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Abstract. The increasing health problems of the western world underline the
need to encourage daily exercise and activity. This paper explores the use of an
unaugmented everyday device—the mobile phone—to support increased so-
cialization around exercise and activity. We describe an application that tracks
the daily exercise activities of people carrying phones, using fluctuation in sig-
nal strength to estimate a user’s movement. In evaluating the application that
shared activity information amongst groups of friends, we found that awareness
encouraged reflection on, and increased motivation for, daily activity. This ap-
plication advances work on games and playful use of ubicomp technology, sup-
porting enjoyable interactions that have secondary benefits. We describe some
of the detail of the application’s use, and discuss possibilities for future systems
and studies.

1. Introduction

Where positioning technologies for mobile computing have long been a core part of
ubiquitous computing research and applications, focusing on adapting these to relate
to concerns such as privacy and context [5, 9, 19], similar technologies have to a
lesser extent been explored for non-positioning awareness. To date the primary
method of recognizing activities has been achieved via the introduction of additional
sensor technology such as accelerometers [14, 19] or using location information such
as GPS traces [17, 21, 22]. In this paper we explore a new application that uses off-
the-shelve mobile phone technology to track and communicate users’ exercise—related
activity rather than geographical location. By detecting patterns in signal strength
fluctuations and changes in the visibility of cells, the application can identify modes
of activity such as being still, walking or traveling in a car. The application affords
numerous uses, such as adapting phone functionality to the situation (for example



switching to hands-free mode when driving), but the possibility that we explore in
depth here is support of fitness and exercise.

Studies show that obesity is a growing problem in most of the western world, and
while more exercise and higher levels of physical activity could counteract this trend
and reduce obesity related illness such as diabetes and heart disease, there is little
understanding of how to encourage this. Ubicomp technologies provide potential for
not only supporting stationary exercise, e.g. on a machine in a gym, but also for moti-
vating exercise such as walking and running outdoors through tracking and sharing
details of movement [7, 25] and tailoring exercise programs [28]. Supporting moder-
ate exercise as part of everyday life is particularly valuable in settings where people
currently have low activity levels [24]. Not only does regular moderate activity im-
prove health, it is also more manageable for people to incorporate into their everyday
lives. We here focus on this type of increase in activity; although high-level exercise
in collective stretches is in some cases more efficient for health improvement, the
reality of many people’s lifestyle means that moderate activity increase is start. Not
only can such approach increase fitness level, motivating people to increase daily
moderate activity can also make people more aware of their need for exercise.

For the purpose of motivating exercise and increase awareness thereof, we devel-
oped Shakra' an application that supports the tracking and sharing of everyday activ-
ity, on commonly available unmodified mobile phones. Shakra identifies patterns of
movement from fluctuation in cell signal strength. A trained neural network is trig-
gered by the rate of change in cell strength, and the change in the cells that are visible.
In contrast to the use of pedometers, accelerometers and GPS, this application does
not need special devices or need to be strapped onto the body. GPS-based applications
also have limitations in that they rely on constant view of GPS satellites. Naturally,
they rarely work indoors, but satellite ‘shadows’ appear frequently in city settings and
also limit outdoor use. Shakra displays users’ current activity, alongside a running
total of their minutes of activity per-day and supports sharing this information
amongst a group of friends. We here present a trial of the system amongst three
groups of users; we discuss how the application encouraged reflection on users’ levels
of activity, as well as creating a playful application wrapped around a serious pursuit:
activity awareness and health promotion.

In the next section we review current approaches to motivating exercise as well as
reviewing other technical approaches to fitness tracking and motivation. Secondly, the
technology and implementation of Shakra is presented. Finally, a user study evaluat-
ing the application is described, exploring the competition and game like nature of the
application and attitudes amongst the participants towards motivation, awareness and
exercise. We conclude by pointing to the potential utility of applications such as
Shakra, and suggest improvements as part of future work on technologies supporting
exercise and health.

! The application is named after the body’s centers of spiritual energy, according to yoga phi-
losophy.



2. The Problems of Motivating Exercise

Numerous studies show how just a minimal amount of daily activity can increase
general health, such as lowering blood pressure and can lead to weight loss among
overweight people—not to mention the related social and mental health benefits [23,
25]. Having a lifestyle that promotes regular exercise seems to be a challenge in the
western world, since our daily lives are busy and many of us draw upon transportation
systems, such as cars, trains and buses. Studies suggest that around 70% of the UK
population fails to meet minimum recommendations for physical activity [1], with
levels of exercise actually falling across the western world.

