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ABSTRACT
The Quantified Self technology has been increasingly adopted in various fields
mainly due to its advantages on facilitating self-reflection. To enhance user
satisfaction, some systems attempt to provide users with qualitative data interpretation
such as affective states and productivity. However, very few studies have examined
the reliability of the type of information. This research is conducted to investigate the
correlation between the productivity scores presented by a productivity tool,
RescueTime, and users’ perception of productivity. A mixed-methods approach is
exploited in this research, in which automated data collection and experience
sampling are combined. Data of 10 participants was collected for five working days.
The results of this study show that RescueTime fails to predict users’ productive state.
The advantages and disadvantages of techniques of the Quantified Self are discussed.
Both the findings and the methodology of this research provide the implication for the
Quantified Self technology design that an appropriate combination of quantitative and
qualitative data tracking would produce more accurate results.
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CHAPTER 1.

INTRODUCTION

Self-reflection is a prevalent phenomenon among people in various areas and has
been studied by many researchers (Hixon & Swann, 1993; Sedikides & Strube, 1997).
As Sedikides and Strube (1997) point out, people are engaged in self-reflection as a
consequence of willing to elevate self-esteem, increase their sense of control and gain
an accurate understanding of self-conception. With the rapid development of
ubiquitous computing technology, an emerging trend of the big data science, the
Quantified Self, has become increasingly prevalent mainly due to its advantages on
assisting self-reflection. As it is pointed out, this technology can “help people collect
personally relevant information for the purpose of self-reflection and gaining selfknowledge” (Li, Dey & Forlizzi, 2010).
A number of typical applications such as Nike+ (http://www.nikeplus.com),
RescueTime (http://www.rescuetime.com) and Mint (http://www.mint.com) have
been adopted by people to track their personal information including physical activity,
productivity and finance. The motivations of users for this type of technology are
varied, while there are several major purposes revealed by studies, which are the
objective of improving life quality, interest in the information and share with friends
(Swan, 2013; Li, Dey & Forlizzi, 2010).
Although the Quantified Self technology has been reported to be beneficial in
different aspects, a number of drawbacks of this type of technology have also been
revealed. First of all, as Swan (2013) introduces, a central issue facing the widespread
adoption of the Quantified Self applications is that a number of essential features such
as “automated”, “easy” and “inexpensive” have not been well provided by the current
technology. Significantly, the study of Li, Dey & Forlizzi (2010) reveals that some
users are not satisfied by the data provided by some applications since the results are
too simplistic (e.g. steps walked and hours slept). Swan (2013) also points out that the
considerable challenge facing the Quantified Self technology is to provide qualitative
feedback based on the quantitative data collected, which can assist users have a
deeper understanding on their self knowledge. Since most human are good at thinking
qualitatively rather than thinking statistically (Taleb, 2010).
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A variety of applications have been attempting to overcome this limitation. For
instance, RescueTime, a widely used productivity tool, present a productivity score of
users according to the data of their computer-based activities tracked. However, the
reliability of this type of data interpretation has not been tested by research, while it is
extremely vital for the effectiveness of self-reflection. Since as it is demonstrated in
the experiments of Hixon and Swann (1993), the accuracy of information for selfreflection can considerably influence the effectiveness.
The major purpose of this current research is to examine the reliability of the
Quantified Self technology on measuring subjective state, specifically, productivity.
A multi-method approach was conducted to investigate the correlation between the
productivity score of RescueTime and users’ productivity ratings from self-report.
This paper is structured as follows: the reviews of previous studies are presented first,
and this is followed by the description of the experimental design. Then the results of
the experiment are illustrated and at the final contribution and limitation of this study
is discussed.

CHAPTER 2.

LITERATURE REVIEW

2.1.

The Quantified Self technology

2.1.1.

The background of the Quantified Self

The Quantified Self, which is also named as Personal Informatics, has become
increasingly popular in various areas (Li, Dey & Forlizzi, 2010). There are systems
developed to help people track physical activities such as Nike+
(http://www.nikeplus.com), Moves (https://www.moves-app.com/) and Runkeeper
(http://runkeeper.com/). Some applications focus on financial domain such as Mint
(http://mint.com) and You Need A Budget (http://www.youneedabudget.com/). Tools
such as Expereal (http://expereal.com) and MoodPanda (http://moodpanda.com) are
employed for emotion tracking. Another important area is productivity tracking, in
which the tools widely used are RescueTime (http://rescuetime.com), Toggl
(https://toggl.com/) and Slife (http://www.slifeweb.com/).
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There are several theoretical basis of this type of approach including Goal-Setting
Theory (Locke and Latham 2002) and the Transtheoretical Model of Behavior
Change (Prochaska, DiClemente et al. 1992). Locke and Latham (2002) assert that in
terms of effective goal achievement, it is essential to provide summary of feedback to
present the progress associated with people’s goals. For this aspect, it is believed that
the Quantified Self technology has relevant advantages. As Prochaska, DiClemente,
& Norcross (1992) conclude, the essence of self-change is “doing the right things
(processs) at the right time (stages)”. For both the stages and processes of change,
consciousness rasing plays a significant role to start the change, which can be fostered
by the technology of the Quatified Self by making users aware of their self
knowledge.
The motivations for Quantified Self have been researched in a variety of studies
(Swan, 2013). An online questionnaire was conducted by the DIYgenomics
knowledge generation study to investigate the purpose of various Quantified Self
projects including time-management, sleep optimisation, mood and exercise. And it is
concluded that many projects were aiming to improve the quality of life such as
efficiency and sleep quality. Moreover, many participants reported that they tried to
adjust their life or work style since they are aware that there are potential limitations
of their efforts. From the research by Li, Dey & Forlizzi (2010), conducted with
survey and interviews, it is indicated that there are a number of reasons for gathering
and reflecting on personal information including interest in the information, natural
curiosity, discovery of novel applications and discussion with friends.

2.1.2.

