithm
developed. In Chapter 4 the context and usage session information is analyzed both
individually and together. Chapter 5 presents the conclusions of the research.
Chapter 2 gives an overview of the current mobile device and mobile services market. It
also gives an introduction to location and place detection techniques commonly used in
mobile devices. This chapter holds the definitions of context and smartphone usage
session, and describes the handset-based data in detail. Finally, previous research on
location/place detection and mobile device usage is reviewed.
Chapter 3 gives a detailed description of the context detection algorithm developed. The
chapter describes cell id-based context detection, WLAN scan-based context detection
and Bluetooth scan-based context detection, as well as the combination of these.
Chapter 4 starts with an output study of the context detection algorithm, providing also
results gained from the context information. Next, a smartphone usage session study is
conducted, providing results gained from the usage session information. Finally, the
context information and the session information is analyzed together in order to answer
the main research question of the thesis.
Chapter 5 provides the summary of the results and discusses their implications. The
reliability and validity of the research is also examined, and finally some
recommendations and suggestions for future research are brought up.
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Figure 1-1 illustrates the structure of the research itself. It emphasizes the approach
where the context part and the smartphone usage session part are first handled
separately, but in a similar manner. And finally the two are combined.

Figure 1-1 The structure of the research
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2 Background
This chapter aims to provide the necessary background information for the research.
Mobile device usage depends on the mobile devices themselves and the mobile services
available. And when developing, and especially in order to commercialize new devices
and services the trends of device and service usage have to be taken into account. For
this reason an essential part of the background information is an overview of the mobile
handset and mobile services markets. The context detection described in this work is
inspired by and relies on the possibilities to detect locations and places with on-device
sensors. The basics of mobile device location and place detection are covered in this
chapter. Smartphone usage session and context are the two key terms in this work. In
both cases, earlier definitions are reviewed before describing how the terms are
understood and used in this work.
Research of this nature would not be possible without access to individual users’
handset-based data. This background chapter gives an overview of how the data are
collected, and what it includes. Finally, earlier work in the areas of location awareness
and context detection, as well as, mobile device and service usage is reviewed.

2.1 Overview of the mobile handset and mobile services market
Mobile handsets have come a long way since the introduction of the Motorola
DynaTAC 8000X, the first commercialized cellular portable phone. Commercial
cellular networks have developed from 1G, e.g., NMT (Nordic Mobile Telephone)
through 2G, e.g., GSM and 3G, e.g., UMTS (Universal Mobile Telecommunications
System) to 3.5G and 4G. The handsets themselves have evolved from relatively simple
phones to fully capable portable computers, and the range of mobile services is really
something more than just the possibility to make voice calls in a cellular network.
2.1.1 Mobile handset market
During the past few years the mobile handset market has seen some significant changes.
From the western (Western Europe, the US) and Asia/Pacific market point of view, the
emergence of smartphones, i.e., programmable cell phones, or converged mobile
devices, has been the most notable trend. On the world-wide level the rise of the
emerging markets (i.e., the developing countries) has been significant. The growth in
7
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the number of mobile phone subscriptions in the emerging markets has been much
greater than in the developed countries (The Economist, 2009). The relatively low
growth rate in the developed countries is due to the saturated nature of the market.
Smartphones, however, have brought and will bring some change to this, because
people want to upgrade their ordinary mobile phones into more capable devices. All in
all, the device manufacturers seek growth with high-end devices in areas where people
can afford them, and with more basic devices sold in masses to the high rising emerging
markets.
According to Datamonitor (2010), the value of the global mobile phones market in 2009
was $95.8 billion. In Datamonitor’s forecasts the market value for year the 2014 is
$155.3 billion, indicating an 8.6% Compound Annual Growth Rate (CAGR) for 20092014. For comparison, CAGR for 2005-2009 was 8.5%. Market volume in 2009 was
1005.8 million units, and it is forecast to be 1520.8 million units in 2014, thus giving a
CAGR of 8.6% for 2009-2014. During 2005-2009 CAGR was 10.7%. According to
Gartner (2011b), the market volume in 2009 was 1211.2 million units, and in 2010 it
was 1596.8 million units.
Since 1998 Nokia has been the market leader in mobile handsets, and managed to
increase its market share to over 40% in 2007. The market share has, however,
decreased quite notably since then. One reason for this has been the emergence of
smartphones and new manufacturers especially in the smartphone segment. Samsung is
the second largest manufacturer and has been chasing Nokia forcefully. In the
smartphone segment US manufacturers like Research in Motion (RIM) and Apple have
a strong position. This is especially true in the US market. Apple’s iPhone has gained
popularity and by that it has introduced an emerging trend where the device market is
becoming more software centric instead of hardware centric (e.g. Idean, 2009). This is
clearly on display in the ongoing measuring of strengths between different smartphone
operating systems (OSs). In 2010 Symbian was the OS market leader (37.6%) followed
by Google’s Android (22.7%), RIM (16,0%), Apple’s iOS (15.7%) and Windows
Mobile (4.2%) (Gartner, 2011b). Especially Android has been in an upward spiral since
its launching in late 2008. The other reason for Nokia’s diminishing market share is the
low cost mobile phone manufacturers from the emerging markets. Especially
manufacturers from China and India are challenging Nokia in the low-end device
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market. Table A-1 in Appendix A shows the top five mobile phone and top five
smartphone manufacturers in 2010.
2.1.2 Mobile services market
Like the mobile handsets themselves, also the mobile services have evolved
significantly over the years. Long past are the times when the standard voice calls and
SMS (Short Message Service) messages were the only services used. Of course the
penetration of these two particular services is practically 100 % (Verkasalo, 2008), but
the service landscape has expanded tremendously, and will most likely continue to do
so.
According to the estimations of ITU (2010a), the number of mobile subscriptions in the
world at the end of 2010 was 5.3 billion, i.e., 77 percent of the world’s population. This
is a substantial increase from the 4.6 billion subscribers at the end of 2009. SMS is the
most popular messaging service with 4 billion users (Portio Research, 2010, as cited in
MobiThinking, 2011) and 6.1 trillion messages sent worldwide (ITU, 2010b). It is
followed by MMS (Multimedia Messaging Service), email and instant messaging. The
overall value of global mobile messaging is over $150 billion (Portio Research, 2010, as
cited in MobiThinking, 2011). Gartner (2009) predicts that the top ten mobile
applications used by consumers in 2012 are (in order): money transfer, location-based
services, mobile search, mobile browsing, mobile health monitoring, mobile payment,
near-field-communication services, mobile advertising, mobile instant messaging, and
mobile music.
The introduction of smartphones enables mobile Internet services to move closer to
traditional Internet services (used from a desktop) in quality and performance. In
addition, mobile devices have their always on, ubiquitous and personal features which
make it possible to invent also new kinds of services (location-based services as an
example). More computer-like features such as programmability give the possibility for
third party developers and service providers, no longer only the device manufacturers
and mobile network operators, to offer their applications and services to smartphone
users. The pioneer in this area has been Apple and its iTunes App Store. It has increased
the popularity of third party applications, and nowadays also other platforms have their
respective application stores (e.g., Ovi Store by Nokia, Android Market, BlackBerry
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App World and Windows Phone Marketplace). There are also independent application
stores like GetJar.
The most substantial mobile service providers are, however, the mobile network
operators (MNOs). MNOs have acquired radio spectrum licenses from the governments,
and this makes them the only ones who are legally allowed to set up a mobile network.
Mobile virtual network operators (MVNOs) do not have their own mobile networks, but
they lease the underlying network from an MNO. MVNOs appear to normal customer
as regular MNOs. Mobile network operators provide all the services related to the data
transmission over mobile networks. In this sense they are the gatekeepers for many
mobile services, themselves directly providing a bunch of those (e.g., voice, SMS, etc.).
Mobile network operators have traditionally been strongly involved also in mobile
device dealing. Bundling mobile devices with subscriptions has been common practice
in many countries. Not surprisingly the biggest mobile network operators (in terms of
the number of subscribers) come from populous countries. According to Portio
Research (2009), as cited in MobiThinking (2011), the top five in the world includes
Chinese, Indian and American operators. The global top five operators in terms of
different KPIs are listed in Table A-2 in Appendix A.

2.2 From location to place and context
New smartphones are nowadays quite well equipped for the purpose of location
detection. Most notably, many of them contain GPS (Global Positioning System) chips
for positioning. Mobile devices connected to a mobile network are always aware of the
particular base station they are connected to. And in addition, many of the devices are
Bluetooth and WLAN enabled, and so can recognize nearby Bluetooth devices and
WLAN access points. However, mere positioning alone is not enough when the end
purpose is to examine user behavior and develop applications related to the user’s living
environment the way the user perceives it. Location has to be translated to places and
contexts meaningful and significant to the user.
2.2.1 Methods to detect location with mobile devices
GPS provides relatively accurate position information in the latitude/longitude format.
In detecting mobile user’s location GPS-based solutions are common. For example,
normal navigation applications are based on GPS positioning. GPS has unfortunately
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also a couple of drawbacks. First of all, it does not work properly (or at all) indoors. The
GPS antenna needs to have a line of sight to a required amount of satellites. Indoors this
is not possible, and especially in urban environments the line of sight can be lost also
outdoors in “canyons” formed by tall buildings. GPS has also relatively high energy
consumption. In continuous use it reduces the mobile device’s battery lifetime
considerably.
Positioning based on mobile network’s base stations is less accurate than with GPS, but
it is “always on” in the sense that whenever a device is connected to the mobile network
it knows under what base station it is. No additional sensors are needed. A base station’s
range covers a physical area, which is often called a cell. The cell reveals in very
coarse-grained level the position of the mobile device. For more accurate positioning,
travel times of signals, signal strengths, and this information from multiple base stations
simultaneously is needed. A major drawback in network cell-based positioning is the
problem of acquiring the information about exact locations of the base stations. The
mobile device sees a unique base station/cell identifier, but the actual locations of the
cells are known only by the mobile network operators. The operators are very reluctant
to reveal these locations to outsiders. For a more in depth overview of GPS and network
cell-based positioning the reader may refer, for example, to Nurmi (2009).
Positioning based on WLAN access points is somewhat similar to positioning based on
network cells. The end result can be more fine-grained since the range of WLAN access
points is smaller (100 m) and consequently the access point density can be larger.
However, WLAN access points do not have the same comprehensive coverage that the
mobile network has. In the case of WLAN access points, when the mobile device does a
WLAN scan, it is able to recognize all the access points within range. The basic idea
behind positioning based on WLAN access points is that in a certain location certain
access points are visible. So to say, the location can be recognized by its WLAN access
point “fingerprint”, a unique signature of the location. Usually the fingerprint consists
of unique access point identifiers and corresponding signal strengths, like, for example,
described in Krumm and Hinckley (2004). To extract the exact physical location, the
locations of individual access points have to be known. This narrows the use of this
method to areas like university campuses or office buildings where locations of access
points are known or relatively easy to acquire.
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Positioning by recognizing nearby Bluetooth devices does not differ much from WLAN
access point positioning in the case of static Bluetooth devices, such as table top
computers, printers, etc. Mobile Bluetooth devices, such as smartphones of other users,
can be used to detect the social context of the user, i.e., who is nearby (within 10 meters
or so with the most common power class 2).
2.2.2 Meaningful places and contexts
Location information, for example in the latitude/longitude form, is not very readily
exploitable information for an average mobile device user. And, for example, a mobile
service provider probably does not perceive it highly useful if it only knows that a user
is at (N 60° 11.341’, E 24° 49.881’) and has no other information available about the
location. This has been the reason for many researchers to move forward from mere
locations to places. A place in this case is referring to a meaningful place for a mobile
user, and it is expressed more meaningfully than just in coordinates or as a street name.
A meaningful place could be for example “home”, “workplace” or “grocery store”.
Among others Nurmi (2009) and Hightower, et al. (2005) discuss this transition from
location to place.
If the raw latitude/longitude data are somewhat difficult to use as such, the same can be
said about the raw cell id and WLAN access point data. Especially, if there are no
means to map that data into any physical location. A cell id (a number in a decimal
form) or a WLAN access point MAC address (a number in a hexadecimal form) does
not tell much in itself. However, there are means to detect significant places from that
data. For example, a cell indicates a location. This location is most likely a meaningful
place for a particular user if it is visited repeatedly and a considerable amount of time is
spent there. With adding time-stamps to the data, some heuristics can be used to label
the meaningful places. For example, a place where almost every night is spent is most
likely the home. A place where most of the office hours are spent could be interpreted
as a workplace. This concludes that meaningful places can be detected even if their
physical location is unknown.
In modeling context-based mobile user behavior, a meaningful place is in many cases
the main ingredient of context (e.g., Jiménez, 2008). Of course context is, also in these
cases, used to describe the user’s situation more thoroughly. For example, context may
change even inside a meaningful place depending on the time of day. And being not in a
12
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meaningful place could also tell something about the context. ISO 13407 (1999)
describes context as an abstract concept generally adapted to every specific application
that models it. When adapting it to the modeling of mobile user behavior, relevant
information can include, e.g., location, meaningful place, time of day, day of week,
surrounding people etc. To make the concept of context more clear, and describe how it
is adapted in this work, the next section will concentrate on the notion of context.

2.3 Notion of context
This chapter aims to shed light over the term context, and how it is used in this work.
Normally the term context is used quite casually, putting not much weight into its
definition. First, a couple of definitions for the term context are reviewed. The interest is
especially in the definitions linked to the context-aware computing research. After this it
is explained how context is understood and used in this work.
2.3.1 Definitions of context
The Merriam-Webster Online Dictionary5 defines context as “the interrelated conditions
in which something exists or occurs”. To get a little closer to the notion of context in the
setting of context-based mobile user behavior research, we can look at definitions
developed around context-aware computing research. Dey (2001) provides examples of
earlier, but in his opinion inadequate, definitions of context, categorizing them into two
classes. The first one defines context by examples such as the following: context is
location, the identities of nearby people and objects, and changes to those objects
(Schilit & Theimer, 1994). The other class of definitions provides just synonyms for
context. Examples include Ward, et al. (1997) referring to context mainly as the
environment.
Dey (2001) himself is seeking for an operational definition of context, and provides the
following: “Context is any information that can be used to characterize the situation of
an entity. An entity is a person, place, or object that is considered relevant to the
interaction between a user and an application, including the user and applications
themselves.” In the case of examining mobile user behavior, using data collected from
the users’ mobile devices, the entities are the user and his/her mobile device. The entity
of main interest is obviously the user. The mobile phone is used to gather information
5

http://www.merriam-webster.com/dictionary/context. Cited on December 2, 2010.
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that can characterize the situation of the user. Somewhat problematic in this is the fact
that the information collected from the mobile device can with absolute certainty
characterize only the situation of the mobile device. For the situation of the user, some
additional assumptions have to be made. It is assumed that the mobile device has only
one user, and that the user has the mobile device always with him/her. With these
assumptions it can be presumed that the information extracted from the mobile device
can be used with relatively good accuracy to characterize the situation of the user also.
2.3.2 Context in this work
In this work mobile user behavior in terms of mobile device usage (usage sessions) is
studied relative to the user context. As described above, the user context is any
information that can be used to characterize the situation of the user. The information is
extracted from data collected with the users’ mobile devices by using a special purpose
data collection platform. Information that can be used to describe the situation of the
user includes a place derived from location data, time, and other people surrounding the
user. So following Dey’s (2001) definition of context, a place is a context, time is a
context and information about other people’s existence near the user is a context. The
weight in this work is mostly on the place-related contexts. Context is definitely much
more than a place or a location, but, as Kaasinen (2003) reminds, its other elements are
still difficult to identify and measure.
Especially in the context algorithm part of this work, place and time information are
combined in an attempt to put a meaning to a particular place. In this manner we get the
following place-related

user contexts:

“Abroad”, “Home”, “Office”, “Other

meaningful” and “Elsewhere”. The first three contexts are self-explanatory. “Other
meaningful” refers to a highly place-related context which does not have the
characteristics of a “Home” or an “Office”, but still considerable amounts of time are
spent there. In general, “Elsewhere” refers to something other than a meaningful place.
A place is assigned “Elsewhere” if the time spent there is a lot less than in the
meaningful places. “Elsewhere” includes on-the-move/traveling and possibly places like
restaurants and other not so frequently visited places. Information about surrounding
people is translated into “Social context”. In all its simplicity “Social context” either
exists or does not exist, depending on if there are other people around or not. Figure 2-1
shows the relationship of the information and context in this work.
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Figure 2-1 Relationship of information and context

2.4 Smartphone usage session
In this work the aim is to study smartphone usage sessions related to different usage
contexts. The basis for a smartphone usage session is a smartphone application session.
For this reason the term application session is covered first. Application session refers
here only to the usage of smartphone applications. When the application session is
understood, it is possible to continue to the smartphone usage session. First some
previous definitions of usage session are reviewed, and finally it is clarified how a
smartphone usage session is understood in this work.
2.4.1 Application session
Smartphone usage comes down to using the applications the device has to offer. New
smartphones are equipped with numerous applications, and as described in Section 2.1,
new applications are easy to download from increasingly popular application stores.
Examples of frequently used applications are messaging (especially SMS), calendar and
music applications (Verkasalo, 2010). Smura et al. (2009) divide different applications
into ten application classes. The classes are: calling, messaging, browsers, infotainment
clients,

servers

and

file

sharing,

multimedia,

games,

business/productivity,

system/utilities, and other applications. In studying smartphone application usage,
researchers have described the user interaction with an application with terms like
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application session (Verkasalo, 2009; Falaki et al., 2010) or application usage session,
but in general there seems to be no prevalent expression for describing a single
interaction with an application (e.g., writing and sending an SMS message). Also the
terms are often brought up in a casual manner and left to explain themselves. Terms like
application session and application usage session appear quite self explanatory. For
example, an application (usage) session could be considered to begin when an
application is launched (turned on), and end when the same application is closed (turned
off). Unfortunately, even such simple actions as the launch or closure of an application
can be somewhat ambiguous.
Applications can run either in the foreground, or in the background of the device. When
an application is running in the foreground, it is visible to the user, and the user is quite
surely interacting with it. An application running in the background, however, is not
visible to the user, although the user might have launched it and at some point will
probably close it. Multitasking is a technical term basically meaning that several
applications can be running at the same time. This leads to the possibility of having
several simultaneous application sessions running, with the “from launching to closing”
definition. From an application session point of view, one can pose questions of whether
an application should be considered as “closed” when it is moved to the background and
“launched” again when it is brought to the foreground. In the case of, for example, web
browsing the browser application is pretty much idle when the user has it on the
background (of course it is possible to have the browser loading a new page in the
background while the user is doing something else in the foreground), while, for
example, an MP3 player is commonly used as playing music mainly in the background.
In web browsing the application session could be determined as ended when the
browser application is moved to the background or closed altogether. In the case of the
MP3 player, only closing the application altogether would be the end of the application
session. In some cases it can be hard to distinguish between these two types of
applications. The number of available applications is increasing all the time and it
would require a great deal of manual work to go through the majority of them in order
to check whether user interaction with the application, or at least some kind of usage,
can continue in the background state or not. And even if the interaction can continue, it
cannot be said with complete certainty whether the user has really done so. When
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studying application usage on an aggregated level and with large amounts of real data,
clear and simple enough to apply rules need to be established.
For example, Smura (2008) studies the active usage time of applications. In his work
active usage time is defined as the time an application has been in the foreground.
Smura (2008) acknowledges that in the case of applications like FM radio or an MP3
player the active time does not necessarily represent the actual time spent with the
application. However, in most cases this approach comes at least close to the actual
time, and overall yields most likely more accurate results than the alternative rule of
using both foreground and background times added together for every application.
When working with real handset-based data, the data itself poses limitations to what
kind of definition of application session is usable in practice. In the case of Smura’s
(2008) data set, only foreground application data was available. Also in this work our
foreground application data is most suitable for proper analysis. The data collection
platform provides also background application data, but from that data it is not possible
to unequivocally determine the closing time of an application, only the launching time
is available. Thus, in this work an application session is the time period an application is
running in the devices foreground. In other words, an application session starts when an
application starts running in the device’s foreground, and ends when the application
stops running in the device’s foreground.
In the case of our data, the foreground application file does not contain cellular voice
calls. As will be described in Section 2.5.2 the cellular voice calls are in their own file.
In this work the term application session includes all other smartphone usage, except the
cellular voice calls. The reasons for this division are explained next with the definition
of a cellular voice call session.
2.4.2 Cellular voice calls
Cellular voice calls are not included in our foreground application file. The cellular
voice calls do not appear as foreground applications, and for example, some other
application can be running on the smartphone’s foreground while a cellular voice call is
under way. In principle, a cellular voice call does not differ from any other application.
It has its start time, duration, and thus, its end time. The main reason for separating
other (foreground) applications and cellular voice calls is the overlapping of their
timestamps. As noted above, at least part of the overlapping comes straight from the
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possibility to have other applications running in the foreground of the device while
calling.
The purpose here is to proceed towards the definition of a smartphone usage session. As
explained later, a usage session is a sequence of application sessions. If the timestamps
of the application sessions overlap, the accuracy of determining usage session
characteristic diminishes. The cellular voice calls are thus examined separately from
other applications.
2.4.3 Usage session
To achieve the aim of studying smartphone usage sessions related to different contexts,
it is necessary to define what is meant by the term usage session. In general a
smartphone usage session is understood as a continuous time period when the user is
interacting with his/her smartphone. The word “usage” refers here to user interaction
with a device, and the term usage session is understood as a synonym for the user
interaction session or just interaction session. In some studies also user session is used.
To get deeper into the concept of session, and to eventually arrive at a technical
definition applicable to our handset-based data, some earlier definitions of usage/user
session in a couple of related fields are reviewed next.
According to yourDictionary.com’s Computer Definitions6, a definition of a user
session is: “An encounter between a user and an application or with the computer in
general. One user session is the time between starting the application and quitting”. This
definition is a nice starting point, but as can be seen, it does not differentiate between an
encounter between a user and an application and an encounter between a user and a
device. We have already been describing an encounter between a user and a smartphone
application. The goal here is to move towards an encounter between a user and a device
(i.e., smartphone in our case). Before that, however, it is useful to look at user session
definitions related to Internet and network usage.
Web-site audience measurement services measure how many visitors different web sites
have in a certain time period. Such services, like the Finnish TNS Metrix7, have certain
technical definitions for a user session or a user’s visit on a web page. TNS Metrix
defines one session as one or more page requests from the same service, if the interval
6
7