Many approaches to increasing fitness propose an increase in moderate activity,
such as brisk walking, in order to improve people’s health [10]. Moderate activity is
generally defined as when a person’s heartbeat is increased to 55-69% of maximum
heart rate, which for many people would occur when walking at about 4 miles per
hour. Health recommendations state that people should do moderate activity for at
least 30 minutes on most days of the week [20]. This 30 minutes stipulation may be
achieved incrementally, i.e. built up over a day instead of being done all in one exer-
cise session, however much controversy exists in the literature [26]. For the purpose
of our prototype we focus on incremented exercise, however, an adaptation of the
application could easily measure 5-10-minute intervals of exercise. One important
factor though, which is important to the design of the system, is that many people
have difficulties making sure that their activity is in fact moderate and not just light,
i.e. that they are in fact achieving the health benefits stated above [20]. It is therefore
important for individuals to not only be aware of their overall amount of exercise but
also its intensity.

2.1 Tracking and motivating fitness and moderate activity

Many technical methods have been developed to measure physical activity. One
common device is the pedometer, a small device that measures each stride the wearer
takes. One recent report indicates that just the presence of the pedometer can motivate
people to be more active [25]; another study showed that sharing daily activity infor-
mation within a small group of friends was more satisfying and motivating compared
to a control group who measured but did not share their information [7].

One of the most advanced commercial technologies in this area is the BodyBugg
(www.bodybugg.com), also known as SenseWear. The BodyBugg measures an array
of values such as relative body temperature, step count and acceleration, in order to
estimate how many calories the wearer is burning. It has been shown to work reliably
in controlled tests for measuring calories burned, with an accuracy of 89-98%, how-
ever it is limited in its determination of the actual context of the wearer [16]. Also, it
has to be worn on the upper arm for 24 hours a day; it can therefore easily disrupt
sleeping and collide with everyday clothing—a particular disadvantage among
women who tend to wear tighter clothes than men.

A less direct means to motivate activity is taking part in mobile games. Most mo-
bile games involve infrequent play over a relatively short period, with limited health
benefits, but some games such as Mogi Mogi (www.mogimogi.com) and Feeding



Yoshi [3] take place over a longer period of time and are more ‘interwoven into eve-
ryday life’. A study of Mogi Mogi showed that players would frequently take detours
from their normal routes, and that “many alight at an unusual metro station on the
way home if they notice an object on their mobile screen, even if this means walking
much further to get home. Many players also said they went out at night because the
mobile screen had indicated objects in the vicinity” [15]. Similarly, Bell et al. report
that players adjusted their everyday routines of work and travel so as to spend more
time playing the game, often walking a good deal more than they would do normally.
A disadvantage of this approach is its relative lack of clarity or precision about the
exercise undertaken. While players increase their activity as part of playing the game,
this is not directly connected to or encouraged with the game—instead it is a useful
but indirect benefit of the game.

2.2 Theories and Studies of Change in Activity

Numerous studies have explored how to motivate people in increasing their activity
level, and there are two well-cited theoretical approaches: the Transtheoretical Model,
where behaviour change is described as a multi-stage process [29] and Social Cogni-
tive Theory, based on the individual’s outcome expectancy and self-efficacy [23].

The Transtheoretical Model is one of the more common theories referred to in the
health literature. It focuses on the individual stages people go through with regard to
to physical exercise regimes, such as pre—contemplation, contemplation, preparation,
action and maintenance. Although it is possible to determine people’s individual stage
at a given time with a standard questionnaire, the theory does not account for indi-
viduals’ different levels of exercise and it does not address the possibility for indi-
viduals to skip between the stages. One critique has also been that it is focused on
attitude rather than behavior, although in observational terms both seem to be signifi-
cant. For example, it has been pointed out that the difference between the stages of
pre—contemplation and contemplation only refers to a change in attitude rather than
actual change in physical activity. Moreover, recent research points to the theory’s
weakness in showing long-term changes [1].