Benefits and utilities of the Quantified Self technology

The benefits of the Quantified Self technology have been reported in many studies.
Li, Dey & Forlizzi (2010) state that personal informatics tools “help people collect
personally relevant information for the purpose of self-reflection and gaining selfknowledge” with the advantage to identify, collect and represent the data and enable
user to gain a better view of their current behaviour. As it is explained, these systems
are beneficial to assist people to remember their personal information since people
have several limitations on self-reflection such as limited memory, incapability of
observing some behaviours (e.g. sleep patterns) and lack of time.
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Fleck and Fizpatrick (2010) develop a framework of self-reflection with several
aspects, such as “purposes of reflection”, “conditions for reflection” and “levels of
reflection”. As they illustrate, various techniques can be employed to facilitate selfreflection in the dimensions introduced in the framework. In the first place,
technology such as life-logging tools can be used to provide informational resources,
which are significant for self-reflection. Moreover, a variety of techniques such as
experience sampling can be exploited to promote reflection by reflective questioning.
Furthermore, technology has the advantages in fostering broader perspective of selfknowledge including recording data not available to human perception (e.g. sensor
technologies) and encouraging discussion to gain different points of view.
The productivity tool RescueTime, examined in the present research, is also reported
to be beneficial in several studies. A study from Cox, Bird & Fleck (2013) presents
that RescueTime is able to assist users gain more accurate knowledge of the time they
spend on social networking website. As a consequence the participant perceived
control of time and reported lower stress. In the research of Santos et al. (2012),
RescueTime is employed to present the data in a dashboard, which is developed to
enable the self-reflection of students and comparison with peers. And it is concluded
that participants consider the system as a useful approach to learn their progress on
study.

2.1.3.

Issues and challenges facing the Quantified Self technology

On the other hand, several reports suggest that the adoption of the Quantified Self
technology does not tend to be promising. Neff (2013) states that there is 19% of
smartphone users in the US have installed a health application for self-tracking
though the adoption rates are very low. A report from Wagstaff (2014) reveals that
there are manifold Quantified Self tools, such as mobile applications, smart
wristbands and smart glasses, which have been developed to assist users to achieve
self-improvement in the market. However, it is reported that these devices are
abandoned by users very regularly. For instance, approximately there are one-third
people who use wearable trackers discard these devices within 6 months.
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Various studies have been conducted to explore the limitation of the Quantified Self
technology. Li, Dey & Forlizzi (2010) develop a model of personal informatics with
five stages, “ preparation, collection, integration, reflection, and action”, to identify
challenge of each stage. It is demonstrated that barriers cascade is one of the
significant characteristics of personal informatics, which means the problem occurs at
the earlier stages will have an influence on the later stages. From this perspective,
after the main issue, motivation, is overcome in the preparation stage, the collection
stage plays a significant role in the success of this technology since it can influence
the next 3 stages.
There are several main issues in the collection stage including the problems of
efficiency and accuracy (Li, Dey & Forlizzi, 2010), which are also the main topics
examined in the present study. Particularly, the accuracy of information for reflection
plays a crucial role in the effectiveness of self-reflection. Hixon and Swann (1993)
conduct four experiments to examine the effects of self-reflection. A number of
conditions vital to the consequences of self-reflection are presented such as in some
situation too much self-reflection is as ineffective as too little and the information for
reflection should be salient and unambiguous. Nisbett and Wilson (1977) also assert
that weak and ambiguous knowledge leads to unreliable self-insight. Consequently, it
is particularly essential to ensure the accuracy of the information to facilitate the
benefits of self-reflection.
In terms of the efficiency of data collection, Swan (2013) concludes that there are two
major aspects of the barriers against the general adoption of the Quantified Self
technology. From a practical dimension, automated data collection is an essential
factor and another aspect is related to mindset. For example, many people are not
interested in self-tracking since it is considered as an alien concept. It is notable that
the automated data collection is suggested as a solution to overcome the problem of
efficiency, which is also presented in the study of Li, Dey & Forlizzi (2010).
Moreover, another specific difficulty of the automated data collection is discussed by
Swan (2013), which is introduced as the next generation of Qualified Self, the
quantification of qualitative phenomena. Compared with the “self-tracking 1.0”,
which focuses on tracking phenomena that can be easily measured such as steps
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walked and calories burned, the “self-tracking 2.0” expands the data tracked to
subjective categories such as mood, happiness and productivity. As she presents,
currently there are two types of techniques for tracking qualitative phenomena,
qualitative descriptors such as words and quantitative scales (e.g. Expereal and
MoodPanda). The challenge facing the Quantified Self technology is to make this
process automatic.
There are a number of studies and applications attempt to automatically track more
comprehensive data and help people gain a deeper understanding on self-knowledge.
For instance, Petersen et al. (2011) demonstrate an experiment with a wireless
neuroheadset and a smartphone to investigate the possibility of representing
emotional responses by brain imaging data. As they present, emotional reactions
when viewing pleasant and unpleasant images are able to be distinguished. In another
case, RescueTime develop the productivity score by categorising the computer-based
activities of users from “very productive” to “very distracting” then calculate the
percentage of time users spend on each activity, which provide a more straightforward
view for people to reflect their performance.
However, it could be questioned whether this type of measure can represent people’s
productivity accurately. Leshed & Sengers (2011) publish a study on busyness and
report that productivity tools such as RescueTime is a common solution people adopt
to improve their efficiency. People use RescueTime to log and analyse the time they
spend on each computer-based activity and then attempt to optimise their strategies.
However, from their research it is revealed that busyness is more complex than what
these productivity tools attempt to organise. Since it is not merely an optimisation of
people’s schedules and activities, but also associated with important social and
emotional aspects.
Another similar case of measuring qualitative phenomena also reveals the limitations
of the current technology. With the inspiration from tools such as RescueTime and
Wakoopa, Duval (2011) presents a project on learning analytics to illustrate how the
data of traces of attention can be utilised for visualisation and recommendation. It is
concluded that one of the most complicated issues is the difficulty of measuring how
learning is taking place.
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Furthermore, Duval (2011) questions the reliability of typical measurements on
learning analyses, such as time spent on each activities, amount of resources accessed
and number of mouse clicks.

2.2.

Productivity

2.2.1.