http://computer.yourdictionary.com/user-session. Cited on December 15, 2010.
http://www.tns-gallup.fi/index.php?k=14598. Cited on December 15, 2010.
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of the requests is less than 30 minutes. If more than 30 minutes elapses, the next page
request starts a new session. This definition provides an example of how different
sessions could be differentiated from each other. If nothing happens for a pre-defined
threshold time, the next action starts a new session. For example, Zhang & Chang
(2002) apply a similar kind of threshold rule for a web usage session as a whole (as
opposed to the single service usage session/visit of TNS Metrix). A web usage session
is constructed of one or more page visits, possibly on different web sites. The session
ends if an upper limit on the time spent visiting a page is exceeded, i.e., no new page
requests are made in a pre-defined threshold time. In addition, Zhang & Chang (2002)
have also an upper limit on the session duration as a whole. Kitahara et al. (2010)
analyze traffic flows generated in GPRS and UMTS networks. Traffic flow is a packet
sequence (containing some data) from a source device to a destination. One individual
flow is a result of some action that requires data transmission. A flow group, defined in
Kitahara et al. (2010), is a group of individual flows close (in time) to each other. Flow
group is related at least partly to a device usage session. A device transmits data into the
network and the durations of related (network) usage sessions can be observed from the
durations of flow groups. In the flow group definition the groups are separated from
each other by having a pre-defined threshold time for the gap between individual flows.
A new flow starts a new group if the time between the end of the previous flow and the
start of the new flow is longer than the threshold time.
There are also a couple of earlier handset-based data studies that have put weight on
analyzing smartphone usage sessions. In these studies the definitions of the usage
session are overall quite technical, and made to fit the features of the devices used and
the data available. Rahmati & Zhong (2009) are interested in non-voice sessions, i.e.,
sessions constructed of non-voice applications. They consider a non-voice session to be
underway when the phone screen is on. This is based on the knowledge that the
experimental phones used have their screens on always when a non-voice application is
used. In the case of voice calls the screen goes off after one minute. For this reason
Rahmati & Zhong (2009) consider only non-voice sessions over one minute long. Falaki
et al. (2010) talk about an interaction interval and a session as synonyms. They have
two different data sets, and they define a session differently for each. The first definition
is similar to Rahmati & Zhong (2009); a user is deemed to interact with the phone
whenever the screen is on or a voice call is active. In the second definition an
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interaction is the interval an application is reported to be in the phone’s foreground.
According to later analysis in Falaki et al. (2010), the second definition refers to a
usage/interaction session where one or more applications are reported consecutively.
They use also the term application session when referring to usage of a single
application. Oliver (2010) exploits two device features in his definition of a usage
session. The first is the device’s (a BlackBerry smartphone) LCD (Liquid Crystal
Display) backlight, and the second is an idle time measure maintained by the
BlackBerry OS. The idle time is reset every time the user presses a button on the
smartphone. Interaction session is therefore the duration the LCD backlight is on minus
the current idle time (i.e., the time the user was not interacting with the device).
2.4.4 Usage session in this work
As seen above, the definitions for a usage session differ slightly depending on what kind
of data are available and how the data are collected. In all of the studies, however, the
main idea is the same; each of them tries to come as close to determining the real-life
instances of smartphone use as permitted by the data. An instance of use (i.e., a usage
session) could be, for example, taking the phone out of the pocket, checking the
calendar, sending an SMS, and putting the phone back into the pocket. This work does
not differ from the above studies in that sense. The goal is to have a usable definition of
a usage session that fits our data. The usage session is defined separately for the cellular
voice calls and other applications. For the other applications we use the term non-voice
usage session, following the example of Rahmati & Zhong (2009), and for the cellular
voice calls we use the already introduced term cellular voice call session.
Non-voice usage session
The first task is to recognize individual application sessions from our foreground
application data (described in Section 2.5.2). Initially the data file has the launch times
of individual applications and time-stamped entries that are interpreted to represent such
actions as the user applying the key-lock, activation and deactivation of the screensaver,
or the activation and deactivation of the device’s screen backlight. The slight ambiguity
of the mentioned time-stamped entries is unfortunate, but this is the best information we
were provided with. Nonetheless, these time-stamps indicate actions that intercept the
foreground applications.
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The data file is modified to include also the duration of the application, and the time
between the end of the current application and the launch of the next application, i.e.,
the time the device is considered to be idle. The duration of an application is the time
between the launch of the application and the next intercepting time-stamp. In other
words, a time-stamp indicating the launch of the next application or a time-stamp
indicating the other possible actions present in the file (key-lock, screensaver, or the
device’s backlight turning off). The idle time is the time between the end of the
application (the intercepting time-stamp) and the launch of the next application. With
this modified data an individual application session is relatively straightforward to
encapsulate. An individual application session consists of two parameters; a start time
(i.e., the launch time of the respective application) and an end time (i.e., the launch time
plus the duration of the respective application). A new application session can start right
when the previous session ends, or there can be idle time in between.
A non-voice usage session can now be constructed of time-wise close together
application sessions. A threshold value

is defined for the idle time between individual

application sessions. If the idle time between application sessions is less or equal
compared to the threshold value, the respective application sessions belong to the same
non-voice usage session. Figure 2-2 shows the structure of the non-voice usage
sessions. Determining

for the idle time between application sessions could become a

troublesome task. Justifying a specific value’s superiority over some other value is
difficult. How long a gap between the usage of different applications (or even the same
application) could be still considered natural in one non-voice usage session? A user
might, for example, receive an SMS message, check the calendar and maybe think for
awhile, and after that reply to the message. Now the question is how long of a “thinking
gap” still allows the continuation of the session. If usage is considered mainly as
interaction with the device, then any thinking parts could be ruled out from the nonvoice usage session. In the later analysis the threshold value
case.

is used as the base

is a strict but clear threshold for the idle time, and it is straightforward to

apply throughout the data. In practice it means that a non-voice usage session consists
of application sessions attached to each other. Possible other values for the threshold are
considered in Section 4.2.2 when studying the characteristics of the non-voice usage
sessions.
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Figure 2-2. The structure of the non-voice usage sessions

Cellular voice call session
It is clear that the cellular voice calls are smartphone usage there as any other
application usage. Unfortunately, with our data, it is not possible to combine these in a
way that would not hinder the accuracy of extracting the usage sessions from the
combined data, and thus the accuracy of the characteristics of the usage sessions
themselves. The separate voice call file contains all the cellular voice calls made by the
users. The file contains the starting times and the durations of the calls. A call can be
incoming, outgoing, missed incoming, or missed outgoing. A cellular voice call session
consists of one cellular voice call. The duration of the cellular voice call session is the
duration of the call. The duration can be also zero in case of missed calls.

2.5 Handset-based data
The data used in this work are collected from a handset user panel, consisting mainly of
students and employees of Aalto University. The data collection is part of the OtaSizzle
project. For more information about the project see, for example, SizzleLab (2010). The
data collection is carried out by using a special purpose software platform provided by a
third party developer. The software used in the OtaSizzle project is called MobiTrack.
MobiTrack enables collection of a wide variety of handset usage data from individual
users. The data include application usage, application installations, processes, battery
levels and charging, Bluetooth and WLAN entries, phone calls, SMSs, MMSs, URL
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entries, network sessions, and uploads. At the moment, MobiTrack is available as a
Symbian, Google Android, Windows Mobile and BlackBerry application. After a
handset user agrees to participate in the panel he/she needs to download the MobiTrack
software. The software preprocesses the usage data and stores the data locally in the
device, and then sends the data daily to the MobiTrack servers. The data collection is
continuous and does not require additional participation of the user. (Karikoski, 2011)
2.5.1 Data used in context detection
Data used in the context detection algorithm is in principle divided into three parts.
These are cell id data (cell id file), WLAN scan data (WLAN scan file), and Bluetooth
scan data (Bluetooth scan file). The files contain the corresponding data from all the
panelists that have been able to provide it (i.e., the panelist has a functioning WLAN or
Bluetooth connection). Data from different panelists can be separated by a unique user
id assigned to every panelist.
The cell id data are a time-stamped (date and time) log of cells/base stations the user has
been connected to. A single base station is represented by a unique identification
number. A new time-stamped entry into the log occurs every time the user’s mobile
device is connected to a new base station, and if no change happens, a new entry will be
added every half an hour. The mobile device is generally connected to the base station
with the strongest signal. A change of base station occurs when the device detects a base
station that has a stronger signal than the current base station. In addition to the timestamp and the cell id, one data entry has the Mobile Country Code (MCC) of the base
station. The country code tells, in which country the base station is located.
The WLAN scan data are a time-stamped log of WLAN access point information
collected during a WLAN scan made by the mobile device. A WLAN scan is usually
made every half an hour. There are, however, exceptions to this. Some of the scans have
occurred at a faster pace, and, for example, in cases where no WLAN access points are
detected, no data entries are made. During one WLAN scan the mobile device
recognizes all WLAN access points within range. This results in multiple (the number
of access points seen) data entries where the time-stamp is the time of the scan and an
individual access point is represented by its MAC address. The MAC address is
generated from a 48 bit random number, and is usually in hexadecimal form. In addition
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to the time-stamp and the MAC address, a data entry has the name of the access point
and the access point’s signal strength sensed by the mobile device.
The Bluetooth scan data are quite similar to the WLAN scan data. The data show a
time-stamped log of surrounding Bluetooth devices. Also the Bluetooth scans are
normally made every half an hour, with the similar exceptions mentioned above in the
WLAN scan part. During a Bluetooth scan the mobile device recognizes every enabled
Bluetooth device within range. The resulting data entries are similar to the WLAN scan
case. Time-stamps are the time of the scan and the Bluetooth devices are represented by
their MAC addresses (48 bit, and in hexadecimal form). In addition to the time-stamp
and the MAC address, a data entry has the name of the Bluetooth device, and Bluetooth
device type (i.e., whether the device is the user’s own device or a remote device).
2.5.2 Data used in device usage study
Data used in studying mobile device usage (mainly usage sessions) consist of a
foreground application file and a call file. The foreground application file is a timestamped log of applications detected running in the foreground of a user’s mobile
device. The time-stamp is the start time of the particular application. In addition to this,
a data entry has the id of the application, the name of the application, and the name of
the application class the application belongs to. The application classes are defined in
Smura et al. (2009). The call file is a time-stamped log of calls the user has made or
received. The time-stamp is the starting time of a call. In addition to this, a data entry
has the type of the call (in, out, missed in, missed out), and the duration of the call in
seconds.
The above description is true only for data produced with Symbian devices. This is
because, at the moment, only Symbian device application ids (i.e, Symbian UIDs) can
be mapped unambiguously to the application names. This is not a major problem
because most of the panelists are Symbian device users.
In the final analysis the users need to have enough context data and application data
available. Users with less than three weeks of data are excluded from the analysis. This
leaves 140 users with context data and application data (two of these users do not have
call data). Context data means that the user has at least three weeks of cell id data. In the
best case the cell id data is accompanied with WLAN scan data and Bluetooth data.
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Table 2-1 shows the number of users with different kinds of data. All of the 140 users
have Symbian devices. The data of the same 140 users are used throughout this
research.
Table 2-1 The number of users with different kinds of data
Data

Cell id

WLAN scan

Bluetooth scan

Foreground app

Call

Number of users

140

129

61

140

138

2.6 Review of previous work
The main body of previous work reviewed for this research is divided broadly into two
categories. For the context detection part of the thesis previous work covering different
approaches to location, place and context recognition/detection is reviewed. For the
smartphone usage session study part of the thesis, previous work covering mobile
device and services usage is reviewed.
2.6.1 Location awareness and context detection
Previous work into mobile user based location awareness, place recognition and context
detection includes different kinds of techniques and different approaches. Many of
them, however, have a similar kind of goal in providing a base for using the mobile
user’s location and movement patterns and user contexts for better location and context
aware applications. Broadly speaking, in much of the work described below some kind
of a location detection method is used to gather location-based data. This data are then
processed using different data mining techniques and tools (e.g., algorithms) to identify
significant places and contexts. Some of the work includes developing of data gathering
platforms and methods of actual location detection (especially in WLAN-based location
detection).
Early work on finding important places includes Marmasse & Schmandt (2002) and
Ashbrook & Starner (2002), both based on GPS location detection. Also Nurmi (2009)
uses GPS data. Problems in receiving continuous GPS signals have induced a body of
work relying on cell id-based location detection. For example, Laasonen et al. (2004),
Verkasalo (2007), Jimènez (2008), Yang (2009), and Bayir et al. (2010) have all used
solely cell ids in their work. In some of the other work, cell id data are accompanied
with WLAN and/or Bluetooth data. These include Eagle & Pentland (2006) with cell ids
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and Bluetooth; Hightower et al. (2005) with cell ids and WLAN; and LaMarca et al.
(2005) with cell ids, WLAN and Bluetooth. Work using just WLAN in detecting
location includes Krumm & Horvitz (2004), Krumm & Hinckley (2004), and Curran et
al. (2008). Nicolai et al. (2006) have used surrounding Bluetooth devices to detect
social context. In addition, Krumm et al. (2003) used FM radio signals to infer
locations. In practice this is very similar to using signals from, e.g., WLAN access
points. Raento et al. (2005) developed a platform for gathering data for context
detection. The platform is open source and called ContextPhone. For instance, Eagle &
Pentland (2005) have used this platform in their work.
2.6.2 Mobile device and services usage
The introduction of smartphones has provided new tools for studying mobile device
usage and user behavior. Smartphones are programmable devices and thus it gives a
possibility to develop customized platforms for data collection. Mobile phones in
general are very personal devices and are with the user most of the time. This makes it
possible to collect nearly continuous usage data from an individual user. Verkasalo
(2010) first describes some traditional research methods used in studying service usage,
and then portrays mobile audience measurements (i.e., using mobile device-based tools
in audience measurements) as the ultimate method to measure user behavior. The
traditional methods he describes are: questionnaires, interviews, laboratory and road
tests, traffic measurements, measurements at servers, and charging (billing) records. All
of these have their respective pros, but according to Verkasalo, are not able to provide
same kind of overall comprehensiveness as device-based audience measurements.
Previous smartphone usage behavior studies include Verkasalo (2008), Verkasalo &
Jiménez (2009), Rahmati & Zhong (2009), Falaki et al. (2010), and Oliver (2010).
Common to all of these studies is the use of a smartphone user panel in data collection.
By this the researchers have managed to collect diverse usage data from many users. In
all of the studies the data are used to extract aggregate level results on application and
service usage and on device usage overall. The results include, for example, interaction
times with the device (per day, average interaction), diurnal usage behavior, how and
when different applications and services have been used etc. An example of a
questionnaire study in examining the behavior of mobile data services consumers is the
work of Hong et al. (2008). They focus more on the drivers (e.g., beliefs, attitudes,
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perceived value) behind the usage, than the usage itself. It can be recognized that the
device-based studies provide richer usage information, but also to get behind that
information might prove useful.

27

The Effect of Context on Smartphone Usage Sessions

3 Context detection algorithm
This chapter describes the context detection algorithm developed for this research. First
an overview of the algorithm is provided. Then the algorithm’s three different parts are
described separately, and finally an explanation is given of how the parts are combined.

3.1 Overview of the algorithm
The context algorithm developed in this work is based on the work of Verkasalo (2008)
and Jiménez (2008). Its main purpose is to perform context detection for a large amount
of handset-based data from multiple users. The output of the algorithm (i.e., the context
information) can be used, for example, in studying context-based user behavior and
service usage. In Verkasalo (2008) and Jiménez (2008) only cell id data are used in the
context detection process. In this work WLAN scan data and Bluetooth scan data are
used in addition to the cell id data.
Broadly speaking, the algorithm is divided into three parts. This originates quite
naturally from the three different kinds of data (described in Section 2.5.1). Hence the
three parts of the algorithm are cell id-based context detection, WLAN scan-based
context detection, and Bluetooth scan-based context detection. The parts are designed to
work separately, because it is possible that an individual user lacks WLAN scan data,
Bluetooth scan data, or both. All of the users have cell id data. The cell id-based context
detection is the first action. It also lays the foundation for further context detection by
creating the general format of the output file. The WLAN scan-based context detection
is the next step. It is used to verify and give more accuracy to the results extracted from
the cell id data. In principle the WLAN scan-based context detection could work also on
its own if the coverage of WLAN access points was more comprehensive. Since the
data collection is not restricted to any particular area with ensured WLAN coverage, the
WLAN scan data have significant gaps in it. The Bluetooth scan-based context
detection is the last part of the algorithm. It is used to detect social contexts, i.e.,
whether there are other Bluetooth devices, like other smartphones, around. Finally, the
results of the three parts are combined to the appropriate extent. However, as stated
above, an individual user may not have all three parts. In these cases the parts existing
are combined.
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The inputs of the algorithm are a cell id data file, a WLAN scan data file, and a
Bluetooth scan data file, i.e., three different data files, all containing data from all users
that have the particular data available. In addition, a mobile country code to country
name mapping file is used in the cell id-based context detection part. Before any further
data processing the files are split into separate files per individual user. Processing the
data by one user at the time is needed in order to meet the computing system’s memory
capacity requirements. The main output of the algorithm is one data file per individual
user, containing the context information. Below are more thorough descriptions of all of
the algorithm’s three parts, how the parts are combined at the end, and how the data
files are manipulated along the way.