The Social Cognitive Theory focuses on increasing the individual’s self-efficacy by
different means, in relation to keeping fit, leaning on studies that show how intrinsic
motivation (enjoyment, feeling good about the exercise) rather than extrinsic motiva-
tion (external pressures or immediate rewards) increase the likelihood that the person
will stick to a routine [18]. Examples of intervention using this approach include
giving health advice over the phone, either by health professionals or via an auto-
mated service, and through an Internet service [12]. Studies showed that human inter-
action for example was successful in promoting increased physical activity among
middle-aged and elderly when compared against a control group [11].

Other research has addressed social aspects of sharing information about activity
and found that exercising together can also motivate individuals to do more activity;
people increase their activity level as they engage in the light competition [27]. Simi-
larly, when people receive tailored information that is personally relevant, it is more
likely to stimulate change, adding to people’s self-efficacy and outcome expectancy



[29]. It is evident that intrinsic motivation is influenced but not determined by wider
social interaction.

Behavioural change is difficult to promote, and many researchers point to the com-
binations of internal and external influences that are complicated to trace, target and
categorise in individual cases. One critique that has been made of the physical activity
literature, for example, is that it does not separate between individual environmental
values (such as age, social class, health status) and social environmental values (such
as family, school/work and community) [8]. The social cognitive theory addresses
aspects of community, contrasting to the transtheoretical model although it focuses on
internal values as main motivator to increase individuals’ level of exercise. Interest-
ingly enough, social factors such as poverty and neighborhood have been found to
highly influence people’s level of exercise [8]. Again, such categorisations abstract
over individual cases, but it is reasonable to conclude that an individual’s exercise is
often affected by interactions with his or her surrounding group. In our work, we
therefore focus on social and communal aspects of exercise; the light pressure from
the surrounding community is a great motivational factor not to be underestimated in
relation to intrinsic motivational factors. Also, rather than taking a broad survey and
relying on social categories such as class, in our evaluation we focus on the details of
particular individuals’ experience. Based on our understanding of related theories and
studies, our system design is directed towards a long—term goal of achieving greater
public health. We assume that member of the general public is likely to make only
minor behavioural changes, and that this will be based on individual awareness as
well as social interaction.

3. The Shakra Application

Our key design goal for Shakra was that it could be carried around in a non-intrusive
manner, and requiring little or no extra equipment for users. Where other activity
measuring applications such as Locadio [13] and Sensay [22] relies on add-on tech-
nologies or technologies not implemented into the common consumer phone yet, such
as accelerometers, GPS and WiFi, we aimed to develop an application for an actual
off-the-shelve device: the mobile phone. In addition, minimal user intervention is
required in order for it to function effectively; the system tracks the activity of the
user without direct manual input. The application tracks users’ general level of activ-
ity, showing the current mobility state: no movement (‘stationary’), moderate activity
(e.g. ‘walking’) and travelling in a car, bus or train (collectively labeled here as ‘driv-
ing’). The moderate activity is then used to display a ‘minutes of activity per day’,
with a historical view supporting comparison of activity across the previous week.
This supports a user monitoring his or her own activity and exercise levels, with the
exception that stationary exercise (such as working out at a gym) is not tracked.

When running the application for the first time, the user is prompted to provide a
name, used to identify him or her within the system and to other users. The applica-
tion records up to seven visible GSM cells and their signal strengths once per second.
The current activity of the user is then classified every 30 seconds by the application’s
neural network, as described in more detail below. Using a web service, each phone



uploads the recorded activity of the user via GPRS and stored on a MySQL database,
while simultaneously downloading information about other participants for later re-
view. The system updates this shared information automatically every hour. If a user
does not want to wait for an update, he or she can manually syncronise via the Sync
menu option.

Users specify in advance the peers they wish to share results with, but at any time
they can change the list of peers whom they wish to exchange information with. Fig-
ure la shows the Compare Activity screen that users can view to assess their perform-
ance in relation to their peers. For a week’s overview of their own activity, users may
use the Week’s Activity screen shown in Figure 1b. In order to provide real time feed-
back to the user an animated representation of the user’s current mode of activity runs
continuously on the main screen of the application, this is shown in Figure 1c¢ and 1d.