The Quantified Self and Productivity

“The most valuable asset of a 21st-century institution (whether business or nonbusiness) will be its knowledge workers and their productivity” (Drucker, 1999). As
the development of the economies in industrialised countries has become increasingly
knowledge-based, it becomes particularly significant to measure and analyse the
productivity of knowledge workers (Mangelsdorf, 2013). Thus, it would be
particularly significant to scrutinise to what extent the Quantified Self technology can
be utilised to reflect people’s productivity, which has not been researched by the
previous studies mentioned above.
A considerable number of researchers have conducted studies in the area of
knowledge workers’ productivity. Some academics focus on developing the
conceptual models of the productivity of knowledge workers. Mundel (1975)
proposes that several types of information is needed to measure the knowledge
worker productivity, such as the objective of the task, outputs needed to be produced
and the resources required for the outputs. Bumbarger (1984) suggests four major
factors for the measurement of knowledge worker productivity including “demand
oriented”, “inter-organisational focus”, “promote creativity” and “encourage
independence”. A broader term, “effectiveness”, is proposed by Gordon (1997) as a
similar definition with productivity to measure what knowledge workers do and four
criteria are explained including quantity, quality, timeline and multiple priorities. Six
factors such as “Knowledge workers must identify the task themselves” and
“Knowledge workers need to have autonomy” are introduced by Drucker (1999), who
urges that these factors determine knowledge worker productivity.
Some researchers propose a variety of methods of measuring knowledge worker
productivity. One of the techniques that attract significant research attention is the
function point analysis (FPA), which is widely used among software developers and
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applied to more than 250 programming languages (Dreger, 1989). This approach was
developed to measure the productivity in IBM, where the workers gain a function
point for a certain number of commands “desired” (Bok and Raman, 2000). To
investigate the utility and characteristics of FPA, an empirically based case study with
the records of 1649 function points is carried out. And it is concluded that there are
two factors highly significant to the implementation of FPA, which are productivity
indicator valid for measuring objectives and rigorous process to collect and analyse
data accurately and correctly.
Another methodology, operations-based productivity measurement, is proposed by
Ray and Sahu (1989), which measures the productivity with three main steps:
classification of the jobs, definition of the relationships among those classes and
development of proper measurement and models. In this method, the jobs are first
categorised into two types including “routine” or “repetitive” jobs and “non-routine”
or “non-repetitive” jobs, then the relationships between the properties of the jobs and
the performance are established. And the final step is to build a productivity
measurement based on the results of the previous steps. Namely, it implies that the
measurement of productivity is based on characteristcs of jobs. Thus, an initial
customisation for different individual or group would be necessary for accurate
measurement.

2.2.2.

Productivity measurement methods of the Quantified Self technology

Apart from the methods introduced above, there are another two methodologies,
percentage of time spent in value-added activities (Agarwall, 1980) and professional
time utilization (PTU) (Ray and Sahu, 1989), which are very similar with the
techniques exploited by some Quantified Self technology such as RescueTime. The
former approach measures productivity by calculating the percentage of time devoted
into activities defined as useful or desirable. To put it simply, this method divides the
amount of hours spent on value added work by the total working hours. The later
method measures the proportion of time workers spend on employing work sampling
and relevant techniques. A higher PTU rate indicates that the time is spent more on
value added work.
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A similar approach is adopted by RescueTime. The productivity of users’ computerbased activities is measured by categorising these activities into types with various
productivity levels such as “very productive” and “very distracting”. For instance,
browsing social networking website such as facebook and twitter is defined as very
distracting activities, while using word or excel is categorised into “very productive”.
Then a “productivity score” is calculated by dividing the time spent on activities
categorised into “productive” by the total time, which is used to represent users’
productivity level (https://www.rescuetime.com/weekly-email).
However, there are a number of issues on this type of methods discussed by some
researchers. Ramírez & Nembhard (2004) create a taxonomy of methodologies of
measuring knowledge worker productivity. As it is presented, there are 13 dimensions
such as “quantity”, “costs and/or profitability”, “timeliness”, “autonomy” and
“efficiency” have been used in 24 methods developed in this area. And significantly,
most of the methodologies have adopted a combination of over one dimension listed
above to measure productivity. In other word, there is a tendency that analysis on
productivity with single dimension will lead to inaccuracy. In addition, Ramírez &
Nembhard (2004) argue that these approaches are not able to determine whether these
value added activities could be completed better or quicker.
Moreover, it could be argued that RescueTime ignores the significance of recovery
activities. Activities such as browsing social networking website and listening to
music are defined as “very distracting” and thus will reduce the productivity score.
However, these types of activities might be conducted by people with the demand of
rest and recovery during their work. Various studies indicate that these activities have
several positive effects. Henning et al. (1997) conduct experiments with computer
workers in two work sites to examine the relationship between frequent short rest
breaks and productivity and well-being. It is presented that short rest breaks are able
to improve productivity of computer work in one work site but have no effect on the
other. Another study by Trougakos et al. (2008) presents that daily work breaks are
beneficial to improve employees’ emotional states, which can raise productivity
(Oswald, Proto & Sgroi, 2009). Thus, the activities RescueTime labeled as “very
distracting” might indeed increase productivity.
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2.2.3.

Factors that influence productivity

Apart from the methods of measurement, exploration on the factors that affect
productivity has also attracted significant research attention. A number of studies are
focused on the organization level. The productivity paradox is introduced by Attewell
(1994), who states that the potential advantages of the intervention on productivity
such as technology might lead to two directions, enhancing the productivity or
inhibiting it. For instance, it is indicated that even if productivity enhancement has
been realised in a lower level (e.g. a group), there are factors that might prevent it
from being realised in a superior level (e.g. the organisation). The factors that affect
productivity of the domain of software engineering are scrutinised by Kiesler,
Wholey, and Carley (1994). As they point out, facilitators including coordination
through communication and team design might increase the outputs while it would
also become inhibitors if been misapplied. The findings of Aral, Brynjolfsson & Van
Alstyne (2007) indicate that there is a positive correlation between increased use of
information technology and growth of revenue while it is not correlated with
reduction of time on project completion.
Additionally, a variety of studies are conducted to investigate the factors in
productivity in an individual perspective. Task attractions and communication
apprehension is two factors that affect individual productivity. An experiment is
conducted by Comadena (1984) to examine the relationships among individual
productivity, task attractions, communication apprehension and ambiguity tolerance
in zero-history brainstorming groups. The findings demonstrate that all the three
variables have an influence on individual performance while task attraction has the
strongest impact.
Other factors such as stress and job control can also influence people’s performance at
work. The effects of “Technostress”, stress created by information and computer
technology, on individual productivity is examined Tarafdar et al. (2007). The
findings from this research suggest that the technostress has a negative effect on
individual performance. Alavinia, Molenaar & Burdorf (2009) report that
approximately 45% workers from a study population of 2252 workers have the issue
of productivity loss. A number of work-related factors that lead to productivity loss
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are presented in the study and it is asserted that job control is the most vital factors
associated with the productivity loss.

2.2.4.