3.2 Cell id-based context detection
As described in Section 2.2.1, a mobile handset in a mobile network can recognize the
base station it is connected to. By collecting this information it is possible to construct a
time-stamped data log (described in Section 2.5.1) of the base stations. In practice, a
mobile user is almost always connected (if the device is turned on) to some base station,
since the coverage of the mobile networks is nearly comprehensive. By looking at the
data log we always know under which base station the user is. A cell, handled by the
corresponding base station, is a physical area in a physical location. The basic idea
behind the cell id-based context detection is to recognize how many times a cell has
been visited, when a cell has been visited, and how much time is spent under a cell.
Armed with this information some heuristics can be used to determine the importance of
the location residing under the particular cell.
The cell id-based context detection in this work follows the outline of the context
detection algorithm developed by Jiménez (2008). It has roughly the same parts in it. In
the first part it is detected whether a user is abroad or not. If the user is detected to be
abroad, no effort is used for further context detection. The context is simply “Abroad”.
The reminder of the context detection process focuses on the cells in the user’s country
of residence. The second part clusters adjacent cells into a cell cluster, if necessary. The
need for clustering rises from the fact, that even a stationary mobile device can jump
back and forth between several cells. This can occur in areas where the cells are
overlapping each other. To ensure good coverage the cells have to overlap with adjacent
cells in their border-areas. Also in densely populated regions several base stations can
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be serving the same area to assure sufficient capacity. If a user’s data show this kind of
back and forth jumping, the corresponding cells are clustered. Third and at the same the
last part is the context detection itself. In this part a context is detected and assigned to a
cell or a cell cluster. As described in Section 2.3.2, the possible contexts are “Home”,
“Office”, “Other meaningful” and “Elsewhere”, in addition to the “Abroad” context
assigned before.
3.2.1 Detecting Abroad context
This is the starting point of the context detection. The method that detects the Abroadcontext takes two input files. The first file contains the cell id data in five columns: user
id, date, time, cell id, and the mobile country code of the base station. The second file
contains two columns: mobile country code, and the name of the country. The first step
is to find a user’s country of residence. The country of residence will be the country of
whose base stations/cells the user has visited most frequently. Detecting this is done by
checking which mobile country code appears in the data most frequently. After this it is
easy to conclude that all the base stations/cells having some other mobile country code
are abroad.
There is, however, at least one small problem in this basic approach. In countries’
border areas it is possible to get connected to a base station located abroad, even if the
mobile device is still in the country of residence. In the case of the basic approach
described above this can lead to assigning the Abroad context even if the user is not
abroad. One solution to this is to specify a threshold for continuous time spent abroad
and a threshold for consecutive timestamps (i.e., data log entries) abroad. In this
solution it is assumed that the cases where a mobile device connects to a neighboring
country’s network are relatively brief “accidents” and do not last long. In the border
area the connection can jump back and forth between a cell abroad and a cell in the
country of residence. The latter threshold tries to ensure that this is not counted as a visit
abroad. The thresholds are in most cases exclusive of each other. In this work the
thresholds used are six hours for the continuous time spent abroad and ten consecutive
timestamps generated abroad.
At this point the cell id data still contain duplicated data entries in the sense that the
same cell can appear in successive entries. This can happen, for example, in cases where
the mobile device has lost connection and then regained it. This, however, cannot be
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detected from the data, and so there is not any additional information to be extracted
from the duplicated cases. Thus, at this point we delete the duplicated cases. In other
words the successive entries of the same cell are merged as one to reduce the amount of
data to be processed. At the end of abroad context detection the cell id data file contains
four columns: user id, date, time, and cell id. A cell id of a cell located abroad is
replaced with a marking “Abroad-[name_of_the_country]”.
3.2.2 Cell clustering
As explained in the beginning of Section 3.2, some of the adjacent cells need to be
clustered together. If, for instance, a user’s home is located in an area where a couple of
cells are overlapping, his/her mobile device can jump back and forth between the
different cells even if the user is staying at home the whole time. This could complicate
the context detection process, and produce results showing the user moving even if
(s)he is not moving in reality. On the other hand, the problem of detecting the user
being stationary, even though (s)he is on the move becomes greater when more cells are
clustered together. This latter problem is partly addressed with the WLAN scan-based
context detection. Examples of cell clustering can be found, for example, in Jiménez
(2008) and Yang (2009).
Sandwich clustering method
The first version of the context detection algorithm uses the same cell clustering method
as Jiménez (2008). In this method back and forth changes between two cells are
detected. To be more precise, “sandwiches”, i.e., changes from one cell to another and
back are detected. As explained earlier, the cell id file has a time-stamped log of cell id
transitions. A sequence of cell id transitions like A->B->A (A and B are cell ids) are
counted as a single “sandwich”. If the same sequence appears many times, i.e., more
times than a specified threshold value, the two cell ids are clustered together. In the cell
id data file the cell id corresponding to the cell with less total time spent is replaced with
the cell id corresponding to the cell with more time spent. For example, if A has a total
time of 10000 minutes spent and B has a total time of 6000 minutes spent, the sequence
will become A->A->A.
The sandwich clustering method goes through the data starting from the beginning.
After detecting the first sandwich it checks the number of those particular sandwiches
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from the whole data and, if the threshold is exceeded, performs the id replacing. After
this the method goes back to the beginning and tries to detect a new sandwich. The
already clustered cells can be in this new sandwich with some other cell. In other words,
more than two cells can be clustered together. This goes on until the whole file is
processed.
Steps completed in the sandwich clustering method are:
1. Calculate the total time spent in every cell.
a. Time spent in a cell is the value of the time-stamp of the cell transition
entry subtracted from the value of the time-stamp of the next entry.
b. These times are summed together for every individual cell id.
2. Perform the clustering.
a. Checking for possible sandwich sequences occurring in the data log.
b. Counting sandwich sequences occurred between two cells.
c. Clustering the two cells if the sandwich count is over a specified
threshold.
3. Rename cell ids of clustered cells in the cell id file.
4. Remove duplicated cell (or actually cluster) ids.
a. In the clustering, sequences like A->B->A are turned to A->A->A. These
are now replaced with a single A with a transition (to this cluster) timestamp of the first A.
After clustering the cell id data file has four columns: user id, date, time, cluster id. The
cluster id is the same as the cell id for cells not clustered. For the cells clustered it is the
cell id of the most dominant cell of the cluster, i.e., the cell where most time has been
spent.
Enhanced naïve clustering method
The second version of the context algorithm uses a clustering method inspired partly by
Yang (2009). The basic idea behind this clustering method is to find, as Yang describes
them, minimum circular subsequences of cell ids. A circular subsequence is a cell id
sequence which starts and ends with the same id. For example, a sequence A->B->C>A->B->A is a circular subsequence. A minimum circular subsequence is a sequence
which does not have any circular subsequences in it. In the case of our example
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sequence A->B->C->A and A->B->A are minimum circular subsequences. Yang
defines also a term cardinality of a sequence. It is the number of different cell ids in a
sequence. For example, the cardinality of A->B->C->A is 3, and the cardinality of A>B->A is 2. The “sandwiches” in the first clustering method are minimum circular
sequences with a cardinality of 2. For the clustering method the next assumption is
made: cell ids showing up in minimum circular subsequences with low cardinality are
representing adjacent cells in need of clustering.
The clustering method goes through the cell id data log and identifies all minimum
circular subsequences with cardinality under a specified threshold (following Yang
(2009) cardinality threshold = 2 is used in this study) and puts them into a set of
minimum circular subsequences. The minimum circular subsequences are then
compared to each other in order to cluster the cell ids. Individual cell ids of a randomly
selected minimum circular sequence are a base for a cell id cluster. If some other
minimum circular sequence has at least one common cell id with the cluster base, every
not in common cell id of it are added to the cluster base. This goes on until there are no
minimum circular subsequences that have in common cell ids with the cluster base.
Now the cluster base becomes a ready cell id cluster and the minimum circular
sequences already used are removed from the process. After this a new minimum
circular sequence not yet used is randomly selected as a base for the next cluster.
Clustering is done after all minimum circular sequences have been used.
Let us have an example of this. The clustering process is described step by step in Table
3-1. In step 0 the set of all of the minimum circular subsequences is {ABCA; ADA;
CEC; FGHF; HIH}. In step 1 CEC is randomly selected for the base of a cluster. Only
individual cell ids can be in a cluster, therefore the base is CE. In step 2 ABCA is
recognized to have one common cell id (C) with the base and so the not in common cell
ids with the base (A and B) are added to the base. ABCA is now used, and thus
removed from the set of minimum circular sequences. In step 3 ADA is recognized to
have one common cell id (A) with the (now extended) base. The not in common cell (D)
is added to the base, and ADA is removed from the set of minimum circular sequences.
In step 4 there are no minimum circular sequences left that have in common cell ids
with the base, so the base becomes a ready cluster. In step 5 FGHF is randomly selected
for the base of the next cluster. In step 6 HIH is recognized to have one in common cell
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id (H) with the base and thus the not in common cell id (I) is added to the base. In step 7
all minimum subsequences have been used and the set of clusters is ready.
Table 3-1 The clustering process (naïve clustering method)
step

cluster base

set of MCSs

set of clusters

0

null

{ABCA; ADA; CEC; FGHF; HIH}

null

1

CE

{ABCA; ADA; FGHF; HIH}

null

2

CEAB

{ADA; FGHF; HIH}

null

3

CEABD

{FGHF; HIH}

null

4

null

{FGHF; HIH}

{CEABD}

5

FGH

{HIH}

{CEABD}

6

FGHI

null

{CEABD}

7

null

null

{CEABD, FGHI}

The basic clustering process described here has a habit of over-clustering. Overclustering means that a cluster becomes disproportionately large in the number of cell
ids. When a mobile user moves enough, he/she moves from a cell to another. Moving in
a big enough area the movement of the user can be followed from a path of adjacent
cells. As the cells are changing along the way, there can be some brief back and forth
jumping between the base stations of the cells. This builds many minimum circular
sequences “attached” to each other with at least one in common cell id, drawing too
many cells into one cluster.
Yang (2009) addresses the over-clustering problem by allowing only “qualified” cells to
be clustered. In Yang’s work a qualified cell is a cell that has appeared in the data more
times in a day, during at least one day, than a specified threshold value. If the threshold
value is 10, then a qualified cell has appeared at least ten times during at least one day.
This kind of qualification rule leaves out, e.g., cells along commuting routes, because
commuting is normally done only twice a day (it is assumed that the back and forth
jumping is not too extensive when on the move). The clustering is, after all, targeted to
areas around significant places, because only there the back and forth jumping between
base stations is considered to be a problem.
Another problem with the basic clustering process is that it does not take into account
the temporal characteristics of a minimum circular sequence. When a mobile device is
stationary and its connection is still jumping back and forth between base stations, the
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jumps are normally very quick. In many cases no more than a couple of seconds. As
said before, this is the behavior that needs to be addressed with the clustering. The basic
clustering process, however, does not distinguish between minimum circular sequences
resulted from real movement (e.g., from home to the grocery store and back home), and
minimum circular sequences resulted from back and forth jumping caused by
overlapping cells. This leads again to over-clustering.
The first qualifying rule is rather effective also for the latter problem. For example, it is
not very common to visit the grocery store many times a day. It is, however, possible
that some users have such moving patterns that the first rule would need an
unnecessarily high threshold value to address the problem. For example, someone’s job
might require traveling between same places many times a day. A second qualifying
rule used in this work is a specified threshold value for transition times between cells. A
cell is not qualified for clustering if the time spent on the particular cell before jumping
to the next cell is over the threshold value. This applies only to individual cases/data
entries. At some other point in time the same cell might pass the qualification rule and
thus be available for clustering.
In the cell id data file the clustering materializes again as changing the cell ids of the
clustered cells to the cell id of the most dominant cell (i.e., the cell where most total
time has been spent). In other words the cluster id becomes the cell id of the most
dominant cell.
Steps completed in the second clustering method are:
1. Calculate the total time spent in every cell.
a. Time spent in a cell is the value of the time-stamp of the cell transition
entry subtracted from the value of the time-stamp of the next entry.
b. These times are summed together for every individual cell id.
2. Earmark the cells qualified for clustering.
a. Rule 1: A cell has to appear at least [threshold value8] times a day at least
on one day to be qualified.
b. Rule 2: Time spent on a cell during one visit at some point of time has to
be less than threshold value9 for the cell to be qualified.
8
9

Threshold value = 5 is used in this work, when applying the algorithm into the handset-based data.
Threshold value = 6 minutes is used in this work, when applying the algorithm into the handset-based data.
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3. Perform the clustering.
a. Finding all minimum circular sequences.
b. Constructing the set of clusters from the minimum circular sequences.
4. Rename cell ids of clustered cells in the cell id file.
5. Remove duplicated cell (or actually cluster) ids.
After clustering the cell id data file has four columns: user id, date, time, cluster id. The
cluster id is the same as the cell id for the cells not clustered. For the cells clustered it is
the cell id of the most dominant cell of the cluster, i.e., the cell where most time has
been spent.
3.2.3 Detecting the cell id-based contexts
In the context detection part heuristics are used to assign context labels to the cell
clusters. A cell cluster covers always some physical area. Depending on how and when
a user spends his/her time in a particular cluster gives clues about the place’s
significance for the user. Armed with this time-related information it is possible to make
educated guesses about the contexts related to the locations covered by the respective
cells or cell clusters (from now on standalone cells and cell clusters both are referred to
simply as cell clusters). The contexts detected in this part are “Home”, “Office”, “Other
meaningful” and “Elsewhere”. The heuristics applied are based on everyday
observations and common impressions of people’s daily routines. These are backed by
statistical data on how Europeans spend their time. (Eurostat, 2004)
The first step in detecting the contexts is to calculate times spent in different cell
clusters. To acquire a broad enough picture, total time spent is calculated for the
following categories:


Overall total time spent on all cell clusters combined.



Total time spent on a particular cell cluster.



Total time spent on a particular cell cluster on weekdays.



Total time spent on a particular cell cluster at weekends.

According to, for example, Eurostat (2004), on weekdays, people tend to be at work
during the daytime and are at home during the nighttime. In order to exploit this
information, time spent during different hours of day on weekdays is calculated.
Specifically a time-range from 10 AM to 4 PM is selected to represent working hours
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and a time-range from 12 PM to 6 AM is selected to represent night hours. The times
calculated are:


Working hours = Total time spent on a particular cell cluster on weekdays
between 10 AM and 4 PM.



Night hours = Total time spent on a particular cell cluster on weekdays between
12 PM and 6 AM.



Other hours = Total time spent on a particular cell cluster on weekdays during
other time than between the above time intervals.

After the times spent are calculated, it is first determined whether a cell cluster belongs
to the Elsewhere-context. Most of the cell clusters have a relatively small percentage of
the overall total time spent on them. These cell clusters represent locations where the
user is not really spending his/her time, maybe just passing through. Thus it can be
concluded that cell clusters where only a small amount of time is spent belong to the
Elsewhere-context. To apply this idea in practice, a threshold value for the percentage
of overall total time is needed. Let this be called: Elsewhere_threshold. The condition
for determining the Elsewhere-context is then:
(1)
If a particular cell cluster does not qualify for the Elsewhere-context, it will then belong
to the Office-context, the Home-context or the Other meaningful-context. The Officecontext is determined next. The Office-context is tightly related to the time people are
assumed to be at work. Work time is commonly understood to be on weekdays and
during the daytime somewhere around 8 AM to 6 PM. According to Eurostat (2004),
this estimate is quite accurate at least on an aggregated level. Eurostat statistics also
reveal that the amount of workforce at work peaks around 10 AM and 2 PM. To detect
the Office-context, two threshold values are used. The first is a weekend_threshold, i.e.,
a threshold value for the relative time spent on a cell cluster during weekends. The
second is a worktime_threshold, i.e., a threshold value for the relative time spent on a
cell cluster during working hours. Thus the conditions for determining the Officecontext are:
(2)
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(3)
If a cell cluster has not been assigned the Elsewhere-context and it fulfills conditions (2)
and (3), the cluster is assigned the Office-context.
Next in line for the context detection is the Home-context. Home is the place where
people spend most of their time. According to Eurostat (2004), Finnish people spend on
average two thirds of their time at home. And according to common understanding,
home is the place where people normally spend their nights. For this reason, in
detecting the Home-context, a nighttime_threshold has a central role. The
nighttime_threshold is a threshold value for the relative time spent on a cell cluster
during night hours. In addition, a freetime_threshold is used. The freetime_threshold is
a threshold value for the relative time spent on a cell cluster during other time than the
working hours. Thus the conditions for determining the Home-context are:
(4)
(5)
If a cell cluster has not been assigned the Elsewhere-context or the Office-context, and
it fulfills conditions (4) and (5), the cluster is assigned the Home-context.
Finally, cell clusters which have not been assigned the above contexts are assigned the
Other meaningful-context. This context refers to a place which does not have the profile
of a home or an office, but considerable amounts of time are spent there. In general,
Office, Home and Other meaningful-contexts are more or less static contexts, spending
time at a place, as the Elsewhere-context refers to situations where the user is just
passing through a place or visiting a place relatively briefly.
It is possible that several different cell clusters are assigned the Office-context or the
Home-context. The conditions do not narrow the results to only one particular cell
cluster. If the conditions are fulfilled then the appropriate context is assigned. To
differentiate the possible several “Offices” or “Homes” the context labels are numbered
as “Office-1”, “Office-2”…, or “Home-1”, Home-2”… Number one (“[context]-1”) is
assigned to the most dominating cell cluster, i.e., the cluster where most time is spent.
Number two is the second most dominating cluster etc. This is in line with the thought
that people can have several “homes” or “offices”. For example someone might have a
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summer house where the characteristics of time spent are quite similar to the “official”
home. It is also possible that the user has moved during the data collection period, and
has had homes in more than one cluster. Working in couple of different places is not
that uncommon either. For example, someone might work part of the week in a
company’s sub-office in another city. In addition, it could be possible that, for some
reason, some of the cell ids have changed during the data collection period.
After the context detection the cell id file has five columns: user id, date, time, cluster
id, and context label. There are five possible context labels (“Abroad”, “Elsewhere”,
“Office”, “Home” and “Other meaningful”). Every data entry has one of these context
labels associated with the respective cluster id.
Steps completed in detecting the cell id-based contexts are:
1. Calculate times spent in cell clusters.
a. Overall total time spent on all cell clusters combined.
b. Total time spent on a particular cell cluster.
c. Total time spent on a particular cell cluster on weekdays.
d. Total time spent on a particular cell cluster on weekends.
e. Total time spent on a particular cell cluster on weekdays between 10 AM
and 4 PM.
f. Total time spent on a particular cell cluster on weekdays between 12 PM
and 6 AM.
g. Total time spent on a particular cell cluster on weekdays during other
time than between the above time intervals.
2. Detect the contexts.
a. Detecting the Elsewhere-context, condition (1).
b. Detecting the Office-context, conditions (2) and (3).
c. Detecting the Home-context, conditions (4) and (5).
d. Detecting the Other meaningful-context.
The WLAN scan-based context detection, discussed in the next section, works with its
own data file, but in the end aims to sharpen the context detection results gained so far.
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3.3 WLAN scan-based context detection
As described in the handset-based data section, the WLAN data consist of periodical
(normally in 30 minutes intervals) WLAN scans. A WLAN enabled device can sense a
number of WLAN access points within range, and by doing a WLAN scan it recognizes
the access points. Typically the range of an access point is around 100 meters.
A WLAN scan done by a mobile device provides useful information for context
detection. First of all, every WLAN access point can be uniquely identified by using its
Basic Service Set Identifier (BSSID), which is the MAC address of an access point.
This identifier is a 48-bit random number, normally represented in hexadecimal form.
An access point has also a name assigned to it. The name, however, is not unique in any
way. It is either a default name or a name assigned by the owner of the access point. The
mobile device detects also the signal strength from an access point. In a clear
environment without any obstacles (buildings etc.) the signal strength depends on the
distance to the access point. Different kinds of obstacles cause the signal to reflect and
diffract, and so the distance to signal strength relationship is not that clear, for example,
in normal city environments.
As described in the in Section 2.2.1, the basic idea behind the WLAN scan-based
positioning is to recognize a WLAN fingerprint of a particular location. When
conducting a WLAN scan the mobile device recognizes all the WLAN access points
within range. In practice (for our purpose), it lists the MAC addresses and signal
strengths seen during one scan. The MAC address list with the corresponding signal
strengths is the WLAN fingerprint of the location the scan was carried out. With 30
minute scan intervals, continuous location detection is not possible. The WLAN
fingerprints provide “snapshots” of the location-path a user travels. In detecting
significant places, such as home or workplace, this is not a major issue. In normal
circumstances people spend time at home or at work continuously for more than half an
hour. Brief visits to places between the scans, however, cannot be detected.
Also the WLAN scan-based context detection can be divided roughly into three parts. In
the first part the WLAN fingerprints are constructed using the original WLAN scan
data. In the second part similar fingerprints are searched for and then used to detect the
same places/locations. In the third part place related contexts are detected in a similar
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fashion to the cell id-based context detection. Below the three parts are discussed more
thoroughly.
3.3.1 Constructing WLAN fingerprints
The WLAN scan data file contains in the beginning five columns: user id, date, time,
WLAN id, and signal strength. In ideal data the WLAN id is the MAC address of a
WLAN access point. In the data of some users, however, the MAC address is not
available. In these cases the human readable name of a WLAN access point acts as the
WLAN id. Date and time construct together a time-stamp. The structure of the WLAN
scan data file is the following: a WLAN scan has produced entries of a number of
WLAN ids having the same (within one second or so) time-stamp, i.e., the time the scan
has occurred. These sets of data entries are, as said, mainly between every half an hour.
There are, however, exceptions to this. In some cases the scan interval has been faster (a
new scan happens, e.g., when the user connects to some access point), and in many
cases there are no access points around. In the latter case no data entries are made.
An individual WLAN scan detects a number of WLAN ids and the respective signal
strengths. A WLAN fingerprint of the location where the scan was made is the list of
the WLAN ids and the signal strengths. In the implementation, a WLAN fingerprint is a
table with two columns: WLAN id and signal strength. The original WLAN scan data
file is left untouched.
3.3.2 Finding similar WLAN fingerprints
In the most straight-forward implementation the term similar WLAN fingerprints refers
to exactly the same WLAN fingerprints. This means that the fingerprints have the same
number of access points, and the corresponding WLAN ids and the signal strengths are
exactly the same. This is, however, a quite harsh comparison rule. For example, the
signal strengths may vary depending on environmental conditions, and the mobile
device’s sensors measuring the signal strength are not necessarily accurate enough.
Solutions to this might include letting there be some tolerance in the signal strength
values or for that matter leave the signal strengths off all together from the fingerprints,
and use only the WLAN ids in the comparison process; the same WLAN access points
seen would indicate the same location. There still are, however, clear problems in this
approach. Some of the WLAN access points might be turned off occasionally. Some old
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ones might be replaced to new ones. Some might be removed, and some completely
new ones might be added to the area. This means that the fingerprints can be slightly
different in different points of time. There can be some occasional differences, and, in
addition, the access point environment will most likely change gradually over time.
When comparing the WLAN fingerprints, some specified degree of similarity should be
used. It should be loose enough to allow the occasional changes and the gradual changes
over time, but strict enough to recognize the same locations as accurately as possible.
Krumm & Hinckley (2004) propose four similarity features for WLAN fingerprints:
1. Number of access points the fingerprints have in common.
2. Spearman rank-order correlation coefficient of the ordered relative signal
strengths.
3. Sum of squared differences of the signal strengths.
4. Number of access points the fingerprints do not have in common.
Krumm & Hinckley (2004) studied different combinations of the features, and
concluded that points 1. and 2. combined yield the best overall results. The similarity
features used in this work have been inspired by the study of Krumm & Hinckley. A
modification of the “number of access points in common”-feature, and the “Spearman
rank-order coefficient of the ordered relative signal strengths”-feature as such are used.
The Spearman rank-order coefficient represents the correlation between the ranks of
signal strengths of common access points of two fingerprints. When two fingerprints
have common access points the signal strengths of the access points are ranked. If
and

are two fingerprints then their common access points coupled with the respective

signal strengths are:
,
where

are the common access points of

respective signal strengths of

and

(6)
and

,

are the

the respective signal strengths of

To calculate the Spearman rank-order coefficient the signal strengths of
ranked in descending order. For example, if
= (65, 55, 40), the rank numbers are
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= (1, 2, 3). The Spearman rank-order correlation coefficient ( ) is now
given by:
,

where

and

(7)

are the means of the rank numbers.