Compare Daily Adtiity #: abc Y] [l This Week's Adtivity = &0V GSMContext= Ewan = (Y| ll GSMContext= Ewan & @Y

|Thursday 23/03/2006 « ,I Total active minutes: 443

Status Status

Today | Menu Today | Menu

c) d)

Figure 1: The phone interface. Images a) and b) show screens for examining relative and indi-
vidual activity levels: Compare Daily Activity and This Week’s Activity. Images c) and d) show
two of the screens showing the estimated current activity level: Stationary and Walking.

3.1 Sensing Activity

The current activity of the user is inferred using patterns of fluctuation in GSM signal
strength and changes to the ids of detected cells. This method has been demonstrated
as a reliable and unobtrusive way of sensing current activity [2], and has the advan-
tage over the more traditional approach of using an accelerometer in that it does not
require additional sensor hardware as in Sensay [22] and the multi-modal sensor
board of [14].

Rather like a traditional accelerometer, when a mobile phone is moved the levels of
signal strength fluctuation change. For example, Figure 2 shows the total signal
strength fluctuation across all monitored cells during successive 30-second time peri-
ods whilst walking, remaining still and travelling in a motor car. The figure illustrates
that it is relatively easy to distinguish between moving and remaining stationary, but
at times, the pattern of fluctuation whilst walking will match that of driving and vice-
versa. This is due to the stop—start nature of both walking and travelling in a motor car
in urban areas. When driving, a greater geographical distance will typically be cov-



ered over a given time period when compared to that of running or walking. As such
it is possible to use the rate of change of neighbouring cells to infer travel by car.
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Figure 2: Distinguishable patterns of GSM signal strength fluctuation over successive 30second
samples are used in identifying the activity levels Stationary, Walking and Driving.

To classify these patterns we use an artificial neural network. The network inputs
are: the sum of signal strength fluctuation across all monitored cells and the number
of distinct cells monitored over a given time interval. The network consists of a single
layer of eight hidden neurons; weights are learnt using back propagation. The network
outputs the currently sensed activity for the given input values. The network is trained
by repeatedly presenting data collected during each method of movement.

The current activity of the user is conditionally dependent upon their previous ac-
tivity. In order to provide instant feedback to the user interface, the neural network
deliberately does not model this behaviour. Instead when determining if any addi-
tional minutes have been earned we apply task knowledge based upon the output from
the neural network over the previous two and a half minutes. This enables noise to be
filtered out and a more accurate representation of the users activities achieved. For
example, periods of low signal strength fluctuation such as stopping at traffic lights
whilst driving can be ignored when placed between periods of high fluctuation where
many distinct neighbouring cells were monitored. It could be argued that activity
would be more accurately inferred if a longer rolling filter had been applied to the
GSM data. Introducing longer filters would have increased the likelihood of active
minutes ‘disappearing’ from the users’ activity totals. A decision was made that for
the purpose of this study priority would be given to user experience, with the intention
that this trade-off would be addressed in future work.

4. The User Study

The Shakra application was evaluated with three groups, to detail its use, to determine
whether it increased users’ awareness of their activity level and if this could poten-
tially motivate them to be more active, and to derive implications for future work.



Naturally, a longitudinal study lasting months or years would be needed to rigorously
assess long—term changes in users’ behaviour and health, but our one week trial
served as a pilot evaluation of a potentially powerful activity promoting application.
The focus was on the users’ experiences with both activity tracking and the sharing
feature; it was important to find if sharing information was good for increasing
awareness and motivate a more active lifestyle.

Before the trial, a base neural network had been constructed by using GSM data
collected by the development team while sitting still, walking, cycling, and driving. In
order to determine whether or not further personalization of the network was required
for each of the trial participants, the system was given to each participant for a two
day training period. During this period, the participants were asked to record when-
ever their activity mode changed. Functionally, this was a simple task supported in the
application’s main interface that users learned to do quickly. For the training days, we
asked the participants to take the phone with them as they went about a normal days
activity. This trained the system for the areas in which they usually go to throughout
the course of a day. The training and the evaluation focused on weekdays, as weekend
patterns of travel are often quite different from weekdays.

Following the initial system training period, the data collected by the trial partici-
pants were analysed. We found that only minor changes to the previously trained
neural network were required by three of the nine volunteers. This was due to them
living and working in urban areas that exhibited different levels of signal fluctuation
to those where the initial training data had been collected by the research team.