Multitasking and task switching

Beside the factors mentioned above, a variety of studies are focused on work
behaviour that might influence productivity. Specifically, much research has been
carried out into the field of multitasking and task switching. Among these studies, a
number of researchers report that task switching have both positive and negative
effects on people’s work. The study from Aral, Brynjolfsson & Van Alstyne (2007)
shows that although some type of multitasking is able to increase productivity, there
are various limits to these benefits. It is revealed that the relationship between
performance and multitasking makes a curve with the shape of an upside-down U. In
other words, interacting with more projects in one time raises the productivity at the
beginning while the marginal improvement decreases as the increase of multitasking
level. And after a certain point, the performance decline when working on more tasks.
Moreover, self-interruption is also defined as an important type of task switching by
Jin & Dabbish (2009), who conduct a grounded theory based study on this
phenomenon. It is asserted that task switching could provide information valuable for
primary task, whereas it could also be detrimental to productivity due to the switching
cost and delay. Additionally, it could cause people to forget to return to primary tasks.
As they state, since self-interruptions has both positive and negative impact on
primary tasks, they should not be eliminated simply from systems. Instead, relevant
design strategies could be employed to assist people to return to primary tasks after
interruptions.
An ethnographic study is carried out by Mark, Gonzalez & Harris (2005) to exam the
characteristics of task switching and interruptions. In this study, people’s work is
considered as more fragmented when less amount of time is spent on a task. The
findings suggest that fragmented work is prevalent, which is not merely due to
interruptions but also because task switching. It is claimed that task switching can
improve productivity as a consequence of providing new ideas, while it could be
harmful if there is too much task switching. Furthermore, as it is presented, although
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most of the tasks interrupted are resumed, there are over two intervening activities
involved before people return to primary tasks. In other words, it indicates that the
cognitive cost of resuming work is fairly considerable.
On the other hand, a number of detrimental consequences of task switching have been
revealed. Levine, Waite and Bowman (2007) conduct an exploratory study to examine
the relationship between instant messaging (IMing) and users’ perception of their
ability to concentrate on academic activities. And it is reported that IMing leads to
establishing a cognitive style with “quick and superficial” multitasking instead of
deep concentration on single task such as academic reading. Additionally, frequent
task switching will increase the difficulty of concentration and influence the
assessment of people on the time spent on an activity.
González and Mark (2004) demonstrate a field research by observing three types of
information workers in the workplace. They attempt to analyse the features of task
switching in a high level, which is defined as working sphere. A number of findings
are explained such as the fragment of working spheres, proportion of internal and
external interruption and the current strategies people employed to maintain a
continuous working sphere. And most significantly, as it is presented, people are not
perceived to have difficulty on constant switching between each activity, while
switching between different working spheres might be detrimental to their
productivity. Moreover, it is claimed that constant switching among work spheres is
extremely common, which should be seriously considered in the design of
information technology.
Iqbal and Horvitz (2007) focus on assisting people to avoid the costly “chains of
diversion” and resume the primary tasks suspended. The main findings of their
research is that most of participants visit multiple applications after interruption and
the major reason for the long delays is due to the loss of context. In other words,
interruptions will probably lead to an increasing number of applications in a specific
period.
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2.2.5.

The causes of the negative impact of task switching

There are three studies could account for the negative impact of task switching on
productivity. The first one of the major causes is the limit of people’s cognitive
ability. Miller (1956) explains several experiments to examine the capacity of people
for transiting information. The limitations on the volume of information that people
can receive, transit and recall are revealed. From this perspective, multitasking can
lead to cognitive load that reduces people’s productivity.
The second explanation is the short-term memory. Waugh & Norman (1965) explain
the model of short-term memory by evaluating it with several experiments. The
experimental data indicates a number of features of this memory system such as the
unrehearsed verbal information will be forgotten quickly due to the interference of
later items. This could provide the reason why people forget to return to the main task
after interruptions.
Lastly, Monsell (2003) illustrates the “switching cost” in a task-switching experiment,
in which participants spend longer time on a “switch trial” than on a “non-switch
trial”. A number of sources of the switching cost are explained including “task-set
reconfiguration”, “Transient task-set inertia” and “Associative retrieval”. Particularly,
it is demonstrated that the switching cost is reduced but not eliminated even the
relevant preparation is made in advance.

2.3.

Methods for investigating working activities

In the field of studying activities in the workplace, there are a variety of techniques
have been adopted by researchers. Some studies use qualitative methods such as
“shadowing” observation and long interviews. Leshed & Sengers (2011) utilise an infield interview approach to explore the perception of busyness at work and the use of
productivity tools. It indicates that this method is beneficial to obtain data for the
exploration of common concepts and patterns. And it is particularly advantageous for
gaining understanding on subjective states.
When it comes to the study of people’s computer-based activities, pure qualitative
methods have limitations on the data collection. And thus a combination of
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quantitative techniques, such as automated data collection, and qualitative methods,
such as interviews and experience sampling, is usually employed. To study the
relationship between the usage of email and distraction, Mark, Voida & Cardello
(2012) employed an approach with both quantitative techniques such as computer
data logging and ethnographic methods. It is presented that the in situ online activities
tracking of can facilitate a “micro-view” into the relation between people’s behaviour
and digital activities. While the intention of the ethnographic techniques is to gain a
deeper understanding on the complex working activities.
With respect to investigate users’ perspective on digital activities, traditional
qualitative methods have drawbacks to gaining the data about users’ experience at the
time when a specific activity is being conducted (Mark et al., 2014). To overcome this
issue, a novel method, which combines experience sampling and automated data
collection, is developed in the study of Mark et al. (2014), which is to explore
engagement in workplace. During the in situ study, the automatic data tracking assists
to collect data on the participants’ digital behaviour with precise details such as
applications used and window switches, while the experience sampling facilitates the
data collection of user perceptions such as engagement, challenge and various
affective states. This mixed-methods approach has been demonstrated to be
remarkably effective on data collection and providing unique insights such as “when
people switch windows they are bored”. Likewise, it provides inspiration for the
present study that it could be utilised to examine the relationship between results
presented by the Quantified Self technology and user perceptions.

CHAPTER 3.