has a range from -1 to 1. -1

indicates poor correlation and 1 exact correlation between the ranks. The better the
correlation the more similar the fingerprints are in terms of their common access points.
For the WLAN scan-based context detection, a threshold value for the correlation
coefficient needs to be specified.
The Spearman rank-order correlation coefficient does not take the number of common
access points into account as any restrictive measure. For example, it might be that
has only one access point, while

has ten access points. If the two fingerprints have

one common access point, the correlation coefficient is 1. This example calls for a
measure comparing the similarity of fingerprints also in terms of the number of access
points seen.
Krumm & Hinckley expect that an increased number of access points in common
between fingerprints is an indication of more similar fingerprints. A large number of
access points in common is quite surely an evidence of similar fingerprints and thus the
same location. It could, however, be more suitable at least for our purposes to have
some relative measure for the number of common access points compared to the
number of all access points seen. A particular location might have just a few access
points to detect. Two different scans made on that same location provide fingerprints
where the absolute number of common access points is just a few, but the relative
measure of the number of common access points compared to all access points seen, is
presumably high.
As two fingerprints
in the fingerprints as

and

are compared, let us denote the number of access points

and

is something between [0, min(

respectively. The number of common access points,
,

,

)], i.e., between zero and the number of access

points of the fingerprint with less access points. Let us now define the measure for the
relative number of common access points:
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,
where

(8)

is between [0, 1]. 0 indicates that the fingerprints have no common access

points and 1 indicates that all access points (in both fingerprints) are common, i.e., the
fingerprints are the same in terms of access points seen. Figure 3-1 gives a visual
example of the comparison.

Figure 3-1. Comparing the number of common access points

In the figure,

=

=

≈ 0.55. High enough

means that the two fingerprints

compared have a relatively high number of common access points. This indicates that
the fingerprints are similar enough to be considered scanned from the same location.
The process of finding similar fingerprints has now two threshold values to be specified.
One is the Spearman rank-order correlation coefficient
for the relative number of common access points

, and the other is the measure

. To pass the similarity requirements

the fingerprints compared need to exceed both of the threshold values. In the process as
a whole, all fingerprints are compared with each other. All similar enough fingerprints
are assigned the same place id. A fingerprint has now transformed to a place. Since one
fingerprint is a result of one WLAN scan with a time-stamp, the place ids can be now
coupled with the respective time-stamps. At a particular date and time a user has visited
a place denoted by a scanned WLAN fingerprint.
The WLAN scan data file is modified as follows. There are four columns: user id, date,
time, and place id. Date and time represent the time-stamp of a WLAN scan. In the
original data file there were as many of the same time-stamps (within one second or so)
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as there were access points seen in one scan/fingerprint. Now there is just one timestamp because a fingerprint has been compressed into one data entry, i.e., a place id.
The place id is an integer between one and the number of all places. The ids are
allocated in the order the fingerprints are compared. The order in itself is insignificant.
The only purpose of the place ids is to distinguish different places from each other.
3.3.3 Detecting contexts
Detecting the contexts of the different places extracted from the WLAN scan data is a
very similar process to the context detection methods used in the cell id-based context
detection. Different places are most likely visited during different times and during
different days. Again, if a place is mostly visited during working hours at weekdays
there is a big chance that the place is the user’s working place. And if the user is
detected to be at a place during evenings and nights, it is quite probable that the place is
the user’s home.
The difficulty with the WLAN scan data is the already stated fact that the scans are
made (mostly) every half an hour. Due to this, it is known that at the time of the scan
the user has been at a particular place, but during the next thirty minutes the
whereabouts of the user are unknown. If the next place is the same as thirty minutes
before, the user might have been the whole time at the same place. This is not certain,
however. If the next place is different than the previous one it is not possible to know at
what exact time the user left the previous place or at what exact time the user arrived to
the next place. This is in contrast to the cell id data, where the user is known to be under
a particular cell the whole time before arriving at the next cell.
Because of the “snapshot” nature of the WLAN scan data, it is not possible to reliably
calculate time spent at a particular place. It is, however, possible to calculate how many
times a place has been visited during some time of day or during some days of week. So
the first step in detecting contexts based on the WLAN scan data is to calculate the
following values for every place:


Total number of visits (i.e., WLAN scans) overall in the data.



Total number of visits at a particular place.



Number of visits at a particular place during weekdays.



Number of visits at a particular place during weekends.
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As in the case of cell id-based context detection the weekdays are divided into working
hours and night hours. Time between 10 AM and 4 PM represents the working hours,
and time between 12 PM and 6 AM represents the night hours. Time outside these two
time intervals is considered as other hours. Thus, we calculate also:


Working hours = Number of visits at a particular place on weekdays between 10
AM and 4 PM.



Night hours = Number of visits at a particular place on weekdays between 12
PM and 6 AM.



Other hours = Number of visits at a particular place on weekdays during other
time than between the above time intervals.

In the case of WLAN scan-based context detection, the contexts Office and Home are
detected. The WLAN scan data are not as continuous as the cell id data. For this reason
the WLAN scan data are used mainly to increase the accuracy of the cell id-based
context detection for the Office and Home contexts. More discussion about this will
come in Section 3.5. From the WLAN scan data no Elsewhere-contexts are detected.
The accuracy of detecting such contexts is quite questionable, because during the half
an hour between the WLAN scans several Elsewhere-contexts might come and go
without noticing. On those situations the context detection as a whole relies on the cell
id data. Places with Office and Home-contexts are by definition significant places. It is
thus assumed that these places appear many times in the data. Before detecting these
contexts, insignificant places (i.e., places with very few visits) are filtered out in a
similar fashion to the way in which the Elsewhere-context (locations with very small
amount of time spent) was first detected in the cell id-based context detection. This is
done with a Filter_threshold. The condition is:
(9)
To detect the Office-context two thresholds are established: Weekend_threshold and
Worktime_threshold. Thus, the conditions for Office-context are:
(10)
(11)

46

The Effect of Context on Smartphone Usage Sessions
If a place passes conditions (10) and (11), an Office-context is assigned to it. To detect
the

Home-context

two

thresholds

are

established:

Nighttime_threshold

and

Freetime_threshold. The conditions for Home-context are:
(12)
(13)
If a place has not been assigned an Office-context and passes conditions (12) and (13), a
Home-context is assigned to it. A place that does not pass either the Office-context
conditions or the Home-context conditions remains without any context label. It is very
likely that several places with different place ids are all assigned “Office” or “Home”.
As explained in the cell id-based context detection part, there can be several home-like
or office-like places. In the case of cells it is fairly certain that also the physical
locations are different. In the case of WLAN access points, it can be, for example, that a
place identified from one access point is detected later as another place if the access
point has been replaced with a new one. The characteristics of the place remain
obviously the same. In the case of WLAN contexts the context labels are not
differentiated from each other. For the purpose of improving the accuracy of cell
contexts this is not seen necessary. The differentiation is already in the cell context
labels.
At the WLAN scan data file level an additional column for the context is added. Every
data entry will have either “Office”, “Home” or null in the context column, depending
on the conditions passed. Thus, the WLAN scan data file has now five columns: user id,
date, time, place id, and context.
Steps completed in detecting the WLAN scan-based contexts are:
1. Calculate the number of visits at WLAN scan-based places.
a. Total number of visits (i.e., WLAN scans) overall in the data.
b. Total number of visits at a particular place.
c. Number of visits at a particular place during weekdays.
d. Number of visits at a particular place during weekends.
e. Number of visits at a particular place on weekdays between 10 AM and 4
PM.
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f. Number of visits at a particular place on weekdays between 12 PM and 6
AM.
g. Number of visits at a particular place on weekdays during other time
than between the above time intervals.
2. Detect the contexts.
a. Filtering out insignificant places, condition (9).
b. Detecting the Office-context, conditions (10) and (11).
c. Detecting the Home-context, conditions (12) and (13).

3.4 Bluetooth scan-based context detection
The Bluetooth scan-based context detection is rather simple compared to the other
context detection. The only context detected is the “Social context”. A user’s mobile
device makes Bluetooth scans in a similar fashion to how it makes the WLAN scans.
Every half an hour the mobile device detects other Bluetooth devices within range. In
the case of Bluetooth, the range is around ten meters. In the beginning, the Bluetooth
scan data file has four columns: user id, date, time, and Bluetooth id. The Bluetooth id
is the MAC address of a Bluetooth device. The address is a 48 bit random number
usually represented in hexadecimal form. In the data file one scan has produced as many
entries as there have been Bluetooth devices sensed during that scan (similar to the
WLAN scan data). Each of these entries has the time-stamp of the scan.
The “Social context” is considered either to exist or not. If at some particular time a
user’s mobile device is surrounded by other Bluetooth devices the user is considered to
be in a “Social context”. If there are no other Bluetooth devices around, the user is not
in a “Social context”. Some problems rise from the fact that there exist also stationary
Bluetooth devices. A mobile device implies that there is quite surely a person carrying it
around. Stationary Bluetooth devices like printers etc. can produce faulty detections of
“Social context”. Unfortunately, with only the Bluetooth device’s MAC address
available, there is not any method (at least that the author is aware of) to find out
whether the device is stationary or mobile. For this purpose the data would need to have
also Bluetooth device type information. Further problems arise from the fact that the
users might have their Bluetooth radios turned off, and be surrounded by people without
Bluetooth devices (or their Bluetooth radios turned off). The problems are discussed
further in Chapter 4, but here in the context detection part it is assumed that all
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Bluetooth devices around the user represent “Social context”. In the algorithm the actual
mapping of the “Social contexts” takes place when the cell id, WLAN and Bluetooth
parts are combined. So, more about the mapping is in the next section.

3.5 Cell id, WLAN and Bluetooth combined
The output of the context detection algorithm is a data file containing six columns: user
id, date, time, cluster id, context, and social context. The base for the output file is
created during the cell id-based context detection. As recalled from Section 3.2, the
modified cell id data file has five columns: user id, date, time, cluster id, and context.
For the output file of the whole algorithm the cell id-based contexts are modified based
on the results from the WLAN scan-based context detection. Social context is added
based on the Bluetooth scan data.
The basic idea is to have the cell id context detection providing the place-related
contexts (Abroad, Home, Office, Other meaningful and Elsewhere) on the accuracy
level of cells. The accuracy level of cells is unfortunately quite coarse. A radius of one
cell can be even several kilometers wide, and with cell clusters even wider. In densely
populated areas very large radiuses are not, however, possible because a single cell is
not able to serve all the customers in the area. In any case, the cells are very large
compared to the area an average home or an office building covers. For example, a
Home-context based on a large cell can be quite inaccurate (we are now assuming that
the context has been detected correctly and a user’s home is indeed located inside the
cell). When a user is inside the cell, the context detected is always “Home”. The user
might, however, be moving around the cell, and in the worst case be even several
kilometers from his/her home. The context at that point in time is quite surely
something other than “Home”. Another problematic case occurs if a user has his/her
home and workplace inside the same cell. In this case the context detected for the cell is
most likely either “Home” or “Office”, but in reality the context changes between these
two along the day.
The WLAN scan-based context detection brings more accuracy to the overall context
detection. The range of a WLAN access point is around 100 meters, and if the access
point density is large, a single place can be pinpointed even more accurately with the
help of several simultaneously detected access points. The problem with the WLAN
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access points is that the coverage is not comprehensive in all areas. For this reason it is
not possible to guarantee continuous context detection like with the cells. All context
information is time-stamped (both cell and WLAN). This makes it possible to compare
the contexts at a certain time. The cell id-based context information is continuous, and
in a sense provides the default value for the context label at a certain point in time. If
also WLAN scan-based context information is available at that point in time, the
contexts are compared. The WLAN context information overrides the cell context
information. For example, if the cell id data file has “Home” label and the WLAN scan
data file has “Office” label, the final context label will be “Office”. If the context label
is the same, the cell-based context is just verified by the WLAN scan-based context.
The verified contexts are viewed as more reliable than the unverified contexts. Change
from a verified to an unverified context label can indicate a change in the real context
inside one cell. As described above, sole cell-based context detection is not able
recognize any change in this kind of situations.
The non-continuous nature of the WLAN scans forces us to make some assumptions
before the cell id and the WLAN scan context information comparison can be made on
the data file level. Let us consider an individual WLAN place data entry. In this
example there are no previous or following entries. A user has been detected (by using
the WLAN data) to be at the place at a certain time. As the WLAN scans are every half
an hour, it is in an extreme case possible that the user has arrived to the place 30
minutes before the scan time, and left the place 30 minutes after the scan time. So the
user has been at the place one hour in total, leaving only a one “snapshot” like trace of
the visit. But as said, this is the most extreme case. On the other end it is possible that
the user has been at the place only a couple of seconds. Arriving just before the scan,
and leaving just after the scan. As a data entry, both of these examples and everything in
between look the same. It is now assumed that if the cell remains the same in the above
described one hour time frame, the user has been at the WLAN detected place the whole
hour. If the cell changes inside the first 30 minutes (i.e., before the WLAN scan) the
user is assumed to have arrived at the WLAN detected place when the cell change
happened. If the cell changes inside the latter 30 minutes (i.e., after the WLAN scan) the
user is assumed to have left the WLAN detected place when the cell change happened.
In the data there are of course the previous and following WLAN place entries. When
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they are continuous (i.e., every 30 minutes) the place changes at the time of the next
entry, unless the cell changes before.
In the output data file the context labels at time-stamps where WLAN scan-based
context information has not been available are marked with the first letter as upper case,
and the rest as lower case (e.g., “Home”). If the WLAN scan-based context information
is available and the contexts are verified or changed according to it, the final context
labels are marked with all letters as upper case (e.g., “HOME”). If the context changes
inside one cell cluster, a new entry with the same cluster id, but different context label is
generated. The time-stamp of the generated entry is the time when the context has
changed.
The purpose of the WLAN scan based context detection is to increase the accuracy in
detecting significant places. For example, separate Home and Office if they seem to be
inside the same cell cluster. Thus the comparison of cell id-based contexts and WLAN
scan-based contexts is done when the cell id-based context is “Home”, “Office”, or
“Other meaningful”.
After the cell id-based context information and the WLAN scan-based context
information are combined, the context information data file has five columns: user id,
date, time, cluster id, and context. Every context label is tied to a location (cluster id)
and the user has stayed a period of time at that location. If during that stay the user’s
mobile device has detected other Bluetooth devices around, the stay is divided into
social context parts, and possibly non-social context parts. If during the whole stay no
other Bluetooth devices are detected, it is assumed that there has not been any social
context. At this point the sixth column, labeled as “Social context”, is added to the
context information data file. If a stay has occurred under social context, the
corresponding data entry is assigned a “Yes” label. If the stay has not been under social
context, the data entry is assigned a “No” label. If one stay (i.e., one data entry in the
former context information data file) is divided into social context parts, and non-social
context parts, the old data entry is replaced with new entries having corresponding timestamps and “Social context” labels. In these entries the cluster id and the location
related context remains the same, only the social context changes.
It is possible that a user has available only the cell id data, the cell id data and the
WLAN scan data, the cell id data and the Bluetooth scan data, or all three data files. In
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the first case the final context information data file is the data file formed in the cell idbased context detection part added with the “Social context” column where all social
context labels are “No”. In the second case the final file is the one with cell id context
information and WLAN scan context information merged, and in the “Social context”
column all labels are “No”. In the third case the place related context information data
file is the one formed in the cell id-based context detection part added with an active
“Social context” column (i.e., both “Yes” and “No”). In the last case every part is
combined, as described above.

3.6 Implementation of the algorithm
The context detection algorithm is implemented by using Java programming language.
In general the implementation language could have been any language that is capable of
processing normal text files. The main reason for using Java is that the previous version
of the algorithm (Jimémez, 2008) used also Java. One reason Jiménez (2008) mentions
regarding the programming language chosen is that Java has a good Application
Programming Interface (API) related to file processing. Reading from files and writing
to files is a central task along the context detection process. The size of the program is
around 3.4 KLOC (thousands of lines of code).
As described above in this chapter, the algorithm is divided into cell id, WLAN scan
and Bluetooth scan modules. Also these major modules (especially cell id and WLAN
scan) are again divided into sub modules. The division to the sub modules is similar to
the division of contents under Sections 3.2 and 3.3. The major classes in order of
appearance are: (for cell id data) AbroadContext, CellIdClustering, CellIdContexts, (for
WLAN scan data) WlanFingerprinting, WlanPlace, WlanContexts, (for combining)
CellOnly, CellWlan, CellBt, and CellWlanBt. A main class called ContextDetection is
the top layer of the algorithm. There are also a couple of helper classes for calculating
times, processing files, and sorting data. A more comprehensive description about the
implementation of the algorithm will be provided in a separate tutorial. The tutorial will
also have step by step instructions on how to use the algorithm.
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4 Characteristics of the contexts and usage sessions
In the first two sub-sections the output of the context algorithm and the usage sessions
are studied separately to gain an understanding of the individual characteristics of both
the contexts and the usage sessions. This forms the base for the third sub-section, where
the effects of context on the usage sessions are examined. The third sub-section aims
thus to provide answers to the main research question of this work. The first two subchapters pave the way towards this, providing results related to the user behavior of our
panelists.