4.1 Method

Overall, the trial took place over ten days. The participants initially filled in a simple
activity diary for three days, to determine their present level of activity and to com-
pare activity to the week of using the application. Immediately after, they trained the
system for two days and then finally used the system for a five-day working week,
filling in a diary describing their use of the system and whereabouts for each day. We
kept in touch with the participants by phoning them once during the week, and send-
ing text messages in the few cases where it looked like the phone was not uploading
properly. This was one of the advantages of using phones in the study: it allowed
communication about the study as well. The participants did not have to give us their
own phone numbers, and calls on the phone were always related to the study. At the
end of the study, each participant was interviewed individually to expand on the use
and reflect on the experiences with and opinion of the Shakra application.

The participants were recruited as groups of friends and/or coworkers who had
daily interaction with each other and would enjoy sharing their exercise information.
We also aimed to study the use of the system among a diverse set of people, and the
nine participants varied in the degree of their normal activity. Two were highly active,
with purposeful exercise at least three days a week, four were moderately active peo-



ple, working out one to two times a week, and three were fairly inactive, walking but
not doing any purposeful exercise?. Table 1 provides an overview of the three groups.

Group 1 Group 2 Group 3
N 2 3 4
Age range 52-54 28-30 19-37
Sex Female/male Male Female
Activity level Fairly inactive Two moderately One inactive, two mod-
and one highly erately active and one
active highly active
Occupation Teacher and ad- Technical adminis- | Manager, administra-
ministrator trators tive staff and student

Table 1: Participants in each group

After the study, the system logs were analysed. First of all, the activity times were
compared to the self-reported diaries and the interviews, to make sure there was a fair
level of accuracy in measuring activity. Secondly, the logs were scrutinised to see
how participants used the application, how often they compared their activity to oth-
ers’, and how often they looked at their weekly chart. The interviews were transcribed
immediately and the parts were categorised according to major topics and themes.
They were used to elaborate on the diary, such as precise times of commute, actual
transport methods and more detailed experiences and impressions of the application
during the week. In the next section, we report the results in relation to three topics,
one relating to precision or reliability of the application’s measurements, a second
looking at users’ individual experience, and the third exploring how the participants’
experience of information sharing.

5. Reliability of Shakra in the Real World

Although previous tests (as reported in [2]) had shown highly accurate determination
of activity, the real test of the application would be using it in an uncontrolled envi-
ronment among many different people. We did not expect to get as high accuracy,
because of the unstructured and diverse behaviour of people leading their everyday
life. Overall, the application showed very good determination of activity and the par-
ticipants found it very useful as a tool for measuring their activities. After analysing
the diaries and annotating them with information gained through interviews, we com-
pared each day of each participant with a log—generated activity timeline. It was easy
to see participants commute to work, break for lunch, and commute back from work;
two examples, with diary annotations, are shown in Figure 3. A rough analysis was
done to determine the rate of correct labeling of activity. We chose three sample days

2 Naturally this is a very broad characterization from the participant’s own statements and diary
reports. It is not necessarily a true reflection of their level of health or level of fitness.




for two different participants because their diary for that day was particularly com-
prehensive, i.e. six days in total. From the unfiltered data we analysed short stretches
of 60 to 90 minutes with varied activity activity; this was done to refrain from consid-
ering the long hours of inactivity, which occurred during their workday where partici-
pants were mostly sitting at their desk. Including this would have given unrealistically
optimistic numbers. Results showed a minimum of 70% accuracy during users’ com-
mute when fluctuations are highest. The misinterpretations often occurred during
change between different methods of transportation such as getting off a bus or a
train. The system would take three to five minutes stabilizing to the new transport
mode such as walking, showing little half minute fragments of driving and walking
until settling on walking. However since it would often have delay both before and
after transportation, the measured minutes of exercise still ended up being real to the
users. One more problematic finding was that running occasionally would register as
driving. During one participant’s 45 minute lunch run, 15 of the minutes were regis-
tered as driving. For another participant with a long commute for example, it meant
that he gained a maximum of seven minutes each day due to error. This was the
maximum error we found from looking at participants’ commutes.

Figure 3: Example timelines of activity for two participant’s days with colour showing the
activity level and text showing the participants’ diary annotations.