OVERVIEW OF THE STUDY

The present study aims to examine the utility of Quantified Self technology in terms
of productivity reflection. Since the information technology has been widely used in
various areas, the research focus on the productivity of computer-based activities.
With respect of Quantified Self technology, it would be appropriate to investigate the
technology with feature of automated data collection, since the efficiency of data
collection is a major factor for the adoption of this type of technology (Swan, 2013).
Among the automatically tracking tools, RescueTime is the application with the aim
of reflecting individual productivity, which has been widely employed in various
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fields (Leshed & Sengers, 2011). Thus, RescueTime could be adopted as a paradigm
of this type Quantified Self technology to be examined in this research.
Apart from the method of RescueTime, it is examined whether productivity can be
reflected by directly measuring the factors that influence it. As it is indicated in
previous studies discussed above, task switching is a very common phenomenon in
the workplace (Mark, Gonzalez & Harris, 2005), which might have a detrimental
influence on individual productivity (Mark, Gonzalez & Harris, 2005; Levine, Waite
and Bowman, 2007; Jin & Dabbish, 2009). Hence, an alternative approach, reflecting
people’s productivity by measuring the working behaviour, is scrutinised in the
present study.

3.1.

Research questions

3.1.1.

The first research question

Specifically, the first research question is whether the productivity score of
RescueTime can accurately reflect people’s perception on productivity level of
computer-based activities.
The previous studies report several benefits of RescueTime, such as self-knowledge
on time spent (Cox, Bird & Fleck, 2013) and learning progress (Santos et al., 2012),
as well as its limitations such as representation of busyness (Leshed & Sengers, 2011)
and measurement of occurrence of learning. However, it has not been examined to
what extent RescueTime can measure users’ perception on productivity.
In addition, in a broader scope, the productivity score employed by RescueTime is an
approach that attempt to represent the subjective phenomenon by using quantitative
data, which is defined as “the significant big data challenge” (Swan, 2013). It is
addressed in some areas such as representing emotional reactions by brain image data
(Petersen et al., 2011). While it is questionable whether this type of attempts are
promising in other field such as measuring perception of productivity.
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Furthermore, as it is presented above, there are a variety of methods for measuring
productivity such as FPA (Bok and Raman, 2000), percentage time spent (Agarwall,
1980) and PTU (Ray and Sahu, 1989). Since the technique used by RescueTime to
measure productivity is the similar with the latter two methods (Agarwall, 1980; Ray
and Sahu, 1989), the first research question is also applicable to test the utility of
these two measurements.

3.1.2.

The second research question

The second research question is whether the frequency of task switching on of
computer-based activities reduces people’s perception of productivity.
Although task switching has several benefits such as provide valuable information
and new ideas, it is also suggested by the previous research that too much task
switching leads to detrimental effects (Jin & Dabbish, 2009; Mark, Gonzalez &
Harris, 2005). And also the causes for the harmful effects of task switching have been
presented by a number of studies (Miller, 1956; Waugh & Norman, 1965).
Nevertheless, most of the previous studies employed interview techniques to
investigate this topic, and thus user perception of productivity at the time when task
switching occurs has not been scrutinised.
Mark, Gonzalez & Harris (2005) define the fragment of work as the amount of time
spent on a task, which means the shorter time spent the more fragmented the work is.
This approach is exploited in the present research to measure the level task switching.
In other words, a larger amount of average time spent on each application indicates a
lower frequency of task switching. Notably, since the type of data can be tracked
automatically by RescueTime, it could provide implication on whether the Quantified
Self technology can predict productivity by tracking working behaviour.

3.2.

Hypotheses

Based on these two research questions, two hypotheses are proposed as follows:
H1) The productivity score of RescueTime can predict people’s perception on
productivity of computer-based activities.
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H2) There is a positive correlation between the average time people spend on each
application and their perception on productivity of computer-based activities.
These hypotheses have been tested by analysing both RescueTime data and self-report
productivity data from 10 adults, most of whose working activities are computerbased. Additionally, most of the participants have fixed working schedules (e.g.
Mondays to Fridays, 9 am to 6 pm).

CHAPTER 4.

4.1.

METHODOLOGY

Participants

Sixteen adults were recruited to participate in this study, six of who are removed due
to several reasons such as the failure of RescueTime application and inappropriate
self-report. Consequently, the data of 10 participants, seven female and three male, is
analysed in this research. The age of the participants is ranged from 25 to 33, and the
mean age is 28 (SD=3.06). Among the participants, there were five researchers in the
HCI department of Unversity College London (UCL), three young professionals who
worked in a Chinese IT company (two UI designers and one software developer) and
two students in the HCI department of UCL. Except the students, all the participants
have fixed schedules and work over six hours every working day. Participants were
informed that they would have the opportunity to win a £30 Amazon voucher for
taking part in the experiment.

4.2.

Design

With the inspiration from the methodology developed by Mark et al. (2014), a mixedmethods technique was used in this study, during which automated data tracking and
experience sampling were combined to gather relevant data. The automatic data
collection provided a wide range of information relevant to the computer-based
activities of participants, such as applications used and the amount of time spent on
each application. The experience sampling was adopted to gather the data of
participants’ perception of productivity level in terms of digital activities.
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There were three variables measured in this research. The first major variable in this
experiment is the productivity level of each hour, a 10-point Likert scale ranged from
0 to 9 (0=not at all, 9=extremely), collected by experience sampling. The timestamp
when each experience-sampling probe was completed was also measured to confirm
the validity of the data. The second variable was the productivity score generated by
RescueTime, which was calculated by dividing the time users spent on activities
categorised as “productive” and “very productive” by total time tracked. The
productivity score was calculated by the hour. For instance, in an hour when 50
minutes of computer-based activities are tracked, in which 10 minutes are categorised
as very productive and 20 minutes are productive, the productivity score of this hour
is (10+20)/50=60%. The third variable was the average time users spent on each
application each hour, which was defined as the time users spent on computer-based
activities divided by the number of the applications used in that period. For example,
in an hour when 30 minutes of digital activities and 10 applications are tracked, the
average time spent on each application in this hour is 180 seconds.

4.3.

Materials

Two participants used Windows 7 operation system and the rest of participants used
the operation system of Mac OX Mavericks. RescueTime with both Mac and
Windows versions were installed on participants’ computers respectively. The tools
ran in the background and collected data of users’ digital activities when users were
using their computers. All the participants used the accounts that had been registered
in advance for them to ensure that all the tools were with the same default settings
from RescueTime. Also the participants were informed not to change any settings of
the RescueTime.
Evernote (http://evernote.com/download) were also employed as the tools for
experience sampling with the accounts created in advance. Templates of diaries were
created in each account with reminders, which would remind the users to complete
the records at specific time. The templates were composed with a title indicating the
period for review (e.g. Aug 01 9am-11am) and questions in content as follows: 1.
What is the time period you are reviewing? 2. What computer-based activities have

	
  

23	
  

you been doing over the past couple of hours? 3. How productive were you? (0 = not
at all; 9 = extremely) The second question was an open question for input while the
first and third questions participants could select the options by click (e.g. “11am”,
“7”). The reminders triggered pop-up windows on the right side of screens, which did
not disappear on Mac OS until the users closed it or clicked and filled the specific
record and stayed open for 5 minutes on Windows OS. Participants were informed
that they could skip the record if it distracted them and should not fill the records not
titled with the current hours. In addition, instructions of the study and information
sheet for gaining consent from participants were provided in the experiments.