4.1 Output study of the context algorithm
The context detection algorithm described in Chapter 3 includes several threshold
values that need to be assigned before applying the algorithm to the data. Many of the
thresholds are based on assumptions and educated guesses about how a smartphone user
might behave. Determining some of the thresholds is more or less a trial and error effort
to get reasonable looking output. A proper trial and error type iterative search of the
thresholds would, however, require some ground truth to compare with. For example, if
the panelists would have provided a diary type log of their whereabouts during some
period of time, the output of the context algorithm could have been compared with the
ground truth data. In this way the threshold values could have been adjusted properly.
Unfortunately this was not possible in our case. On the other hand, if it would have been
possible, there would be no guarantee that the thresholds would be appropriate for some
other dataset.
A partial goal of this work was to demonstrate, what kind of information can be
extracted from the handset-based data. Context information is one possibility. The focus
here is not necessarily to make a rigorous all-embracing sensitivity analysis of the
algorithm’s thresholds, or do a full analysis on the accuracy of the algorithm. This is
partly because it exceeds the scope of the work, and partly because of the lack of the
suitable comparison data. Next, however, are described the most essential thresholds of
the algorithm, and how those affect the algorithm’s output. The threshold values
assigned here are used in the final analysis.
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4.1.1 Thresholds and assumptions for the cell id-based context detection
The thresholds for the cell id-based context detection are introduced in Section 3.2.3.
The thresholds are:


Elsewhere_threshold



Weekend_threshold



Worktime_threshold



Nighttime_threshold



Freetime_thershold

The Elsewhere_threshold is designed to filter out cells where only a small amount of
time is spent. It is assumed that the user is normally just passing through these cells on
the way to somewhere else. As recalled from Section 3.2.3 condition (1), the threshold
is applied to the share of combined total time spent in a particular cell. The threshold
should pass through significant places, i.e., places where the user is considered to spend
time on purpose. The distribution of the times spent in different cells has a very long
tail, i.e., most of the time is spent in the few top cells. Also Bayir et al. (2010) have
made this same observation. In their study 85 % of time was spent in three to five
favorite locations, and the remaining 15 % of time is spent in locations that each
appears with less than 1 % of the total time. A distribution of the time spent on the top
100 cells by an example user from our panel can be seen in Figure A-1 in Appendix A.
The most significant places can be recognized quite easily from the figure. Jiménez
(2008) used a value of 0.04 for the Elsewhere_threshold. In other words, if less than 4
% of the combined total time is spent on a particular cell, the cell is assigned the
Elsewhere-context. This work follows the footsteps of Jiménez (2008) in this regard.
The 0.04 threshold leaves on average 0.2 % of the cell clusters to further context
detection. This means that an average user has around three significant cell clusters (i.e.,
favorite locations).
The Weekend_threshold and the Worktime_threshold are essential for determining the
Office-context. As recalled from Section 3.2.3 the Office-context can be assigned for a
cell if the cell has not been cut off first by the Elsewhere_threshold. In general, the
Office-context should be assigned if the particular user has a regular day job or similar
continuous day activity. Many of our panelists are students and employees of Aalto

54

The Effect of Context on Smartphone Usage Sessions
University. Especially in the case of students the Office-context is not as clear as in the
case of regular day job workers. A student might not have any one regular day-to-day
studying place. In addition, some of the students might have evening or weekend jobs.
This means that with our day job work time assumptions it is not necessarily possible to
recognize the Office-context for all of the users.
Let us examine how the Worktime_threshold and the Weekend_threshold affect the
number of users that are assigned the Office-context. Table 4-1 shows both thresholds
with six different values, and the corresponding number of users that were assigned the
Office-context. In both cases the other thresholds have remained the same. As recalled
from Section 3.2.3, the Worktime_threshold is a threshold for the share of time spent in
a cell during work time (from 10 AM to 4 PM during weekdays). For example, if the
total time spent on a cell during weekdays is 50 hours and 30 hours of that have been
spent there between 10 AM and 4 PM (during weekdays), the share of time spent during
work time is 0.6. The Weekend_threshold is a threshold for the share of time spent on
weekends in a cell (Saturday and Sunday). The threshold values picked for the table
below are a range of presumably reasonable values, one of them to be chosen for the
later analysis. To compare the effects of the two thresholds, we can compare the sizes of
percentage changes. On average, when the Worktime_threshold increases 1 %,
everything else remaining equal, the number of users assigned the Office-context
decreases 0.56 %. On average, when the Weekend_threshold increases 1 %, everything
else remaining equal, the number of users assigned the Office-context increases 0.10 %.
In general the Worktime_threshold seems to be the threshold with more influence.
Table 4-1 Worktime_threshold’s and Weekend_threshold’s effect on the number of users assigned
the Office-context
Worktime_threshold

Office-context for

Weekend_threshold

Office-context for

0.3

65

0.1

52

0.4

59

0.15

59

0.5

53

0.2

62

0.6

41

0.25

64

0.7

20

0.3

64

0.8

4

0.35

65

Weekend_threshold = 0.15

out of 140 users

Worktime_threshold = 0.4 out of 140 users
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It seems to be that the cell id-based context detection cannot detect the Office-context
for the majority of users. But, as said, many of our panelists are university students and
they do not necessarily have any “office-like” place to be detected. Some frequently
visited studying place at the campus should, however, qualify as an “Office”. Especially
in the case of students, but also with some regular day job workers, one problem is that
the “Office” is under the same cell as the user’s home. For students living near the
campus it is not that uncommon to study and live under the same cell. In addition, some
people might work from home.
Deciding the exact threshold values is slightly problematic here. There is no ground
truth data to compare, and, for example, no exact demographic data to check which
users really have a day job. The working time assumption from 10 AM to 4 PM does
not necessarily cover the whole time a day job worker spends at the work place.
However, inside this particular time period a regular day job worker is likely to be at the
work place. Nowadays it is not uncommon to have flexible working hours. The 10 AM
to 4 PM working time assumption allows some flexibility in the sense that workers
being at work, for example, from 8 AM to 4 PM, 9 AM to 5 PM and 10AM to 6 PM
have all spent 75 % of their time at work between 10 AM and 4PM. If the working
times of these workers were regularly as stated above, a Worktime_threshold of 0.75
would be the highest possible to still assign the Office-context for these workers. In real
life even normal office workers might move around and have lunches or meetings in
different places during the work time. Thus the Worktime_threshold of 0.75 would most
likely be too strict.
As seen above the Weekend_threshold’s influence is not very significant compared to
the Worktime_threshold. It starts to have more effect as the value gets smaller. In
general the assumption is that normal day job workers do not spend time at their work
places during weekends. However, some time for this should be allowed by the
threshold. The main purpose of this threshold is to not assign the Office-context to the
user’s home cell. It is preferred to assign the Home-context to a cell in the case where
the user lives and works under the same cell. In general, however, the
Worktime_threshold is enough for these situations, because if the user spends almost all
of the time under one cell, the share of time during working hours becomes relatively
low.
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When detecting the home context, the most essential thresholds are the
Nighttime_threshold and the Freetime_threshold. Table 4-2 shows how these thresholds
affect the number of users assigned the Home-context. The most common characteristic
of a home is assumed to be that the majority of the night time is spent there.
Freetime_threshold is designed to cover also the evening and morning time spent at
home. It is assumed that all of the panelists have a home. From the algorithm’s
perspective a place where most of the nights and some time outside the working hours
are spent is enough.
Table 4-2 Nighttime_threshold’s and Freetime_threshold’s effect on the number of users assigned
the Home-context
Nighttime_threshold

Home-context for

Freetime_threshold

Home-context for

0.15

139

0.4

139

0.2

139

0.5

139

0.25

139

0.6

139

0.3

93

0.7

139

0.35

70

0.75

127

0.4

32

0.8

86

Freetime_threshold = 0.7

out of 140 users

Nighttime_threshold = 0.25

out of 140 users

If the Nighttime_threshold is 0.25 or below, the Home-context is detected for all but
one user. Here the threshold value 0.25 means that at least one fourth of the time spent
at the cell has been between 12 PM and 6 AM. If the Freetime_threshold is 0.7 or
below, the Home-context is detected for all but one user. The value 0.7 means that at
least 70 % of the time spent at the cell has been between 4 PM and 10 AM. In both
cases, if the mentioned values are higher, the number of users assigned the Homecontext drops significantly. As every panelist is assumed to have a home, threshold
values that result in significantly smaller number of assigned Home-contexts are
assumed to be too strict. On the other hand, too loose thresholds are as good as no
thresholds at all. The numbers of Home-contexts shown in the table are the “primary”
Home-contexts (i.e., the “Home-1” as recalled from Section 3.2.3). The assumption is
that all panelists have this kind of place. With too loose thresholds the users would have
too many “other” homes (“Home-2”, “Home-3”, etc.). Thus, proper values for the
thresholds could be the strictest possible that still yield at least one Home-context for as
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many users as possible. In the case of our data the upper limit for the Home-contexts
seems to be 139 out of 140. To achieve this upper limit does not require any extremely
loose thresholds values. The particular values seem reasonable enough.
The thresholds for the cell id-based context detection are:


Elsewhere_threshold = 0.04



Weekend_threshold = 0.2



Worktime_threshold = 0.5



Nighttime_threshold = 0.25



Freetime_thershold = 0.7

And thus the related conditions are:
Elsewhere-context assigned to a cell cluster if

Office-context assigned to a cell cluster if

Home-context assigned to a cell cluster if

4.1.2 Thresholds and assumptions for the WLAN scan-based context detection
The thresholds for the WLAN scan-based context detection are introduced in Sections
3.3.2 and 3.3.3. The most essential thresholds are:
For finding similar fingerprints
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Threshold value for the Spearman rank-order correlation coefficient
( _threshold)



Threshold value for the relative number of common access points
(

_threshold)

For detecting the contexts


Filter_threshold



Weekend_threshold



Worktime_threshold



Nighttime_threshold



Freetime_thershold

The Spearman rank-order correlation coefficient
access points

and the relative number of common

are defined in Section 3.3.2 in Equations (7) and (8) respectively. The

thresholds for these coefficients control how similar the WLAN fingerprints have to be
in order to be considered similar enough. Similar enough fingerprints mean essentially
the same WLAN scan-based place. Table 4-3 shows how the thresholds affect the
number of an average user’s WLAN scan-based places. It is not a surprise that when the
similarity conditions are tightened (i.e., the thresholds are raised) the number of
different places rises. When the conditions are loose, fingerprints are more easily
considered as similar. This means that one place can be represented by a bigger number
of fingerprints, and so there are not that many different places. When the two thresholds
are compared it can be seen that the
places than the

_threshold has more effect on the number of

_threshold. On average, when the

_threshold increases 1 %,

everything else remaining equal, the number of places increases 0.98 %. On average,
when the

_threshold increases 1 %, everything else remaining equal, the number of

places increases 0.15 %.
Choosing the best thresholds for the further analysis is more or less a game of chance.
Proper experiments would require a controlled test setup of access points and WLAN
enabled mobile devices. Such an experiment was not possible to conduct within the
limits of this work. The more important of the two thresholds is the

_threshold. In

practice it decides how many common access points are required in two WLAN
fingerprints to be similar enough. After this the
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signal strengths of the common access points need to be in order for the fingerprints to
be similar enough. It seems to be that the
similarity, and then the

_threshold decides the main level of

_threshold fine tunes the level. The thresholds used in this

work are:


_threshold = 0.5



_threshold = 0.6

Table 4-3

_threshold’s and

_threshold

_threshold’s effect on the number WLAN scan-based places

number of places/user

_threshold

number of places/user

0.3

537

0.3

379

0.4

550

0.4

416

0.5

581

0.5

470

0.6

594

0.6

581

0.7

614

0.7

771

0.8

673

0.8

1000

_threshold = 0.6

_threshold = 0.5

The Filter_threshold determines which places, detected from the WLAN scans, are
assigned a context label. The threshold filters out places visited so few times, that they
are not considered significant places. A straightforward solution would be to filter out
all but the few of the top places, in terms of the number of visits (this is essentially what
happens with the cell clusters). After all, the WLAN scan-based context detection tries
to detect just the Home-context and the Office-context. The first thought is that there
should not be so many of these places. The problem with this thinking is that the
WLAN fingerprints might change over time. WLAN access points visible to the user’s
device, e.g., at the user’s home, might have been considerably different at the beginning
and at the end of the handset-based data collection period. The fingerprint comparison
method explained in Section 3.3.2 tries to take into account small changes in the
fingerprints (an access point turned off, temporarily not working, or some of the access
points replaced with a new one etc.). However, if changes are significant compared to
the number of access points in a place’s fingerprint, the place will be detected as another
place. For example, if the fingerprint has only one WLAN access point, and that
particular access point is replaced, the place detected inevitably changes. Thus, it is
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necessary to assign the Home-context or the Office-context to several places that fulfill
the corresponding requirements.
Also in the case of the cell ids there is the possibility to have more than one home or
one office, but it is also known quite certainly that these really are different places
(under different cell clusters). In the case of the WLAN fingerprints, differently detected
places could still be the same place in reality. Because of the above reasons the WLAN
scan-based context detection should be allowed to assign Home/Office contexts to more
places than the cell id-based context detection does. Figure A-2 in Appendix A shows
the distribution of visits on the top 100 WLAN scan-based places from the same
example user than in the cell cluster case. If the two distributions are compared, it is
easy to see that the distribution of the WLAN scan-based places is spread out more
evenly, i.e., there can be seen more at least relatively significant places. This implies
that inside one cell cluster there are more than one WLAN scan detected places. It also
implies that one real place could indeed be divided into more than one WLAN scan
detected places in some cases. All in all, it is quite certain that the Filter_threshold
should be somewhat looser than the Elsewhere_threshold in the case of the cell ids.
Because of the long tail nature of the distribution of visits, for example, a mean value of
the number of visits as the threshold filters out majority of places, and leaves on average
approximately 7 % of the most visited places to further context detection. With this
threshold an average user would have around 40 significant WLAN scan-based places.
These numbers are notably bigger than in the case of cell clusters. However, as recalled
from Section 3.5, the final context output takes into consideration only those WLAN
scan-based places that are detected to be inside the significant cell clusters. In other
words, the filtering out of insignificant WLAN scan-based places is in practice twofold.
The mean value Filter_threshold takes in all somewhat significant places. If these places
then fit the Home or Office profile, and are inside a significant cell cluster, they will
contribute to the final context information.
Thresholds used in detecting the Office-context are the Weekend_threshold and the
Worktime_threshold. These are essentially the same thresholds than in the case of cell
id-based context detection, now just applied to the WLAN scan-based places. Table 4-4
shows how these thresholds affect the number of users assigned the WLAN scan-based
Office-context. Only those users that have the WLAN scan information available are
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present in the table (n = 129), and only the WLAN scan-based context detection has
been used. First of all, the number of users assigned Office-context is notably higher
than in the case on cell id-based context detection. It seems to be that in the WLAN
scan-based context detection the Worktime_threshold has more influence than the
Weekend_threshold, at least with the picked “reasonable” values. On average, when the
Worktime_threshold increases 1 %, everything else remaining equal, the number of
users assigned the Office-context decreases 0.12 %. On average, when the
Weekend_threshold increases 1 %, everything else remaining equal, the number of
users assigned the Office-context increases 0.014 %. This is similar to the cell id-based
context detection, but in a much smaller scale. This is partly explained by the relatively
loose Filter_threshold and the fact that the more there are qualified (after the
Filter_threshold) places to begin with, the greater is the possibility of finding “Offices”
among them.
Table 4-4 Worktime_threshold’s and Weekend_threshold’s effect on the number of users assigned
the Office-context
Worktime_threshold

Office-context for

Weekend_threshold

Office-context for

0.3

122

0.1

110

0.4

117

0.15

111

0.5

116

0.2

111

0.6

111

0.25

111

0.7

102

0.3

113

Worktime_threshold = 0.6

out of 129 users

Weekend_threshold = 0.15 out of 129 users

Thresholds used in detecting the Home-context are the Nighttime_threshold and the
Freetime_threshold. These are also the same as in the cell id-based context detection
case. Table 4-5 shows how these thresholds affect the number of users assigned the
WLAN scan-based Home-context. Again it is assumed that every panelist has a home.
In the case of the Nighttime_threshold every user is assigned the Home-context until the
threshold value is raised to 0.25. In the case of the Freetime_threshold, however, the
number of users starts to drop when the threshold value is raised to 0.8.
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Table 4-5 Nighttime_threshold’s and Freetime_threshold’s effect on the number of users assigned
the Home-context
Nighttime_threshold

Home-context for

Freetime_threshold

Home-context for

0.15

129

0.5

129

0.2

129

0.6

129

0.25

128

0.7

129

0.3

127

0.8

128

0.35

125

0.9

123

Freetime_threshold = 0.7

out of 129 users

Nighttime_threshold = 0.2

out of 129 users

Overall, when using the somewhat reasonable threshold values, the output of the
context detection does not fluctuate very much. To keep matters simple enough, a
straightforward solution is to use the same threshold values for the Home- and Officecontexts than in the cell id-based context detection. Thus the thresholds for the WLAN
scan-based context detection are:


Filter_threshold = mean value of the number visits to individual places



Weekend_threshold = 0.2



Worktime_threshold = 0.5



Nighttime_threshold = 0.25



Freetime_thershold = 0.7

And thus the related conditions are:
A place is filtered out of the context detection if
<

Office-context assigned to a place if

Home-context assigned to a place if
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4.1.3 Output results of the algorithm
This section describes the output of the context detection algorithm with the threshold
values chosen above. In addition, the cell id-based context detection uses the enhanced
naïve clustering method described in Section 3.2.2. Figure 4-1 (a) and (b) show the
share of time spent (Monday-Sunday) in different contexts. The times are calculated
first for every user individually, and then the aggregated results shown are the average
of the results of individual users. In this manner all users have the same weight
regardless of their absolute times spent (i.e., time span of the data available). If a user
does not have, e.g., an Office-context, the individual share is 0 % and it is taken into
account in calculations. Figure 4-1 (a) is from the output of the full context algorithm
(i.e., both cell id-based context detection and WLAN scan-based context detection in
use). Figure 4-1 (b) is from the output of the cell id-based context detection. In both
cases the number of panelists is 140 of which 129 have also WLAN scan data available.
In both cases the share of time spent at the Home-context is around two thirds, meaning
16 hours per day on average. This is about the same as in some time usage studies (e.g.,
Eurostat, 2004). The time share of the Elsewhere-context is slightly below one fifth.
(a) Contexts with Cell id + WLAN (n = 140)
Other
Abroad
meaningful
2%

Contexts with Cell id (n = 140)
Other
Abroad
meaningful
2%

7%

9%

Elsewhere
17 %

Elsewhere
17 %

Office
8%

Office
6%

Home
66 %

Home
66 %

Figure 4-1 Share of time spent in different contexts (a) Contexts detected with cell id and WLAN
(b) Contexts detected with cell id only

With only the cell id-based context detection, the share of time spent in the Officecontext is 6 %. With cell id and WLAN scans combined the share is 8%. In both cases
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the number is relatively low compared, for example, to Eurostat (2004). At this point it
needs to be remembered that only 54 of the 140 panelists have the Office-context
detected with the cell id-based context detection. The number rises to 116 when the
WLAN scan-based context detection is added to the picture. Aggregating over all the
140 users, the average time share of the Office-context does not represent very well
those users who really have the Office-context. Figure 4-2 (a) shows the share of time
spent in different contexts for the 116 users having cell id and/or WLAN scan-based
Office context. Figure 4-2 (b) shows the share of time spent in different contexts for the
54 users having a cell id-based Office context. If a user does not have a cell id-based
Office-context, the WLAN scan-based Office-context is under a cell cluster which is
detected either “Home” or “Other meaningful” in the cell id-based context detection.
Especially in the case of the 54 users who have the cell id-based Office-context
detected, the share of time spent on the Office-context is considerably larger than in the
aggregated results of all 140 users. The time share of 14 % is very close to the results of
the similar workplace/school category in Eurostat (2004).
The share of time for the Other meaningful-context is 1.5 times the share of time for the
Office-context in the case of just the cell id-based context detection; it is, however,
slightly less than the share of time of the Office-context in the case of the cell id and
WLAN scan-based context detection combined. With a quick look it seems that the
majority of the new (WLAN-based) Office-contexts come from the old (cell id-based)
Other meaningful-context. However, there are transitions also from the old Homecontext to the new Office-context and from the old Other meaningful-context to the new
Home-context.
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(a) Contexts with cell id + WLAN (n = 116)
Other
Abroad
meaningful
2%
6%

(b) Contexts with cell id + WLAN (n = 54)
Other
meaningful
2%

Abroad
1%

Elsewhere
16 %

Elsewhere
17 %

Office
14 %

Office
9%

Home
67 %

Home
66 %

Figure 4-2 Share of time spent in different contexts (a) Contexts detected with cell id and WLAN
for users having cell id and/or WLAN-based Office-contexts (b) Contexts detected with cell id and
WLAN for users having cell id-based Office-contexts

Figure 4-3 shows the share of contexts per hour of day (Abroad excluded). The results
have been calculated by checking the number of different contexts at a particular hour.
The shapes of the curves show nicely how the users’ presence at different contexts
varies during the day. The Home-context has its peak during the early morning hours
and is at its lowest during the early afternoon. The Office-context peaks around the
midday and early afternoon and is at its lowest during the night. The share of the Officecontext is quite negligible outside the common working hours of 8 AM to 6 PM. Also
the transfer from Home-context to Office-context and back shows quite clearly.
However, during the morning the transfer is clearer than in the afternoon. In the
afternoon and in the evening the Elsewhere-context takes more the share of the Homecontext. The Elsewhere-context peaks during the early evening and is at its lowest
during the early morning. Its overall trend is rising from the morning to 7 PM. The
graph of the Elsewhere-context does not show any particular peak during the morning
commuting time. In the afternoon and evening the commuting is most likely
accompanied with other activities that require some traveling or visiting briefly different
places. Some of the morning commuting might happen straight from the home cell to
the office cell. In addition the university students in the panel might come and go more
freely than regular day job workers. The share of the Other meaningful-context stays
under 10 % throughout the whole day. It peaks during the late afternoon and is at its
lowest during the night and early morning.
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Share of contexts per hour of day
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Figure 4-3 Share of contexts per hour of day (all 140 users)

The results extracted from the output of the context algorithm are in general quite
similar to the results in Jiménez (2008). The source of the main differences is probably
in the datasets, and especially in the demographics of the panelists. As said, in our panel
the weight of the student panelists is much larger than in the population on average.
Jiménez (2008) used a panel that represented better the Finnish population as a whole.
In Jiménez (2008), for example, the share of the Elsewhere-context is shifted a couple
of hours to the left compared to our results (in Figure 4-3). Maybe the students are on
the move later than an average citizen. Also the aggregated proportion of the Officecontext is considerably larger and the Elsewhere-context smaller in Jiménez (2008) than
in this work. The results in Jiménez (2008) are far more similar to Figure 4-2 (b) where
only the users with cell id-based Office contexts are taken into account. Figure A-3 in
Appendix A shows the share of time spent in different contexts when our data are run
through the context detection algorithm (cell id-based) described in Jiménez (2008). The
result is very similar to our results. Figure A-4 in Appendix A shows the time share
results per location for an example user in the study of Bayir et al. (2010). The example
user has spent somewhat less time at home and more time at work than an average user
in our panel. Bayir et al. (2010) do not provide aggregated level results.
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In addition to the highly place-related contexts, the context algorithm attempts to detect
also the Social context (i.e., whether there are other people around the user or not). As
explained in Section 3.4, it is assumed that if there are other Bluetooth devices around
the user’s device, the user’s Social context is such that there are other people in close
proximity. Figure 4-4 shows the share of time there has been other Bluetooth devices
detected near the user’s device, and the share of time there has not been detected other
Bluetooth devices around the user’s device. There are 61 users who have Bluetooth data
available (i.e., have Bluetooth data files with more than three weeks of data). According
to the results from these users, an average user has been surrounded by active Bluetooth
devices 15 % of the time. This means on average of about three and a half hours per
day.