The participants confirmed the misinterpretations in the interviews. Three of them
referred to two or three specific times where Shakra had shown the wrong icon, usu-
ally the driving icon, when walking fast or running. In the logs, it was easy to detect
the two to nine false categorisations of driving activity per day. These were usually
very small fragments, lasting a maximum of two minutes within longer stretches of
walking activity or vehicle changes as mentioned before. Post-processing may be able
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to trim such errors, as such short drives are rare, but this is an area for future refine-
ment—a topic we return to in a later section.

Some of the diary entries assisted in showing when still or walking activity was
misidentified. For example, one woman from group 3 explained that she went on a
walk for 30 minutes, but had only increased her overall activity count by 22 minutes
when she returned. It should be noted that this particular participant lived on the coun-
tryside where we knew that the neural network would be less accurate in the present
version. Similarly, a male participant reported that his 10 minute walk to work some-
times only gave him 7 to 8 minutes of activity. This may in part be attributable to a
lag in activity determination as well as the participants stopping at stoplights, etc.
(When analyzing their timeline a few segments of still activity occurred within the
walking stretch) Since the application is aimed towards increasing awareness rather
then measuring physical exercise precisely, and offered usably accurate overall meas-
ures, we suggest that the small moment-by-moment lags and jitters in classification,
e.g. two minute periods of activity, were not problematic.

6. User Experience

The participants all took the phones with them every day, carrying the phones around
with them wherever they went for the vast majority of the day. The application was
found to be both reliable and stable overall, and everyone found it easy to use. Where
group 2 had the chance to use it during most of their working day and therefore
checked it and compared extensively (between 11 and 34 times a day), the other
groups had busy days where they would mostly check their numbers and compare in
the evening, therefore less times (between 1 and 20 times).

Participants reported that the application was fun to use and gave them good— and
sometimes surprising—awareness of their activity level. Two participants (from
group 2 and 3) reported it to be highly ‘addictive’, in particular the sharing aspect.
Another participant repeatedly explained how it made him see how ‘lazy’ he was. All
participants met the daily 30-minute minimum moderate activity, except for four
participants on one day each. The majority of the days, they accumulated much more
than the recommendations, making the groups average at 53 (group 1), 64 (group 2)
and 59 minutes (group 3); however, only three (one in each group) commuted by car,
most of them therefore had long stretches of walk in connection with public transport
commute. Although only four of the nine participants reported doing more activity
than usual in the interviews (and attributed it to the application’s sharing functionality
as well as more general competitiveness), the diaries show that the other participants
were also more active compared to the initial three day ‘base’ diary. Naturally, any
kind of increased awareness of activity level is likely to initially result in people in-
creasing their activity. As we discuss further in the Conclusion and Future Research
section, there is a need for more long-term studies determining long-term use and
effects.



6.1 Individual Use and Motivation

The participants described how they would enjoy checking how much walking and
running activity they did during the day. Most of them checked their own minutes
regularly and were astonished how they gained minutes during busy days. One
woman from group 3 was surprised that she had accumulated 177 minute one day, but
when looking back though the diary, she realized that she had been busy commuting
between two different work places (which involved walking to and from a bus and a
ferry), as well as walking her dogs in the morning and evening. We were able to de-
tect most of her activities in the data log, except for some of her transport that had a
few small gaps of walking when she was in fact driving. This error, however, did not
add more than seven minutes of walking to the whole day. This participant was busy
and already highly active and did not feel the application had made her change her
activity level during the study.

One participant from Group 2 on the other hand, was very active that week in par-
ticular, and attributed this to the application. He explains how he increased his activity
that week:

[I]t probably encouraged me to go running Monday, Wednesday and Friday, be-
cause I always have the intention of going running at the beginning of the week.
[...] and I sort of set out Monday, okay right, I will take my stuff and I will go,
you know, just Monday, Wednesday and Friday. [It also encouraged me to] just
walk a couple of extra bus stops [...]

He was very keen on increasing his activity level, and had tried to get into running
those three days a week for a while, without complete success. The weather had de-
terred him before sometimes, but with the Shakra, he went out every planned day
despite it being very rainy two of those days.

Although the participants seemed to be motivated from just the awareness of their
activity, the effect was not unanticipated; often merely the knowledge that others can
detect one’s activity (either from a fill in diary or a tracking system) makes one more
active [28]. However, it was important to explore whether the use affected users’
awareness and attitude towards moderate exercise. Behavioural change is a slow and
often long-term process but the necessary first steps have been taken here in that
awareness and motivation increased. Motivation and awareness are affected by other
issues in return; therefore it should be related to social factors such as competition and
collaboration — as the next section discusses.