4.4.

Procedure

Before the experiment, pilot tests were conducted to refine the design. Two
researchers were invited to participate in the pilot study for 3 working days. After the
preliminary study, several refinements were made for the experimental design. For
instance, the question on the review periods was changed to options with checkbox
instead of open question to ensure the data collected was more accurate. Moreover, it
was revealed that people have different working style, which meant it would be
beneficial for data collection by customising the time of reminders according to
participants’ schedules. In addition, non computer-based activities such as meetings,
interviews and time spent on mobile phone were also reviewed in the pilot study.
Furthermore, the participants occasionally missed some notifications of the reminders
and filled in the records after several hours, which might lead to the inaccuracy of the
self-report data. As a consequence, the instruction was modified and participants were
instructed to merely record the activities conducted on their computer and skip the
records they had missed.
After the pilot study, the experiment began. Instructions of the experiment and
informed consent forms were provided for the participants and the participants were
informed that they would have the opportunity to review all their data before they
share it to the researcher. The tools were installed on the participants’ computers after
they consented to continue. The notification settings of Evernote were changed to the
“alert” mode on the Mac OS and “stay open for 5 minute” on the Windows OS. The
reminders for experience sampling were created after the discussion with participants
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about their working style and schedules. The Evernote notified the participants to
complete the self-report questions four times every working day by a pop-up window
on the right side of screen, which directed to the note for the review of that specific
period. Most of the notifications were triggered from 11 am to 5 pm and there were
two hours between each reminder, which were 11am, 1pm, 3pm and 5pm. For some
participants worked late in mornings it was set to remind between 1pm to 7pm.
Participants were instructed to work as their usual style and close the notification
when they needed to concentrate on their work. In addition, it was emphasised that
they should answer the experience sampling questions as accurately as possible.
After the experimental settings in person, communication with participants was
continued via email to ensure the experimental data was gathered appropriately.
Except the two students, all the participants were observed for five working days. The
data of the students were tracked until appropriate amount of self-report records were
collected, since the students did not have a fixed time period spent on computer
activities. When the participants did not have computer activities due to holidays or
other reasons, in most cases the experiment was extended after they came back to
assure the amount of data was sufficient for analyses.

CHAPTER 5.

RESULTS

Among the self-report records, participants input the time periods they reviewed by
selecting the time with the unit of hour (e.g. 14:00). Since the period between each
notification was two hours, each probe recorded the review of the previous one or two
hours according to the selection. Due to some specific reasons, a proportion of selfreport records were not completed at the moment when the reminders pop-upped. To
ensure the accuracy of self-report data, records filled in more than 30 minutes delayed
were removed from the data. The digital activities of users were tracked by the
RescueTime and the data was recorded as the name of applications, time (seconds)
spent on each application and the productivity score by hours.
Although there were 753 hours of data tracked by RescueTime, the data was analysed
merely when there was also a self-report review in the period when the data was
tracked. There were 277 experience sampling probes collected in this study, which

	
  

25	
  

were reviews for 192 hours of computer-based activities from 10 participants. The
mean of the time each participant was tracked was 18.8 hours (SD=4.9). The mean of
all the productivity ratings by self-report, the first variable, was 5.38 (on a scale of 0
to 9) and the standard deviation of each participant’s mean productivity rating was
0.66. The distribution is presented as Figure 1.

Figure 1. Experience sampling productivity level
The second variable, productivity scores of RescueTime, was presented by the system
as percentage (e.g. 73%) to reflect the productivity level of users in each hour. The
mean of productivity score of all the users is 71.4% and the standard deviation of the
mean of each user’s score was 12.2%. Figure 2. shows the distribution.

Figure 2. RescueTime productivity score (%)
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The third variable, the frequency of task switching, was defined as the average time
participants spent on each computer-based activity, which was also collected by the
RescueTime. In average, each person used 13 applications every hour (SD=6.7). The
mean of time participants spent on each application per hour was 221 seconds and the
standard deviation of the mean of each person was 70 seconds. The distribution is
shown in Figure 3.

Figure 3. Average time spent on each application (seconds)

5.1.

Hypotheses testing

H1) The productivity score of RescueTime can predict people’s perception on
productivity of computer-based activities.
To test the first hypothesis, a linear regression analysis was conducted investigate the
correlation between the productivity score from RescueTime and self-report data. It
was shown that there was a significant correlation between these two measures, F
(1,274) = 5.3, p = .02. However the goodness of fit was poor (R2 = .015), thus it was
not a strong predictor. A scatterplot of the data is presented in Figure 4.
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Figure 4. A scatterplot of the self-report data and RescueTime data

H2) There is a positive correlation between the average time people spend on each
application and their perception on productivity of computer-based activities.
To test the second hypothesis, a linear model was fit to the average time and selfreport data. Results showed a very poor goodness of fit (R2 = -.004), indicating that
average time was not a significant predictor for self-report productivity, F (1,274) =
.02, p = .89. A scatterplot of the data is presented in Figure 5.
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Figure 5. A scatterplot of the self-report data and average time

CHAPTER 6.

DISCUSSION

This study aims to investigate to what extent the Quantified Self technology can be
employed to reflect people’s general feelings toward productivity. Specifically, the
research was focused on computer-based activities. The popular productivity analyses
tool, RescueTime, was employed as a paradigm of this type Quantified Self
technology to be examined in this research. In terms of H1), it was projected the
productivity score, which was generated by the RescueTime system according to
users’ digital behaviour, can predict the self-report productivity ratings, which was
reviewed by the users at the same period. This hypothesis was not supported by the
data of this study. Alternatively, the second hypothesis predicted the frequency of task
switching occurred during people’s digital activities would have a correlation with the
productivitiy ratings gathered from experience sampling. It was not supported by the
study either. The following section will discuss the indications and explanations of
both hypotheses. Moreover, discussion the methodology adopted in this experiment
could also be informative for the design of Quantified Self technology.
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6.1.