Share of time of the social context (n = 61)
All
Abroad

85 %
69 %

15 %
31 %

Home

86 %

14 %

Office

86 %

14 %

Other meaningful

70 %

Elsewhere

30 %
85 %

No Bluetooth devices around

15 %

Other Bluetooth devices around

Figure 4-4 The share of time of the Social context (i.e., the share of time there has been other
bluetooth devices around) for the 61 user that have a sufficient amount of Bluetooth data

There are, however, some considerable problems in the assumption regarding the link
between the Social context and the surrounding Bluetooth devices. Firstly, with our data
it is not possible to separate stationary Bluetooth devices (e.g., a printer) from mobile
Bluetooth devices that people carry around with them. Secondly, no surrounding
Bluetooth devices can be detected if the user’s device’s Bluetooth radio is turned off.
From our data it is not possible to differentiate whether the lack of detected surrounding
Bluetooth devices is due to the fact that there really are no Bluetooth devices around, or
the fact that the user’s device’s Bluetooth radio is not on. In addition, there is no
guarantee that the panelists’ circle of acquaintances keep their Bluetooth radios on (or
on the visible mode), let alone all the other people the user meets.
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Because of the above reasons, the results regarding the Social context are very tentative.
Using the Bluetooth radio is a step towards detecting the Social context, but by itself,
and providing relatively simplified data, it is probably not enough. Figure 4-4 gives,
however, a hunch of the surrounding Bluetooth devices also in different contexts. The
results of the major contexts such as Home, Office and Elsewhere are very similar to the
overall result. In the Other meaningful- and the Abroad-contexts the share of time there
are other Bluetooth devices around is double compared to the overall result.

4.2 Usage session study
In this usage session study the definition of a smartphone usage session constructed in
Section 2.4 is applied to our smartphone application data (described in Section 2.5.2).
The goal is to show the characteristics of our smartphone panelists’ smartphone usage
sessions, both, on the single user level and on an aggregated level. This serves as
preparation for the later study of usage sessions in different contexts, but also gives
session related results to compare with similar studies (e.g., Falaki et al., 2010).
4.2.1 Preparing the smartphone application data file
The smartphone application data contains a sufficient amount of application data from
140 users. The lower limit for the sufficient amount of data is three weeks as in the case
of the context data. For every application session its duration is calculated. The duration
is the end time of the application minus the start time of the application. For the whole
file:
,
where

,

(1)

is the duration of an application session,

the start time of an application,
used by one (

the number users, and

) user. It is reminded here that

provided in the data, but

the end time of an application,
the number of applications

s are acquired from timestamps

s are recognized from the start timestamps of the next

applications or other intercepting timestamps. The data do not provide straightforward
“end of application” timestamps.
Also the smartphone’s idle time between application sessions is calculated. The idle
time is the start time of the next application minus the end time of the current
application. Again for the whole file:
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,

,

(2)

where is the idle time between two application sessions.
Now we have the necessary information needed to extract smartphone usage sessions
out of the application data. Below, in Table 4-6, is a short example of the prepared
application data file (line does not appear in the original data). Duration and idle times
are shown in seconds.
Table 4-6 An example of a prepared application data file
line uid

date

time

name

application_class

1

11111

2010/05/18

18:26:40

Sports Tracker

other_applications

89

0

2

11111

2010/05/18

18:28:09

Camera

multimedia camera

29

0

3

11111

2010/05/18

18:28:38

Sports Tracker

other_applications

7823

2

4

11111

2010/05/18

20:39:03

Messaging

messaging

13

1

5

11111

2010/05/18

20:39:17

Log

business_productivity

6

852

6

11111

2010/05/18

20:53:35

Camera

multimedia camera

54

0

duration

idle_after

4.2.2 Sensitivity analysis for non-voice usage session
As recalled from Section 2.4, the definition of the non-voice usage session includes one
varying parameter. This is the threshold value
using

for the idle time . In this work we are

as the base case for the session analysis.

means that one usage

session is constructed of consecutive application sessions with no idle time in between.
For example, in the case of the above example data, there are four non-voice usage
sessions; first: from line 1 to line 3, second: line 4, third: line 5, fourth: line 6 and
continuing. The threshold

s is a good starting point for the analysis. It is a strict

rule, but clear in the sense that any idle time between application usage ends the usage
session.
The

threshold is clear and easy to apply, but at times it might not be very

accurate when thinking of real usage instances. From the user perspective a gap lasting
a couple of seconds between the end of the last application and start of the next one is
hardly considered the end of a usage session. It is assumed that the mobile devices have
a screen timeout period if the users do not turn off the screen manually. This would
mean a built-in “idle time” for the user to wonder a while, giving still 0 seconds for the
idle time . In principle the assumption is well justified. Mobile devices in general do
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have screen timeout periods. There are, however, some problems, or at least unclear
aspects with the assumption. One is that the timeout can vary between different users
(and even in the case of one user), because the timeout is normally adjustable. Different
devices might also have different default settings for the timeout. In addition, different
usage habits affect how the users themselves turn off the screen after using the device
(or maybe even in the middle of usage). And last but not least, there might be some
inaccuracies and errors in the data.
The short example from the application data file above (Table 4-6) shows some
problems appearing with the

threshold. On lines 3 and 4 the idle_after values are

so small that it is very questionable to consider them as separating usage sessions. On
line 3 the duration of the application itself can easily include a screen timeout (for
example 60 seconds, a default timeout in many Symbian devices), and so the end of a
usage session could be justified there. On line 4, however, the duration of the
application is so small that it hardly has room for any timeout periods. Looking at the
data it seems a little odd that the user has switched off the screen/put the key-lock on for
such a short period of time, but of course it is possible. It is also possible that there is an
error in the data, or an error in interpreting the data. In any case, intuition says that
should be something more than zero. The hard question is: how much more than zero?
To get some insight, let us pull out non-voice usage sessions with different values of
from the application data.
Figure 4-5 shows the change in the number of non-voice usage sessions with different
values of

. The graph is derived from 20 data points. The data points are shown in

Table A-3 in Appendix A. The y-axis is scaled so that 100 corresponds to the number of
sessions with

. The number of usage sessions drops rapidly as

is increased few

seconds from the base value zero. The dropping pace, however, slows down
significantly when

comes close to the half a minute mark. Figure A-5 in Appendix A

has an approximated graph of the derivative of the graph in Figure 4-5. The
approximation is done with the basic finite difference method. The derivative shows
even more clearly the change in the dropping pace.
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Number of sessions (scaled to max = 100)
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Figure 4-5 The number of non-voice usage sessions as a function of threshold value T

The overall trend is obvious and predictable. When

increases, more application

sessions are coupled together as a non-voice usage session, and the number of nonvoice usage sessions drops. The pace of the drop is very fast with the small values of .
This is caused by the fact that the majority of the idle_after times in the data are very
small. Ignoring the idle time 0 s, idle times from 1 s to 3 s represent 21 %, and idle
times from 1 s to 30 s represent 35 %, of all idle times in the data set. So, for example, if
s there are 21 % less usage session separators than in the case of

. Figure

4-6 shows the distribution of idle_after times from 1 s to 60 s. The whole distribution
has a very long tail, and for convenience the figure is “zoomed in” to the left. The
general trend shows already there. As already said above, the small idle times account
for a significant part of all idle times. The distribution flattens out quite considerably
after the half a minute mark. This is in line with the brief examination of Figure 4-5.
The large number of small idle times raises some questions. Is it really common user
behavior to put, e.g., the key-lock on once in a while, just to continue the usage of the
device in a few seconds? Or is it common user behavior to ponder for a while and then
be triggered to continue usage when the screen backlight suddenly turns off, or the
screensaver goes on? Alone with our data it is quite impossible to answer these kinds of
questions. It is also possible that there are some inaccuracies in the timestamps
generated by the data collection platform, or that there are erroneous entries or the data
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collection itself generates some intercepting time-stamps for the foreground application
file. Again, it is hard to tell whether this is true or not. As we have not developed the
data collection software ourselves, we are not aware of all the characteristics or possible
inaccuracies of the data collection platform.

Distribution of idle_after times (1 s - 60 s)
40000
35000

Frequency

30000
25000
20000
15000
10000
5000
0
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55 57 59
Seconds

Figure 4-6 Distribution of idle_after times from 1 s to 60 s

Knowing, whether the small idle times are caused by user behavior, inaccuracies, or
both, does not remove the fact that they exist, and the high frequency of them changes
the characteristics of the usage sessions noticeably as

is varied near the lower end of

the time scale. Figure 4-7 shows the mean usage session length as a function of . It is
not a surprise that the graph in the figure resembles the previous graphs. After all, the
main causes are the same. When

increases, the number of usage sessions drops and an

average usage session is longer. When
sessions is 207 seconds. As

, the mean usage session length over all

increases a couple of seconds the mean usage session

length increases quite rapidly, until the pace slows down and the rise in the mean
session length converts close to linear around

(an approximated derivative of

the function is shown in Figure A-6 in Appendix A).
The impact of changing the threshold value
sessions has, in a way, two stages. When

on the number and length of the usage

is relatively small, the changes in the usage

session characteristics are rapid and very noticeable, but as
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the changing pace of the usage session characteristics somehow “normalizes”, and the
further increases in

affect the session characteristics on a relatively equal magnitude.

This could imply that the small idle times, below the mentioned point on the -axis, are
such time periods that should be included in the usage sessions, rather than let them
separate the sessions. If the small idle times are some errors or inaccuracies, in this way
they would be cleaned out. If the small idle times are common “pondering times” inside
usage sessions, they obviously should be included inside the sessions. In any case, the
point where the changing pace of the usage session characteristics more or less evens
out looks like a reasonable value for the threshold

. Talking about “the point” is

slightly misleading here since, as can be seen from the graphs, it is not that
straightforward to determine any exact point. The question is more like, around where
the relative change starts to be small enough. In the case of our data, this seems to
happen around the 30 seconds mark. Whether this particular value for

is the best

possible, is another question. The goal is to derive a reasonable, other than zero,
threshold value for the non-voice usage sessions for the following analysis and
comparisons. It also has to be remembered that this particular value is derived just from
our data, and is the result of our data’s characteristics (and the results of some intuitive
reasoning).
Bayir et al. (2010) determine several threshold values in a similar manner than the
above reasoning. They seek a “knee” value after which a function’s tangent remains
relatively constant. A more rigorous search for the threshold value, or defining it in
some more calculable manner, is not seen necessary here. Defining such thresholds is
not a very exact science. In real life different users should probably have different
threshold values, and even in the case of one user the threshold most likely should vary
according to different usage situations. In the forthcoming analysis, non-voice usage
sessions are examined with two threshold values;
representing an other than zero threshold.
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Mean session length as a function of T
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Figure 4-7 Mean non-voice usage session length as a function of threshold value T

4.2.3 Usage session analysis
Under this analysis part, we will take a closer look at the smartphone usage sessions. In
particular, three cases are considered. First we will examine the non-voice usage
sessions under threshold value

. In the second case we will examine the non-voice

usage sessions under threshold value

. And finally, the cellular voice call

sessions are examined. The aim is to show how the smartphone usage varies between
different users, how the different threshold values affect the results, and how the cellular
voice calls compare with other usage.
Non-voice usage session, case

:

In this case every idle time serves as a separator between the non-voice usage sessions.
Table 4-7 shows some aggregated level descriptive statistics of the non-voice usage
sessions. According to our data under the threshold value

, an average non-voice

usage session (over the whole dataset) lasts slightly less than three and a half minutes.
Intuitively this sounds quite reasonable. The standard deviation of the session lengths,
however, shows that the session lengths are very spread out around the mean. The
median session length is only a fifth of the mean session length. This implies that the
majority of the session lengths are much shorter than the mean session length. Indeed,
83 % of the non-voice usage sessions are shorter than the mean session length. Most
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common non-voice usage sessions are very short. For example, 25 % of all non-voice
usage sessions are less than eleven seconds long. What is raising the mean of session
lengths are the few very long sessions. As can be seen below, the longest session in the
panel has been more than seven and a half hours long. The share of non-voice usage
sessions longer than one hour is below 1 % of all usage sessions, but they affect
significantly the mean. For example, without these long (over an hour) sessions the
mean session length would be only 149 seconds. Figure A-7 in Appendix A shows the
cumulative distribution of the session lengths when

. The distribution is very

similar also with other values of . An average panelist has 20 non-voice usage sessions
per day, and interacts with his/her smartphone (using non-voice applications) one hour
and thirteen seconds per day on average. The average of mean and the average of
median session lengths in the table are in other words the mean of the mean and the
mean of the median session lengths of individual users. In these values all the users
have the same weight regardless of their number of sessions, so the values are not
biased towards the users with many sessions. The averages of mean and median are
higher than the mean and median over all session lengths.
Table 4-7 Descriptive statistics of non-voice usage sessions, T = 0
Number of non-voice usage sessions

391244

Mean of all session lengths (sec)
Standard error of the mean (sec)
Standard deviation of all session lengths (sec)
25 % percentile (sec)

207
1,18
741
11

Median of all session lengths / 50 % percentile (sec)
75 % percentile (sec)
Minimum session length (sec)
Maximum session length (sec)

45
126
1
27726

Average number of sessions per day per user (sec)
Average interaction time per day per user (sec)
Average of mean session lengths (sec)
Average of median session lengths (sec)
Average of standard deviation of session lengths (sec)

20
4368
263
57
695

Figure 4-8 (a) shows the mean session lengths of individual users. Most notable in the
figure is the variation between users. The highest mean session length in the panel is
almost half an hour, whereas the lowest mean session length is just 50 seconds.
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According to the means, there seems to be a huge difference between heavy users and
others. 71 % of the users have lower mean session lengths than the average of the mean
session lengths (263 seconds). Most of the users are relatively close to each other, but
the few heavy users stand out clearly. The median session lengths of individual users
tell essentially the same story. The differences between users are great. The highest
median length is 71 times the lowest median. As can be predicted from the aggregated
level statistics, the median lengths are considerably smaller than the means. Figure 4-8
(b) shows the median session lengths of the panelists.
(b) Median session length (T = 0)
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Figure 4-8 Mean and median non-voice usage session lengths of individual users, T = 0

Besides the session lengths, another interesting point to examine is the number of
sessions in a certain time period. Figure 4-9 (a) shows the number of non-voice usage
sessions per day for all users. Like the mean session lengths, also the number of
sessions per day shows considerable differences in the user behavior. Frequent users
have a lot more interactions in a day with their smartphones, than the more occasional
users. The range is from around 3 sessions per day to 46 sessions per day. However, as
the distribution of mean session lengths shows quite clear exponential tendencies, the
distribution of the number of sessions is more linear.
Just by looking at the mean session lengths or the number of sessions, it is quite hard to
tell whether a user is really a heavy user or not. If a user has many non-voice usage
sessions per day, it does not necessarily mean that the user’s average session is very
long. On the other hand, it does not mean that the user’s average session is very short
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either. To show this, let us take a look at the Spearman rank-order correlation
coefficient

defined already in Section 3.3.2 Equation (7). In order to calculate

the

users have to be ranked both according to their mean session lengths, and according to
their number of sessions per day. If the ranks are exactly the same (i.e., if the users with
the longest sessions have also the biggest number of sessions per day) the correlation
coefficient

. If the ranks are exactly the opposite (i.e., if the users with the

longest sessions have the smallest number of sessions per day) the correlation
coefficient

. In the case of our data

. This implies that correlation is

relatively weak in both directions. However, it seems to be that the users with the
longest sessions are among the users with somewhat fewer sessions per day.
(b) Interaction time per day (T = 0)
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Figure 4-9 Number of non-voice usage sessions per day and interaction time per day, T = 0

Probably the best measure for determining whether a user is a heavy user or not, is the
interaction time with the smartphone. Figure 4-9 (b) shows the users’ average daily
interaction times with their smartphones (using non-voice applications). Again the
differences between users are great. The most heavy user interacts with his/her
smartphone for more than four and a half hours per day whereas the smallest daily
interaction time is just a little over nine minutes. 68 % of the users interact with their
smartphones less than the average interaction time (73 minutes) per day.
Non-voice usage session, case
In this case every idle time greater than half a minute serves as a separator between the
non-voice usage sessions. Table 4-8 shows the same aggregated level descriptive
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statistics of the non-voice usage sessions for

as were shown in the case

.

As expected, the number of non-voice usage sessions is smaller and the session lengths
are longer than in the

case. Now an average session of the whole dataset is close

to five and a half minutes, 112 seconds longer than in the

case. Again, the

standard deviation of the session lengths is very large, and the median session length is
much smaller than the mean session length (median is one fifth of the mean, as in the
case). The quartiles of session lengths show that also in this case the majority of
the sessions are quite short. The maximum session length has grown considerably,
relatively much more than the other statistics. A session of over 22 hours is indeed a
long one. But again the sessions over one hour long account for only slightly over 1.5 %
of all sessions, and in the case of a single data entry the possibility of an error always
exists. This, however, does not remove the fact that the extraordinarily long sessions
bring up the measured mean considerably. An average panelist has now 13 non-voice
usage sessions per day. The average interaction time with the smartphone (using nonvoice applications) is almost the same as in the

case, as it should be. The only

additions in the interaction times are the idle times of less than 30 seconds inside the
sessions. The average of the mean session lengths of individual users is now a bit over
seven minutes, 166 seconds longer than in the

case.