7. Shared Experience

The groups did not only enjoy the increased awareness of their individual activity
levels, they also enjoyed competing among themselves. Group 2 were quite deter-
mined in their competition, in particular one participant who would spend much of his
working day walking around taking calls on his wireless headset, much more than he
usually did. One of his group members explains:



“...[W]e would be sitting in calls and he would be walking by [showing the phone
to us]. Maybe there was a meeting round that side of the building (pointing), he
would walk all around the building to get there (the building is donut shaped) ...
Me and Colin would sort of check more often to see. Ewan just rubbed it in front
of our noses, how far he went”.

This group enjoyed the competition despite a very different number of accumulated
active minutes as figure 4 shows. Since the ‘overachiever’ described above had a
wireless headset and was not confined to his desk, he could work while walking
around—or walk while working. The other two group members were more confined
to their desks during the day and only reached about half of his minutes every day.
Where the first of these two said that he realised how ‘lazy’ he was. The participant
second explained that he did not care that much, since he worked out at the gym about
three times a week. He was quite content with his activity level, and did not see his
ten-minute walk to and from work as ‘exercise’. In this case there was more concern
from the less active of the two, who was in the category that the application is most
focused on, although he was constrained in changing this awareness into greater activ-
ity —at least during the trial.
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Figure 4: Group 2’s total accumulated minutes per day

Group 3 also started competing, with two women particularly competitive with
each other. One wanted to beat her very active friend. For example, one evening when
she came back from a run with 112 minutes, she saw her friend had 177 minutes of
activity. In an attempt to catch her friend up, she asked her neighbour if she could
take the latter’s dogs for a walk. She therefore managed to get 137 minutes—not quite
enough to beat her friend, but a respectable amount of exercise to say the least.

Group 1 did not compete much, but they did enjoy the fact that they could see each
other’s activity when they were apart. They mostly used the system to keep an eye on
their own activity levels. Their lack of use of the application was probably due to
initial hesitation about the system and that they were only two people sharing infor-
mation rather than a larger group.



7.1 Sharing the Fun

One distinct difference between our application and mobile games is the designed
purpose of promoting exercise versus promoting play. However, we found that the
difference in use is not necessarily so distinct. Where other games have been shown to
promote exercise, we found that playfulness can be a side effect of health focused
applications.

Participants had fun competing as described above and they did not only use it for
teasing each other and as a conversation topic: some of them saw it as a game. One of
the participants commented that his buddy “wanted to win so much. Before we could
even get it to a certain level, he was flying”, he said. “Walking around’ with the sole
purpose of gaining active minutes was common behavior among some participants,
which not only shows their competitiveness but also how they wanted to ‘play’ the
system. Playfulness was characteristic for the participants who had the flexibility to
go out of their way to be more active. Group 1 for example had a very set daily life
compared to the other groups and therefore mostly used it to monitor their own activ-
ity. Most of the participants in the other groups had time and flexibility to actually go
out of their way to increase their activity level. In essence the application have game-
like characteristics where input is moderate activity. One wins the game by doing
more of such activity than others. Where traditional console-based games are some-
times criticised as promoting physical inactivity, we suggest that Shakra demonstrates
that one can create a hybrid that is both a game and a health-promoting application.

7.2 Shakra as a Means of Collaboration

Finally, it was interesting to discover how the participants used the application to
infer related information about their peer’s whereabouts. On days where they did not
see each other, two participants from group 3 said that it was nice to be able to see the
other’s numbers go up even at night. Then they knew that the other was still out and
about.

A participant from group 2 used the activity sharing to infer whether one of the
other participants had been to lunch or not. Depending on the number of active min-
utes he said he could see if the friend had walked his ten minutes to lunch and back.
This assisted in their collaboration at work, since at least one of them had to man their
work station all the time, i.e. they could not go to Iunch together but would take turns.

Since the participants were only sharing with friends and co-workers that they
chose to participate with, strong privacy within groups was not considered essential in
design terms. However, we enquired whether participants felt uncomfortable with the
level of information being shared. As one participant from group 2 noted: “The only
thing was that I didn’t get home ‘til about half past twelve last night. So I clicked into
the next day. [...] They know what time I was getting in at [laughing]”. He was not
deeply uncomfortable with this, since he did not see this as highly sensitive informa-
tion in his mind. However, it was clear that he had realised how the activity tracking
could provide his friends with other, inferred information other than ‘pure’ or objec-
tive activity levels.