Discussion of the hypothesis 1

The first hypothesis was proposed and examined with the purpose of testing the
accuracy of results generated by Quantified Self technology in a certain field,
people’s productivity. The results of this study showed that a typical productivity tool,
RescueTime, failed to predict users’ self-report productivity, which provide a number
of indications. In the first place, in terms of productivity the reliability of these types
of tools is questionable since the accuracy of information is one of the main factors
for the effectiveness of self-reflection (Hixon and Swann, 1993). It is conspicuous
that users are not able to their productivity by analysing inaccurate data presented by
the applications.
Moreover, in a broader perspective it indicates that further research or technology
advance is required to overcome the issue facing the widespread adoption of
Quantified Self technology. A number of researchers point out that the issue of data
collection, such as lack of time to record data and failure of remembering to record,
has a negative impact on the adoption of Quantified Self technology (Li, Dey &
Forlizzi, 2010; Swan, 2013). And automated data collection, such as tracking data
passively, is of particular significance to avoid this disadvantage. However, this study
presents that the automated technique failed to provide reliable results. As a result,
more sophisticated technology is needed to overcome this challenge.
Furthermore, it could be argued that the method of measuring productivity by the
percentage of time spent in value-added activities (Agarwall, 1980), which is used for
the algorithm of RescueTime, is not appropriate for assessing productivity of
computer-based activities.
In terms of the failure of RescueTime, there might be several reasons. First of all, the
insufficiency of data collection could be a main cause. The system merely captures
the category of applications and time users spend on while several types of important
data is not gathered such as whether users have any input. For instance, users open a
word document for one hour, during when no matter how many words have been
written, will be analysed as the same productivity score. In the “function point
analysis (FPA)”, another methodology for measuring productivity attracted

	
  

30	
  

considerable research attention, comprehensive details of activities such as inputs,
outputs and inquiries are analysed to assess productivity among software developers
(Bok and Raman, 2000). However, the drawback of the FDA is that it could not be
conducted automatically. In other words, there could be a trade-off between the
accuracy and the automated level of data collection for designing the Quantified Self
technology.
Another reason might be that RescueTime merely uses one dimension to analyse
productivity. In a study conducted by Ramírez & Nembhard (2004), 24 methods for
measuring productivity in the past 60 years are examined and 13 dimensions relevant
to productivity are explained. As it is pointed out, most of the techniques employed
two or three dimensions to measure productivity. In other words, it could be argued
that the analyses of productivity using single dimension is too simplistic to understand
this complex phenomenon.
In addition, it might due to the ignorance of recovery activities. The RescueTime
system assumes that activities such as browsing social networking website and
listening to music are “distracting” and reduce productivity. However, appropriately
having a rest can positively influence people’s working performance, which is
suggested by several studies (Henning et al., 1997; Trougakos et al., 2008).
Furthermore, individual characteristics might influence the measurement. For
instance, it is revealed by Comadena (1984) that task attraction, which is distinct
among different people toward a same task, is the strongest factor that affects
productivity. Also a project of task recognition based on computer activities, which is
carried out by Koldijk et al. (2012), concludes that there is not classification model in
the research can suit all conditions since “different users have different work styles
and task mixes”. And it is suggested that the model should be adjusted for each
specific user to achieve an optimal approach. However, these types of factors were
ignored in the RescueTime system, which might also lead to the inaccuracy.
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6.2.

Discussion of the hypothesis 2

The second hypothesis is proposed to test the detrimental effects of task switching on
productivity of computer-based activities. The negative influences of task switching
have been suggested in a variety of studies, such as the “switching cost” (Monsell,
2003), “chain of diversity” (Iqbal and Horvitz, 2007) and “difficulty of concentration”
(Waite and Bowman, 2007). Nevertheless, this prediction is not supported in the
present study.
Several explanations could be proposed for this result. A group of researchers present
that task switching has both positive and negative effects on productivity. Apart from
the issues mentioned above, it can also provide valuable information for the primary
task (Jin & Dabbish, 2009). Additionally, it can bring new ideas (Mark, Gonzalez &
Harris, 2005). Hence, it could be interpreted that a percentage of task switching
occurred in this study increased the productivity of participants while other part
reduced the performance. As a consequence, the data reflected both opposite effects
leaded to the uncorrelated relationship between productivity and average time spent
on each application. In this case, it is necessary to investigate characteristic of task
switching, which can indicate whether a specific switching is beneficial of harmful to
the primary task, to predict productivity with this approach.
Another explanation could be the “work sphere” proposed by González and Mark
(2004), which is defined as a group of interrelated activities with a common goal. It is
indicated from their research that constantly switching between activities is not
challenging while it could be problematic for switching at higher levels of events, the
work spheres. In other words, the data collected in this experiment was computerbased activities, which could not represent the higher levels of events as González and
Mark (2004) describe. And from this perspective, to analyse the effects of task
switching, it is necessary to gather data in terms of work spheres. However, the data
of work sphere is gained by shadowing observation and interviews in the study of
González and Mark (2004), and it could be extremely challenging to collect this type
of data in an automatic way, which is essential for the Quantified Self technology.
Hence, further research could be carried out on measuring work spheres.
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6.3.

Discussion of the methodology

The method employed in the present study is derived from the experiment of Mark et
al. (2014), which bring several benefits. First of all, since both the automated data
tracking and experience sampling record timestamp, it offers the advantage to
examine the correlation between the RescueTime data and self-report data. Moreover,
it is indicated in this experiment that a combination of quantitative and qualitative
data provides a deeper understanding on users’ activities. And particularly both
techniques are beneficial to conduct in situ investigation of working behaviour in a
“micro-view” without disturbing participants’ work.
Notably, apart from the academic field, these two techniques are also widely used in
various Quantified Self applications. Automatic data tracking is exploited in tools
such as Nikeplus and RescueTime, while experience sampling is utilised by a number
of systems such as Expereal and MoodPanda to track subjective states. During the
study, the characteristics of both approaches were also examined. Thus, the present
experiment can also provide implication for the Quantified Self technology design.

6.4.