Table 4-8 Descriptive statistics of non-voice usage sessions, T = 30
Number of non-voice usage sessions

255749

Mean of all session lengths (sec)
Standard error of the mean (sec)
Standard deviation of all session lengths (sec)
25 % percentile (sec)
Median of all session lengths / 50 % percentile (sec)
75 % percentile (sec)
Minimum session length (sec)
Maximum session length (sec)

319
2,17
1098
21
67
197
1
80763

Average number of sessions per day per user (sec)
Average interaction time per day per user (sec)
Average of mean session lengths (sec)
Average of median session lengths (sec)
Average of standard deviation of session lengths (sec)
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Figure 4-10 (a) shows the mean session lengths of individual users, when

. The

diversity of the smartphone usage between different users shows as clearly as in the
case. The main difference is the higher mean usage session lengths. Now the
range is from 68 seconds to 40 minutes. 73 % of the users have lower mean session
lengths than the average of the mean session lengths (429 seconds). If the users are
ranked by their mean session lengths, the rank-order is nearly the same in both
and

cases (

). This shows, at least partially, that overall the session

lengths of different users are affected in a similar manner when

increases. The median

session lengths are shown in Figure 4-10 (b).
(a) Mean session length (T = 30)

(b) Median session length (T = 30)
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Figure 4-10 Mean and median non-voice usage session lengths of individual users, T = 30

Let us take a look at the number of sessions per day also in the case of

(shown

in Figure 4-11 (a)). Again the diversity among users is noticeable, but the distribution is
more linear than the distribution of the mean session lengths (despite the two outliers on
the top). As expected, overall the number of sessions per day is smaller, than in the case
of

. The range is from 2 to 35 sessions per day. Figure 4-11 (b) shows again the

daily interactions times with the smartphone (using non-voice applications). The times
are the same as in the

case, except the small additions caused by the idle times of

less than 30 seconds inside the sessions.
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(a) Number of sessions per day (T = 30)

(b) Interaction time per day (T = 30)

40

300
Interaction time (min)

35
Sessions

30
25
20
15
10
5
0

250
200
150
100
50
0

0

50

100

0

User percentile

50

100

User percentile

Figure 4-11 Number of non-voice usage sessions per day and interaction time per day, T = 30

Cellular voice call session
The cellular voice call sessions represent the calling habits of the panelists. Table 4-9
shows aggregated level descriptive statistics for the cellular voice call sessions (denoted
as calls from now on). The table includes call data from 138 users. The users are the
same as in the non-voice usage sessions, except for two users that did not have call data
available. The mean of all call lengths in the dataset is around two and a half minutes.
The standard deviation of the call lengths is large, but relatively smaller than in the case
of the non-voice usage sessions. The median of all call lengths is slightly over one
minute. Although the majority of the calls are quite short compared to the longest calls,
this is not as dramatic as in the case of the non-voice sessions. For example, the limit for
the third quartile is already more than the mean call length. An average user makes or
receives 5.6 calls per day, and uses time for calling a little less than 10 minutes per day
on average. The average of the mean call lengths of individual users is higher than the
mean of all calls, similar to the non-voice usage sessions case.
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Table 4-9 Descriptive statistics of cellular voice call sessions
Number of cellular voice calls (all)
Number of cellular voice calls (excluding missed)

78308
56593

Mean of all call lengths (sec)
Standard error of the mean (sec)
Standard deviation of all session lengths (sec)

148
1,18
281

25 % percentile (sec)
Median of all call lengths / 50 % percentile (sec)
75 % percentile (sec)

24
62
153

Minimum call length (sec)
Maximum call length (sec)

1
11703

Average number calls per day per user (sec)
Average calling time per day per user (sec)
Average of mean call lengths (sec)
Average of median call lengths (sec)
Average of standard deviation of call lengths (sec)

5,6
590
154
69
253

Figure 4-12 (a) shows the mean call lengths of individual users. The overall trend is
similar to the non-voice usage sessions; the calling habits of the users are diversified.
The longest mean call length in the panel is 19 minutes, whereas the shortest mean is
just 30 seconds. However, the panelist with the longest mean call length is something of
an outlier on the graph with a mean more than double that of the next panelist. 63 % of
the panelists have a smaller mean call length than the average of the mean call lengths
(154 seconds). If the users are ranked according to their mean call lengths and their
mean non-voice session lengths (
the ranks is

), the Spearman rank-order correlation between

indicating that the same users having long non-voice sessions do

not necessarily have long calls, or vice versa. The median call lengths can be seen in
Figure 4-12 (b).
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Figure 4-12 Mean call lengths and median call lengths

Figure 4-13 (a) shows the number of calls per day of individual users. Again, the graph
shows the familiar pattern already seen in the case of the non-voice sessions. The range
between the users is from 1.3 to 18 calls per day. The top 5 % of the users in the number
of calls per day separate themselves from the pack, but otherwise the distribution seems
quite linear. If the users are ranked according to their number of calls per day and their
mean call lengths, the Spearman rank-order correlation between the ranks is
indicating that the users with long calls do not necessarily have a big number of calls
per day, or vice versa. Figure 4-13 (b) shows the users’ daily time used for calling. The
heaviest caller uses 46 minutes per day on calling, whereas the smallest amount of time
used for calling is only one minute. 61 % of the users use less time for calling than the
overall daily average of a little less than 10 minutes.

83

The Effect of Context on Smartphone Usage Sessions

(b) Calling time per day

(a) Number of calls per day
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Figure 4-13 Number of calls per day and calling time per day

The above examination of smartphone usage sessions shows that there are clear
differences in the smartphone usage habits of different users. Both, in the case of mean
session lengths and the number of sessions per day, the variation across users is more
than an order of magnitude. Thus an average user does not represent very well the panel
as a whole. The two non-voice usage session cases with different threshold values
show similar results regarding the diversity in smartphone usage. The differences
among the two cases are as expected. A larger

results in longer sessions, and in a

smaller number of sessions per day. Comparing the lengths and occurrences per day of
the cellular voice calls to the similar characteristics of other individual application types
would probably be more fruitful, than comparing the non-voice sessions and the voice
calls directly. The overall characteristics of the calls, however, show a diversification
across the users similar to the non-voice sessions. It can be said that the smartphone
usage overall is very diversified across the users.
For example, Falaki et al. (2010) obtained similar results in their smartphone usage
study. In all aspects of usage the differences between users were more than an order of
magnitude. Oliver (2010) has reached the same conclusions. Both Falaki et al. (2010)
and Oliver (2010) also point out the significant gap between the mean session lengths
and the median session lengths is due to big number of short sessions and a few
extraordinarily long sessions. In both of the above mentioned studies the session lengths
have been lower than in our study. On the other hand, the number of sessions per time
period is greater than in our study, indicating that the total interaction times are closer
together. Rahmati & Zhong (2009) have slightly longer sessions, but slightly smaller
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number of sessions per time period when compared to our results in the

case. Our

results have the longest sessions and the second smallest number of sessions per
time period. Table 4-10 shows a comparison of these session characteristics between the
different studies. Falaki et al. (2010) do not provide any aggregated level results, so the
range of mean values of individual users is shown.
Table 4-10 Session characteristics in different smartphone usage studies
Mean session length
Oliver (2010)

Sessions per hour Interaction time per hour

1 min 8 sec

3.6

4 min 12 sec

6 min

0.42

3 min (estimate from a figure)

Our study (T = 0)

4 min 23 sec

0.83

3 min 2 sec

Our study (T = 30)

7 min 9 sec

0.54

3 min 5 sec

Falaki et al. (2010)

10 sec - 4 min 10 sec

0.42 – 8.3

1 min 15 sec - 20 min 50 sec

Rahmati & Zhong (2009)

The differences in the session lengths and the number of sessions per hour are notable.
However, the interaction times are quite similar. Sources of the differences can be, for
example, differing demographics of the panelists and differences in determining a
session. As described in Section 2.4 the definitions of session vary according to the data
and device characteristics used in a study. Our results are the averages of the
corresponding values of individual users. The other studies do not explicitly state their
methods, but the results are assumed to be comparable.

4.3 Characteristics of usage sessions in different contexts
The output of the context algorithm is now applied to the application usage data. Each
user (n = 140) has their own file containing the context information (the output of the
context algorithm). Usage sessions are extracted from the application usage data with
two threshold values;

and

, and the resulting session information is split

into individual files for every user. Both the context information and the session
information in the files are time-stamped, so by combining them it is possible to attach a
context to a usage session. This then allows us to examine whether there are some
differences in the characteristics of the usage sessions in different contexts.
As in the case of the output study of the context algorithm, all the results in this section
are acquired by first calculating the results for every individual user, and then taking the
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averages of these results (in the forthcoming sections an expression: “an average of
[results]” refers to the average of the [results] of individual users, e.g., an average of
mean session lengths of individual users). In this manner all users have the same weight
regardless of their absolute times spent in a context, usage times, number of sessions,
etc. As was seen in Section 4.2 the usage habits of the users are very diversified. If the
users did not have the same weights in the calculations, the aggregated results would be
biased towards the usage habits of the users with most data. When calculating the
percentage shares per context, a user having no usage in a particular context (or not
having the context at all) will get an individual share of 0 % and it is taken into account
in the calculations. In some other calculations (e.g., the session length per context) a
user cannot contribute if he/she has not had any usage in the particular context.
It is definitely debatable whether the averages of the results of individual users are the
best measure to acquire the aggregated level results. For example, the medians could
also be used in some cases. However, the end target in this work is to examine the
differences between the contexts. The averages (i.e., the means) and the medians seem
to go hand in hand in describing the differences between the contexts. The medians are
overall slightly lower, but the order of the contexts remains the same regardless of the
measure used.
In general, a continuous stay in a context lasts longer than an average usage session. In
other words, in the majority of cases a single usage session does not span over many
contexts. For simplicity, a usage session is assumed to exist in the context it was
initiated.
4.3.1 Non-voice usage sessions in different contexts
Figure 4-14 (a) and (b) show the share of non-voice usage sessions per context. The
share of non-voice usage sessions is derived from the results of all 140 users. Figure
4-14 (a) shows the results when the threshold value
the results when the threshold value

and Figure 4-14 (b) shows

. There seems to be only small differences

between the two threshold values. Almost half of the non-voice usage sessions have
been in the Home-context. A little less than one third of the sessions have been in the
Elsewhere-context. The Office-context has a 12-13 % share of the usage sessions, being
slightly ahead of the 9 % of the Other meaningful-context. The Abroad-context has
clearly the smallest share. In the case of the Office- and Abroad-contexts, it has to be
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remembered that only 116 users have an Office-context and only 64 have an Abroadcontext.
(a) Share of sessions per context (T = 0)

(b) Share of sessions per context (T = 30)
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Figure 4-14 The share of smartphone usage sessions per context (a) with threshold value T = 0 and
(b) with threshold value T = 30

Figure 4-15 shows the shares of the non-voice interaction times per context. At this
accuracy the results are the same for the both threshold values

. The order of the

contexts is the same that in the case of the number of sessions; Home dominating,
Elsewhere being the clear second, etc. There are, however, some changes in the
percentage shares compared to the number of sessions, indicating that there are some
differences in the characteristics of the non-voice sessions in different contexts.
(a) Share of interaction time per context
Abroad
3%

Elsewhere
24 %

Other
meaningful
8%

Home
53 %

Office
12 %

Figure 4-15 Share of non-voice interaction time per context.
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To examine the differences, let us first take a look at the session lengths. Figure 4-16
shows the average of mean non-voice usage session lengths for both of the two
threshold values

(Figure A-8 in Appendix A shows the average of median non-voice

usage session lengths). As it is easy to predict, overall the

case has longer

sessions. The Abroad-context is not among the main targets in the analysis because it
appears rarely in the data, and it is hard to really distinguish more specific usage
contexts for it (business trip, holiday, etc.). Of the other contexts, the Home-context has
the longest average of mean session lengths (5 minutes 20 seconds,
32,
when

; 8 minutes

). The Office context has the second highest average of mean session lengths
(3 minutes 54 seconds) and the third highest when

(5 minutes 42

seconds). The Elsewhere-context has the third highest average of mean session lengths
when

(3 minutes 29 seconds) and the second highest when

(5 minutes 50

seconds). The Other meaningful-context has the lowest average of mean session lengths
(3 minutes,

; 5 minutes,

).

The order of the average of mean session lengths seems quite reasonable. Home is the
place where life probably is not as hectic as in some other place or on the move. At
home people can sit back and get acquainted with things. So, when using the
smartphone at home the user really can take the time and not be in a hurry. In the
Office-context there probably are clear differences in the usage situations between
users, depending on the type of work the users are doing. Some people are able to use
their smartphones along the workday, some people use the phone as a tool in the work,
and some people just cannot use their phones while they are working (shop clerks etc.).
Overall the difference in the session lengths is clear to the Home-context. The
Elsewhere-context is quite close to the Office-context in terms of the session length.
The Elsewhere-context includes usage situations in places where the user has not spent
that much time, or is just on the move. In a context like this the user probably at times
needs to concentrate on other things than just taking it easy with the smartphone. On the
other hand, however, commuting in a bus or a train gives time to such activities as
gaming or reading the news (or browsing in general). The Other meaningful-context
refers to situations in places where considerable amounts of time have been spent
(maybe a friends’ house, place of some quite regular activity such as sports, for
instance). The shorter session lengths could be explained with that the user might
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prioritize some other activities or socializing over smartphone usage, and does not have
that much time to concentrate on individual sessions.

Average of mean session lengths per context
600
500
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400
300

T=0
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T = 30

100
0
Abroad

Home

Office

Other
Elsewhere
meaningful

Figure 4-16 Average of mean non-voice session lengths per context

As seen above, most of the non-voice usage sessions occur in the Home-context, and
the Home-context has also the greatest share of usage time. This is quite self-evident
since, referring to Section 4.1, the panelists spend most of their time in the Homecontext. The shares of the number of sessions or the shares of usage time, however, do
not tell much about the intensity of usage. The share of number of sessions is around
47-48 %, and the share of usage time is 53 % in the Home-context. These both are
considerably less than the 66 % share of overall time spent in the Home-context. On the
other hand, the shares of the number of sessions and the usage time in the Elsewherecontext are more than the share of overall time spent in the Elsewhere-context. This tells
that the usage of smartphone (non-voice applications) is more frequent in the
Elsewhere-context than in the Home-context.
Figure 4-17 shows the average intensity of smartphone usage (non-voice applications)
in all of the contexts. The intensity of usage is measured here in number of sessions per
hour and in usage minutes per hour. Both of the measures follow a similar trend. The
intensity of usage (excluding the Abroad-context) seems to be the lowest in the Homecontext. The Elsewhere-context has the most sessions per hour and the most usage
minutes per hour. The Office-context, however, comes very close in the usage minutes
per hour. The Home-context distinguishes itself from the pack clearly. The other
contexts are overall quite close together. The number of sessions per hour depends on
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the threshold value . As remembered from earlier results, when

increases the number

of sessions decreases. The effect of the threshold value on the usage minutes is
negligible.
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Figure 4-17 Average intensity of smartphone usage per context (non-voice applications)

In the Home-context the non-voice usage sessions are the longest, but the sessions occur
least frequently. However, the longer session lengths do not fully compensate for the
low frequency of the sessions, i.e., also the relative usage time is the lowest in the
Home-context. This seems to indicate that in the Home-context the user has time to
concentrate on the smartphone usage once it is seen necessary, but overall the user does
not see it necessary that often. By the first thought, one reason for the low intensity of
usage in the Home-context could be the fact that the majority of the night time is spent
in the Home-context. During night time the smartphone usage is presumably lower. If
this is true, the case provides a reminder of how context can differ inside a place, and
thus shows that the place related contexts are not necessarily enough. The Homecontext could be divided, e.g., to “Home-awake” and “Home-asleep”, or to even further
by adding “Home-eating”, “Home-watching TV”, etc. This is, however, quite difficult
to carry out in practice. The time-based heuristics are one possibility. For example, the
awake and sleeping contexts could be assessed with this method, but keeping in mind
that the sleeping times of individual users can vary a lot. To approximate the effect of
sleeping time, the night hours, e.g., from 12 PM to 6 AM could be omitted from the
analysis. Figure A-10 in Appendix A shows the average intensity of usage in different
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contexts when the night time is omitted. The intensity in the Home-context rises, but
surprisingly little. In the other contexts the intensity remains almost the same, and the
big picture does not change. Closer look at the “night sessions” reveals that 8 % of all
sessions (in all contexts), and 10 % of sessions in the Home-context occur between 12
PM and 6 AM. This tells that the night time is by no means completely “silent” time in
terms of smartphone usage of our panelists. To conclude; even without the night time
the intensity of usage is clearly the lowest in the Home-context.
In the Office-context the non-voice usage sessions are the second longest (with the
Elsewhere-context), and the sessions occur twice as often as in the Home-context.
Session lengths and the frequency of their occurrence give the Office-context relatively
high usage time per time period (practically tied with the Elsewhere-context). So at least
most of the panelists that have the Office-context seem to be able to use their
smartphones during work time. Also if the smartphone is used as tool in the work, the
high relative usage time is understandable.
In the Other meaningful-context the non-voice usage sessions are the shortest, but the
sessions occur nearly as often as in the Office-context. Mainly due to the shorter
sessions, the relative usage time is somewhat lower than in the Office-context. The time
spent in the Other meaningful-context is mostly outside the working and night hours,
but still in some quite regularly visited place. This certainly includes quite different
usage situations.
In the Elsewhere-context the length of the non-voice usage sessions is quite similar with
the Office-context. However, the usage intensity in the Elsewhere-context is the highest
with both of the measures. As already suggested earlier, in the Elsewhere-context the
user might not have that much time to concentrate on the individual usage sessions than,
for example, in the Home-context, but there is still a need to use the smartphone
relatively frequently.
Because of the uncertainties related to the detection of the Social context (explained at
the end of Section 4.1), the analysis regarding the Social context is excluded here.
However, the main results can be seen in Appendix B.
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4.3.2 Cellular voice call sessions in different contexts
The analysis in the previous chapter covered smartphone usage excluding the cellular
voice calls. This chapter provides similar analysis for the cellular voice calls alone.
Figure 4-18 (a) shows the share of calls per context. Half of the calls are made or
received in the Home-context. A little less than one third of the calls are made or
received in the Elsewhere-context. The rest of the calls are divided quite equally
between the Office- and the Other meaningful-contexts, except for the small share of the
Abroad-context. The domination of the Home-context can be again explained with the
fact that the panelists spend two thirds of all time in the Home-context. Figure 4-18 (b)
shows the share of the calling time per context (comparable to the interaction time in the
non-voice usage sessions). The order of the contexts stays the same. Notable changes in
the shares are the growing share of the Home-context and the decreasing share of other
contexts. The changes indicate at least that on average the call lengths in the Homecontext are longer than the call lengths in the other contexts. If the shares related to
calling are compared with the shares related to non-voice usage sessions, there are no
notable differences. In this sense both cases depict quite well the division of smartphone
usage across contexts as a whole.
(a) Share of calls per context

(b) Share of calling time per context
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Figure 4-18 The share of calls per context and the share of calling time per context

Figure 4-19 shows the average of mean call lengths per context. The highest average of
mean call lengths is in the Home-context (a bit less than 3 minutes). Other meaningfulcontext is the second with two and a half minutes and the Elsewhere-context the third
with a bit over two minutes. The Office-context has the lowest average of mean call
92

The Effect of Context on Smartphone Usage Sessions
lengths (2 minutes 48 seconds). Averages of median call lengths can be seen in Figure
A-9 in Appendix A. The call lengths cannot be compared directly to the lengths of nonvoice usage sessions, but the relationships between the contexts are quite similar. The
main difference is that the Office-context and the Other meaningful-context have
changed places.
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Figure 4-19 Average of mean call lengths per context

The Home-context dominates clearly the absolute measures above. The domination,
however, does not continue when the voice call session characteristics are examined
relative to the share of total time spent in the contexts. Figure 4-20 shows the average
intensity of calling (both incoming and outgoing calls). The intensity is measured
similarly to the case of the non-voice usage sessions. The two measures are the number
of calls per hour and the usage seconds per hour. The intensity of calling is the greatest
in the Other meaningful-context, followed closely by the Elsewhere-context. The
Office-context is in the middle of the pack. Again, the intensity in the Home-context is
clearly the lowest. To take the possible effects of the night time (i.e., sleeping) into
account, Figure A-11 in Appendix A shows the intensity results when the night hours
are omitted. As in the case of the non-voice usage sessions the intensity rises a little in
the Home-context, but it still remains the context with clearly the lowest calling
intensity.
The usage situations in the Other meaningful-context might differ a lot, so the reasons
behind the numbers can be quite intricate. In any case, it seems to be that the intensity
of calling is greatest somewhere outside the workplace or home. When people are, for
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example, on the move, they may have a need to confirm places where they are about to
meet others, etc. Or at least mobile phones have made this kind of behavior possible. As
in the case of the non-voice usage sessions, home seems to be the place where the
longest calls are made/received. This supports the thought that at home people can take
the time for longer conversations.
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Figure 4-20 Average intensity of calling per context (both incoming and outgoing)

Also in the case of the cellular voice calls, the main results related to the Social context
are shown in Appendix B.
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5 Conclusions
This chapter provides the summary of the results, and discusses the implications of the
results. Also the reliability and validity of the research are evaluated. Finally, some
suggestions for future research topics are brought up.