Such inference that does not give precise details is very useful to a tight group.
None other than the friends of the user would know what a certain amount of activity
mean and there is still a great margin of uncertainty, since the activity is not geo-
referenced. Collaboration seemed to be an unforeseen benefit of the application for
several of the participants and we therefore hope to explore this in future versions of
the application as well.

8. Conclusions and Future Research

We set out to explore how the everyday technology of GSM phones could be used to
make people more aware of their activity levels. We also set out to determine some of
the detail of how our prototype application is used in a real environment. While it is
clear that many of the participants felt more motivated, and were excited to see their
own activity level in comparison to others, it is too early to claim that this approach is
better in promoting awareness than other methods of recording and displaying activ-
ity. We observed some of the same features that have been seen in more traditional
collaboration in exercise to lead to more exercise being done, such as encouragement
among ‘buddies’ and, in some cases, strong competition. We also observed the use of
time at work, sometimes as a resource and sometimes as a constraint on use—as was
observed in studies of long—term mobile games. Although a preliminary study, we
suggest that this study confirms the way that larger spatial and temporal scale of
ubiquitous computing systems’ use shows a wider view of context being taken into
account. For example the competition within group 2 showed variation in use that was
not only due to personal differences in attitude, but also technological differences,
such as a wireless headset enabling walking while handling calls, and organisational
differences—the two who sat watching their group colleague triumphantly walk by
were also held back by the demands of their work.

The technology appears to have been less precise in distinguishing between differ-
ent types of activity than in the previous controlled experiments of Shakra [2]. It is to
be expected that accuracy might be reduced when used ‘in the wild’, yet it is our
belief that the system can be improved to be more accurate. In the current system, for
example, the training period might run for longer so as to account for more of the
areas that users go to. Another change we intend to implement is to improve the accu-
racy of sensing activity when moving between disparate environments, in terms of
cellular network infrastructures. One possible approach would be to use three differ-
ent artificial neural networks, each of which has been calibrated for specific types of
environment, i.e. rural, suburban and metropolitan. This would reduce activity sensing
errors associated with driving and walking between different classes of environment.
Initial data analysis suggests that it should be possible to infer the type of environ-
ment that the user is currently located in by looking, over a longer period of time, at
the pattern of changes to the list of neighbouring cells.

In this system the key distinction is between activity and non-activity such as driv-
ing and sitting still. Despite misidentifying walking as driving during a few 30-second
time periods, the overall accumulation of active minutes was good when compared to
the participant’s diary and for the participants’ use on a daily basis. Our system gives



a simple, although still not entirely exact, indication of the carrier’s general activity.
Rather as has been noted by other researchers with regard to positioning systems of
variable accuracy [4, 6], it is often the case that relatively inaccurate systems can still
be accurate enough to support worthwhile individual and social interaction.

There is clearly great potential in technical explorations using highly accurate spe-
cialised assemblies of hardware and software, such as the multi—-modal sensor board
and iMote of [14], but our study illustrated the pragmatic advantages of a lightweight
application running on a mobile phone with no such specialised sensors, and no cum-
bersome attachments, e.g. being strapped to the body. We suggest that a commodity
platform will help such an application be well-integrated into the lives of the wider
population sooner rather than later, as so many people already have and use mobile
phones. In our own future work, we intend to explore new sensing and analysis tech-
niques that can run on commodity phones, especially as they evolve to contain such
previously exotic hardware as WiFi, GPS and, in phones such as the Nokia 3220,
accelerometers.

Overall, in this paper we have shown that users became more aware of their activ-
ity level and enjoyed sharing activity information. They were also able to infer situ-
ational information about each other from activity information, without feeling in-
truded upon. As much as the technology in itself, participants’ increased mutual
awareness was key to their motivation. Naturally, this type of pilot study may be
prone to novelty effects and says little about long-term effects. Nevertheless, we sug-
gest that Shakra serves as an example of the way that understanding and designing
with regard for the everyday social, organisational and technological context in which
we live is a good way to aid motivation and continuation of healthy activity.
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