5.1 Summary of results
The results provided by the output of the context detection algorithm show in general, in
which contexts the smartphone users spend their time. The context information in itself
does not tell anything about the usage of smartphones; it rather gives an overview about
the everyday time spending habits of the users. The place-related contexts detected by
the context detection algorithm are: Abroad-context, Home-context, Office-context,
Other meaningful-context and Elsewhere-context. On an aggregated level most of the
time is spent in the Home-context. The difference is very clear compared to the other
contexts.
The results of the characteristics (session length, number of sessions, interaction time)
of the smartphone usage sessions show very clearly that the usage habits of different
users are very different. The session characteristics differ more than an order of
magnitude between different users. An average user does not represent very well the
whole panel. And in case of just the session lengths, an average session does not
represent very well the whole picture either. Most of the smartphone usage sessions are
very short. The average length is brought up by a small number of very long sessions.
These underlying trends are visible in all of the examined session cases (non-voice
session,

; non-voice session,

; cellular voice call session). The results are

in line with other similar smartphone usage sessions studies.
The main research question of this thesis was: what are the effects of context on
smartphone usage sessions? To answer this question, the context information and
smartphone usage session information was put together in order to examine the
characteristics of the sessions in the different contexts. In absolute measures the Homecontext was dominating. The Home-context had the longest sessions on average, the
greatest number of sessions, and the longest interaction time with the smartphone.
However, in the case of the two latter characteristics, the domination is due to the fact
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that most of the time is spent in the Home-context. To get a fuller picture, however,
relative measures were used to compare these two characteristics in different contexts.
The relative measures, number of sessions per hour and interaction time per hour,
describe the intensity of smartphone usage, i.e., how frequent the usage is. The intensity
of usage is the lowest in the Home-context. In the other contexts the intensity is
relatively equal. Table 5-1 summarizes the results of usage session characteristics in
different contexts. For example, the “Average of mean non-voice session lengths”
means that it is the average of the mean session lengths of individual users.
Table 5-1 Summary of results
Context

Abroad

Home

Office

Other meaningful

Elsewhere

Share of total time spent

2%

66 %

8%

7%

17 %

Share of non-voice sessions (T = 0)
Share of non-voice sessions (T = 30)
Share of calls

3%
3%
2%

47 %
48 %
49 %

12 %
13 %
11 %

9%
9%
9%

29 %
27 %
29 %

Share of non-voice interaction time (T = 0)
Share of non-voice interaction time (T = 30)
Share of calling time

3%
3%
2%

53 %
53 %
55 %

12 %
12 %
9%

8%
8%
8%

24 %
24 %
26 %

T=0
Average of mean non-voice session lengths
Average of median non-voice session lengths
Average of Std. Deviation of session lengths

294 s
58 s
477 s

321 s
65 s
779 s

234 s
59 s
524 s

179 s
47 s
473 s

209 s
55 s
527 s

T = 30
Average of mean non-voice session lengths
Average of median non-voice session lengths
Average of Std. Deviation of session lengths

331 s
84 s
724 s

513 s
120 s
1108 s

342 s
104 s
685 s

301 s
85 s
665 s

350 s
98 s
810 s

Average of mean call lengths
Average of median call lengths
Average of Std. Deviation of call lengths

113 s
76 s
178 s

172 s
80 s
260 s

108 s
61 s
149 s

151 s
72 s
219 s

127 s
67 s
195 s

Average of non-voice sessions per hour (T = 0)
Average of non-voice sessions per hour (T = 30)
Average of calls per hour

2.19
1.35
0.14

0.62
0.41
0.13

1.27
0.88
0.24

1.26
0.77
0.29

1.50
0.90
0.28

Average of non-voice usage minutes/hour (T = 0)
Average of non-voice usage minutes/hour (T = 30)
Average of calling seconds/hour

5.90
6.01
10.10

2.62
2.62
15.60

4.04
4.10
20.24

3.38
3.48
27.62

4.11
4.14
24.49
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5.2 Discussion
The purpose of this research was to examine the effects of context on smartphone usage
sessions. This was done by first examining the mobile user contexts and smartphone
usage sessions separately and then combining the information gained. Thus the results
of the research include characteristics of mobile user context, characteristics of
smartphone usage sessions, and finally the effects of context on smartphone usage
sessions. The implications of each result set are discussed briefly below.
The output results of the context detection algorithm show that it is possible, at least on
some level, to extract context information from the handset-based data. In our case, the
exact data used for this purpose were cell id data, WLAN scan data and Bluetooth scan
data, all possible to pull out from most of the modern smartphones. The results are quite
well in line with the results of time usage studies (e.g., Eurostat 2004) and similar place
and context detection studies (Bayir, 2010; Jiménez, 2008). Being aware of the
whereabouts of mobile device users would benefit many stakeholders around the mobile
service industry. For example, advertisers could direct and personalize their
advertisements according to where the user is and what the user is doing. Application
developers could use provided context information to develop context aware
applications that benefit directly also the users. Examples of on-device context related
applications are Locale10 for Android and Situations11 by Nokia Beta labs. The context
detection algorithm developed in this work is not primarily targeted for on-device
purposes. Its main purpose is to detect contexts from a large amount of handset-based
data. The output of the algorithm, i.e., the context information, does not provide in itself
much more than the time usage results in different contexts. The value of the context
information increases if it can be combined with something else, like the application
usage data in this work. This work is just one example of how the context information
can be utilized.
The results of the characteristics of smartphone usage sessions imply that there is no
average smartphone user that can be used as a base in developing smartphone/mobile
services. The usage patterns and usage behavior differs so much between users that the
average user represents essentially nobody. Smartphone applications and services need

10
11

http://www.twofortyfouram.com/ Cited on February 27, 2011
http://betalabs.nokia.com/apps/nokia-situations Cited on February 27, 2011
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to somehow take into account the usage characteristics of individual users if they want
to be personalized enough. This calls for applications and services that are able to learn
and adapt to the user behavior. Differences in the time used interacting with the
smartphone show that people have quite differing preferences in the usage of time.
Someone using a smartphone ten minutes per day allocates his/her time quite differently
than someone using a smartphone more than four hours per day. It can be assumed that
the diversity of usage can be seen also in chargeable services like cellular voice calls
and Internet usage. The diversity in usage can be used to justify diversity also in billing
(flat-rate vs. hourly rate, different kinds of price discrimination, etc.).
The final results imply that context indeed affects the characteristics of the smartphone
usage sessions. In other words the users use their smartphones somewhat differently in
different contexts. This in turn implies that smartphone applications and services should
indeed recognize the user’s context in order to adapt to the user behavior. Maybe some
of the usage differences between users are due to differences in their user contexts.
Similar studies with different user panels are, however, needed for comparison. One has
to be careful when drawing conclusions based just on this study. For example, the
difference in the intensity of usage between the Home-context and the other contexts
reduces when night time is ruled out from the analysis. If the “sleeping-context” could
be detected more accurately for every user, and then ruled out from the usage intensity
analysis, the difference might reduce even more. The means of the session lengths differ
between the contexts, but it has to be acknowledged that the medians of the session
lengths are much closer to each other. The standard deviations of the session lengths tell
that the session lengths are very spread out around the mean. The main body of the
sessions is below the mean length, but there are a small number of very long sessions.
These long sessions raise the mean notably and are thus contributing notably in the
mean session length results. It could even be that the main differences between the
contexts are caused just by the very long sessions (i.e., the Home-context has relatively
more very long sessions than the other contexts etc.). The relatively small number of
these long sessions brings uncertainty into the results (some of them could be some sort
of mistakes). This work, however, does not speculate more on the subject. The aim was
to provide an overview about the usage sessions in different context, and this includes
also the very long sessions.
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5.3 Reliability and validity of the research
Reliability
In short, the reliability of research describes the extent to which the research methods
and measures produce the same results if the research is repeated. This research has
potential sources of error that affect the reliability. First of all, every research is prone to
random error. The handset-based data are delivered by a third party. We are not aware
of the details in processing the data, before it is delivered to us. Further data processing
is done by the researcher, and there are many potential places for human error, from the
initial cleaning of the data files to the final phase of collecting the result information.
Secondly, there might be some systematic error throughout the research process. For
instance, the handset-based data collection platform might have produced erroneous
entries into the data. In the data processing phase, for instance, the context detection
algorithm or the methods to extract sessions can have bugs that produce some
systematic error to the output. Also the researcher might have systematically
misinterpreted some information. The reliability issues were addressed by providing
detailed descriptions of the different research phases.
Validity
The validity of research describes the extent to which the research measures what it
claims to measure. Internal validity is the validity of inferences regarding causal
relationships, and external validity is about the generalization of the inferences. The
results of this research are mainly descriptive and based on observations. There is no
attempt to make strong statements regarding the causal relationships behind the results.
The research has been more descriptive, and gives only some suggestions for the
phenomena behind the results. Thus the requirement for internal validity is not very
high in this research. The handset-based data were collected from a smartphone user
panel. The panelists are mainly students and employees of Aalto University. In the final
analysis the number of users was 140 (two of them did not have cellular voice call data).
In addition, all of the users had a Symbian operating system on their smartphones. The
panelists are mainly males in their early twenties, and they are identified as
innovators/early adopters regarding mobile phone and mobile service usage (Karikoski,
2011). This is a clear problem when attempting to generalize the results. However, as
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Karikoski (2011) hypothesizes, the results might reflect the situation in the near future
among the majority of subscribers. It is also possible that smartphone usage differs
between different platforms (operating systems). Indeed, for example, Zokem (2011)
shows notable differences in interaction time and application usage between Android,
RIM, Symbian and Windows Mobile users. This implies that examining solely one
platform limits the generalizability of the results. All in all, the external validity of the
research can be questioned in some aspects.

5.4 Suggestions for future research
Handset-based measurements give opportunities for many kinds of studies concerning
the usage of the handsets themselves, but also concerning other behavior of the users.
This research has concentrated on the users’ context and on the smartphone usage
sessions. The research has generated several ideas for future research and improving the
now obtained results. Let us go through some of these, first for the context detection,
then for the usage sessions, and finally for the two combined.
Suggestions for future context detection
In this research the context detection part has centered on highly place-related contexts.
The place-related context detection is based on different techniques related to inferring
location from the data provided by different radios on the device. The cell id-based
context detection suffers from inaccuracy due to large cell areas and the back and forth
jumping between neighboring base stations (leading to cell clustering and thus to even
larger cell (cluster) areas). These problems could be addressed if the handset-based data
would include all the base stations recognized by the handset at a certain time. The cell
id-based place detection could then utilize similar fingerprinting to the WLAN scanbased place detection. Also GPS could be utilized in the future if there is some
improvement in its energy consumption.
In addition to the place-related context, also an attempt to detect social context was
conducted. The social context is a context of its own, but also an attempt to add
dimensions to the place-related context information; every place-related context has its
states of social context. In a similar vein, the place-related contexts could be deepened
by adding dimensions particular for the respective place-contexts (e.g., already
discussed Home-awake/Home-sleeping, etc.), or dimensions reaching over all place
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related contexts (e.g., Social context). In addition, more place- and activity-related
contexts like, for example, shopping or commuting could be identified. The main
problem is, of course, the lack of adequate data for this kind of context identification.
Modern smartphones come equipped with more and more sensors. In addition to
different radios, e.g., acceleration sensor, digital compass, ambient light sensor or
microphone could be used to infer in what kind of situation the user is. For example,
Siirtola et al. (2009) use wrist-worn accelerometers to recognize different sports
activities. Similar techniques could be used to detect the movement of the user. In
addition to location detection, GPS could provide data on how fast the user is moving.
A microphone could be used to detect whether there are other people around the user
and if the user is talking (face-to-face) to someone or not.
It would also be essential to collect some ground truth about the users’ whereabouts in
order to test the context detection algorithm properly. For example, the data collection
platform could prompt the users to tag their most significant places (i.e., the user
provides means to map, e.g., a cell id to his/her home). The cell ids could also be
mapped to physical locations by using services like the Location-API12. Collecting
extensive demographic information from the panelists, e.g., by questionnaires, would
help in assessing the accuracy of the context detection algorithm and provide means to
examine how the demographics affect the smartphone usage.
Suggestions for future usage session studies
In this research the smartphone usage sessions were extracted from a particular kind of
smartphone application usage data. The data are produced having the usage of
individual applications in mind, and the definition of a smartphone usage session used
in this study reflects the characteristics of the particular data. However, if the main
objective of a study is to examine just the usage sessions, the handset-based data could
include purpose built entries for this. For example, producing a single entry with a timestamp when the screen of the device turns on, and a single entry with a time-stamp
when the screen turns off. In future studies the non-voice usage sessions, and the
cellular voice calls could be combined in order to capture the whole usage into single
sessions. This, however, requires that the combining can be done reliably enough.

12

http://www.location-api.com/ Cited on March 7, 2011
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Future research could also go deeper into the sessions themselves, analyzing the
structure of the sessions; what kind of applications are used inside the sessions, the
number of applications used per session, and which applications lead into certain kind
of sessions (long, short, etc.). Also, it could be analyzed which applications trigger the
sessions, i.e., are there perhaps a certain kind of applications that most often are the first
application of a session. And, in addition, it could be analyzed whether a certain kind of
applications systematically trigger some other applications.
Suggestions for studying sessions in different contexts, and beyond
Examining the effect of context on usage sessions is built on top of the individual
analyses on context and usage sessions. Thus improving the two, for example, as
described above, brings improvement to the combined analysis. A similar kind of
analysis with differing panels should be conducted in the future. The author is not aware
of similar studies that have combined context and smartphone usage sessions (Rahmati
& Zhong (2009) come quite close with usage sessions in different but unlabelled areas),
and thus no comparisons can be made at the moment. This research provided mainly a
description about the effects of context on smartphone usage sessions.
In the future, for example, a business perspective could be added into the analysis.
During smartphone usage sessions the users are always using some kind of a mobile
service. Knowing when and where the users are most eager to use the services can help
in developing better services and thus bring added value. In addition, time is money, as
they say. One dimension of a smartphone usage session is the time spent with the
device. This research hints that time is spent differently in similar activities (smartphone
usage in this case) depending on the user’s context. Further analysis and research on
smartphone usage sessions in different contexts could contribute in the value of time
research (described, e.g., in Kilkki et al. (2011)).
In general, if the future research wants to proceed towards better generalizability the
user panel should cover better the whole smartphone user population (more panelists,
more countries, more smartphone platforms, differing demographics, etc.). On the other
hand, the other direction could be to focus on some certain kind of user group (like
students on our case), and examine the usage and user behavior more thoroughly in that
particular group.
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Appendix A
A.1 Mobile device and services market
Table A-1 Top five mobile phone and top five smartphone manufacturers in 2010
Top five mobile phone manufacturers in 2010

Top five smartphone manufacturers in 2010

Rank Vendor

Rank Vendor

Market share

Market share

1 Nokia
2 Samsung

32.6%
20.2%

1 Nokia
2 Research In Motion

33.1%
16.1%

3 LG
4 ZTE

8.4%
3.7%

3 Apple
4 Samsung

15.7%
7.6%

5 Research In Motion

3.5%

5 HTC

7.1%

Others

31.5%

Others

IDC (2011a)

20.3%

IDC (2011b)

Table A-2 Top five operators by different KPIs worldwide
Top five operators by different KPIs
worldwide
Rank Subscribers

Total revenues

1 China Mobile China Mobile
China
2 Unicom
AT&T US
Bharti Airtel
3 India
Verizon US
4 AT&T US

NTT DOCOMO Japan

5 Verizon US

Sprint US

Monthly
ARPU
3 UK
Bouygues
France
Vodafone
Ireland

Proportion of revenues
Monthly churn derived from data
NTT DOCOMO
Japan
Smart Philippines

KDDI Japan
SingTel
Singapore
Chunghwa
O2 Ireland Taiwan
Orange
T-Mobile
Switzerland Germany

Source: Portio Research (June 2009)

Globe Philippines
SoftBank Japan
NTT DOCOMO Japan
KDDI Japan
via: mobiThinking (2011)
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A.2 Output study of the context algorithm
Distribution of time spent on the top 100 cell clusters (example user)

Time spent on a cell cluster (h)
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Figure A-1 Distribution of time spent on the top 100 cell clusters (example user)

Distribution of visits on the top 100 WLAN scan-based places (example
user)
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Figure A-2 Distribution of visits on the top 100 WLAN scan-based places (example user)
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Share of time spent in different contexts (algorithm used from
Jiménez (2008))
2%

23 %

ABROAD
HOME

7%

OFFICE
68 %

ELSEWHERE

Figure A-3 Share of time spent in different contexts. The results are obtained from our data that
has been run through the context detection algorithm described in Jiménez (2008)

Share of time spent (Bayir et al., 2010)
XXX Putnam (Home)
1%

MIT Media Lab (Work)

15 %

XXX CommonWealth
1%

Inman square

6%

0%
1%
2%

Copley Plaza
53 %

6%

Standard & Poors
Charles Hotel
Harvard University

15 %

Other Locations
Untagged Locations

Figure A-4 Share of time spent. An example user from Bayir et al. (2010)
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A.3 Usage sessions study
Table A-3 Number of non-voice sessions as a function of threshold value T
Threshold T

Number of sessions

Threshold T

Nmber of sessions

0 sec

391244

1 min

240801

1 sec

355599

2 min

222205

2 sec

328712

3 min

209492

3 sec

308809

4 min

199632

4 sec

300332

5 min

191417

5 sec

293414

6 min

184416

10 sec

275506

7 min

178304

20 sec

262771

8 min

173036

30 sec

255749

9 min

168166

40 sec

250161

10 min

163616

50 sec

245367

15 min

145664

Change in the number of sessions as a function of T
-50 0
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2

3
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7

8

9
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Slope

-250
-350
-450
-550
-650

Threshold value T (min)

Figure A-5 Change in the number of sessions as a function of T (approximated derivative)
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Change in the mean session length as a function of T
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Figure A-6 Change in the mean session length as a function of T (approximated derivative)

Cumulative distribution of non-voice session lengths (T = 0)
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Figure A-7 Cumulative distribution of non-voice session lengths (T = 0)
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Average of median session lengths per context
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Figure A-8 Average of median non-voice sessions lengths per context

Seconds

Average of median call lengths per context
90
80
70
60
50
40
30
20
10
0
Abroad

Home

Office

Other
meaningful

Figure A-9 Average of median call lengths per context
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Average intensity of usage (hours from 12PM to 6AM removed)
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Figure A-10 Average intensity of usage when the night hours (from 12 PM to 6 AM) are removed
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Figure A-11 Average intensity of calling when the night hours (from 12 PM to 6 AM) are removed
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Appendix B
Below are shown how the Social context (i.e. whether there are other Bluetooth devices
near the user’s device) affects the characteristics of smartphone usage sessions. The
analysis is similar to the analysis with only the place-related contexts. Now all of the
relevant aspects are divided into two categories: No Bluetooth devices around, and
Other Bluetooth devices around.

B.1 Non-voice usage sessions depending on the social context
For T = 0
(a) Share of the usage time

(b) Share of number of sessions (T = 0)

All

78 %

22 %

All

Abroad

83 %

17 %

Abroad

Home

78 %

22 %

Home

84 %

16 %

Office

83 %

17 %

Office

82 %

18 %

Other meaningful
Elsewhere

67 %

Other meaningful

33 %

79 %

Elsewhere

21 %

79 %
68 %

61 %

21 %
32 %

39 %

77 %

No Bluetooth devices around

No Bluetooth devices around

Other Bluetooth devices around

Other Bluetooth devices around

23 %

Figure B-1 The share of usage time and the share of number of non-voice sessions compared
between the status of the social context
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(b) Median session lengths (T = 0)
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No Bluetooth
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10
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Office
Home
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All

Elsewhere
Other meaningful
Office
Home
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All

Seconds

(a) Mean sessions lengths (T = 0)

Other
Bluetooth
devices
around

Figure B-2 Averages of mean and median sessions lengths compared between the status of the
social context

Average intensity of usage depending on the social context (T = 0)
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9
8
7
6
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4
3
2
1
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2,5
2
1,5
1
0,5
0

Sessions per hour, when no
Bluetooth devices around
Minutes

Number of sessions

3

Sessions per hour, when
other Bletooth devices
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Usage minutes per hour,
when other Bluetooth
devices around
Usage minutes per hour,
when no Bluetooth devices
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Figure B-3 Average intensity of non-voice application usage, depending on the social context
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For T = 30
(a) Share of the usage time

(b) Share of number of sessions (T = 30)

All

78 %

22 %

All

Abroad

83 %

17 %

Abroad

Home

78 %

22 %

Home

86 %

14 %

Office

83 %

17 %

Office
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Figure B-4 Share of the usage time and the share of the number of sessions compared between the
status of the social context
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Figure B-5 Averages of mean and median sessions lengths compared between the status of the
social context
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Figure B-6 Average intensity of non-voice application usage, depending on the social context

B.2 Cellular voice calls depending on the social context
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(b) Share of the number of calls
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Figure B-7 The share of calling time and the share of number of calls compared between the status
of the social context
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Figure B-8 Averages of mean and median call lengths compared between the status of the social
context
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Figure B-9 Average intensity of calling, depending on the social context
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