Implications for the Quantified Self technology design

Two techniques employed by most of Quantified Self technology, automated data
collection and experience sampling, were adopted in the present research. The
advantages and disadvantages of these two methodologies indicated in this study
could provide implications for the Quantified Self technology design. It has been
suggested by various studies that automatic self-tracking plays a vital role in the field
of Quantified Self. Particularly it is advantageous to overcome the issue discussed by
Li, Dey & Forlizzi (2010), such as lack of time, and to improve the accuracy of selfestimation (Cox, Bird, & Fleck, 2013). Moreover, it is essential to break down the
barrier facing the widespread adoption of this technology (Swan, 2013).
However, the limitations of this technique are revealed in this study, which is the
inaccuracy of representing qualitative data. Another disadvantage is the types of data
tracked by automated applications are limited. A paradigm discovered in this study is
that this type of tools is unable to track off-line activities, such as meetings or process
of planning and decision making, which are also clearly crucial for the analyses of
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productivity. Furthermore, research indicates that in some circumstance users might
consider automated self-tracking data as “not useful” (Li, Dey & Forlizzi, 2010).
With respect to experience sampling, this method is currently exploited by a number
of Quantified Self applications, especially for tracking qualitative phenomena (Swan,
2013). Notably this means have several benefits including the usefulness of
describing the patterns of an individual’s daily experience, possibility of evaluating
common experience and the advantages of investigating subjective states
(Csikszentmihalyi & Larson, 1987).
Nevertheless, there are some drawbacks of this method discovered in this research.
First of all, the amount of data collected by experience sampling, 192 hours, was
much less than automated tracking, 753 hours. In addition, there were some errors
made in the self-report records such as an hour was reviewed though RescueTime
indicated that there was not digital activities carried out at that hour. Furthermore,
previous research present that various factors such as social desirability and cognitive
biases might influence the results of experience sampling (Scollon, Prieto & Diener,
2009).
Thus, regarding the design of Quantified Self technology, it is important to consider
both the benefits and drawbacks of these two techniques. A number of researchers
suggest that it could be more sophisticated to use multi-method approach for data
collection (Scollon, Prieto & Diener, 2009) since both techniques can complement
each other. It also could be promising to use these two methods in different stages of
self-reflection. For example, some Quantified Self applications employ automated
tracking system as an input to ensure the accuracy and utilise qualitative method to
realise meaning making which is favourable to understanding of the data (Swan,
2013; Taleb, 2010). In addition, the designers might need to contemplate the trade-off
between accuracy and the level of automation in terms of data collection, which is
indicated in this research.
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6.5.

Contributions of this study

The present study could contribute in a number of aspects. In the first place, to the
best knowledge of the author this is the first study to investigate the reliability of
Quantified Self technology in terms of measuring productivity of computer-based
activities. It is demonstrated in this research that one of the typical Quantified Self
applications, RescueTime, fails to accurately measure self-report productivity ratings.
The findings somewhat raise the problem facing this emerging technology, the
limitation on reflection of subjective states.
Additionally, the two techniques adopted in various Quantified Self applications,
automated data collection and experience sampling, have been examined in this study.
It is indicated that both methods have benefits and drawbacks in specific conditions
and could be complement for each other. Implications for design of this type of
applications are proposed including combination of both techniques and the
contemplation on the trade-off between accuracy and barriers of data input.
Moreover, the effect of task switching on productivity is tested in this study and it is
presented that the level of task switching among digital activities is not able to predict
productivity. This finding implies that instead of mere focus on the digital activities
per se, the characteristic of task activities, such as work sphere (González and Mark,
2004) could be further investigated.
Furthermore, it is notable that the multi-method approach (Mark et al., 2014)
exploited in this experiment could be promoted to other relevant studies. The
combination of the two methods present considerable benefits on data collection, the
validation of data and data interpretation. Specifically, the automatic data collection
can ensure the accuracy of quantitative data while the experience sampling can be
utilised to illustrate the meaning.

6.6.

Limitations of this study and future work

In the first place, the sample size could be a major issue for this experiment. Due to a
number of reasons such as the holiday season and the limit of budget, merely 16
persons were recruited in this research. Moreover, the data of 6 participants were
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removed since several causes such as the technical issues of the RescueTime account,
compatibility problem and insufficiency of data record. And due to the time limit,
solely five working days were tracked. Further research could be carried out with a
larger sample size to examine whether the results can be replicated.
In addition, one of the argument developed in this study is to present the limitations of
the Quantified Self technology on reflect subjective states, while it could be
questionable that merely one application was examined in the experiment. Apart from
the investigation of productivity, further experiments could be conducted to examine
applications in other areas such as mood trackers.
Moreover, more types of data could be collected to examine the impact of task
switching on productivity. Since the data of computer-based activities tracked by
RescueTime is limited in several types and without various details of tasks such as
input and windows switches, comprehensive analyses on task switching could be
conducted. Tools with relevant functions could be developed in further research to
study this factor. In addition, more efforts could be devoted to automatically capture
the data of the work sphere proposed by González and Mark (2004) and examine the
related influence on productivity.
The last limitation of this experiment could be the potential inaccuracy of the data
from experience sampling since it might be influenced by various factors such as
social desirability and cognitive biases (Scollon, Prieto & Diener, 2009). Thus, further
research could be conducted to examine whether it can be replicated. Also, other
methods (Ramírez & Nembhard, 2004) for measuring productivity could be used to
scrutinise the reliability of the Quantified Self technology.

CHAPTER 7.

CONCLUSION

This research examined the reliability of the Quantified Self technology on the
reflection of people’s productivity. Additionally, it investigated the effect of task
switching on the productivity of computer-based activities. The results indicated that
neither the productivity score of RescueTime nor the frequency of task switching
could predict users’ productive states. The findings suggested that more
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comprehensive data collection and technology advance were required to accurately
measure qualitative data with the Quantified Self technology. Moreover, both
techniques, automated data collection and experience sampling was discussed based
on the experiment. The former technique is advantageous for accuracy of quantitative
data and the efficiency of data collection, while has limitations on understanding data
and qualitative measurement. The latter method has the benefits of data interpretation
and collecting qualitative data, while it require more efforts from users and might lead
to errors and biases.
A number of contributions have been made in this study. First of all, it raised the
issues of the reliability of current technology of the Quantified Self. In addition,
through the discussion of both techniques, implications were provided for the design
of the Quantified Self systems. It is suggested that a combination of both quantitative
and qualitative data collection can improve the effectiveness. And the trade-off
between accuracy and efficiency should be considered by the designers of this type of
applications. Moreover, the multi-method approach could be employed to investigate
relevant topics in other areas.
Further research could be carried out in a number of directions. In the first place,
study with larger sample size could be carried out to investigate whether the results of
the present experiment can be replicated. Moreover, the effectiveness of the
Quantified Self technology in other fields such as emotional states could be examined.
In terms of productivity, other techniques of measurement could be tested and more
characteristics of tasks could be analysed.
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Appendix B. Example of RescueTime productivity report
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Appendix C. Example of categorised activities in RescueTime
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Appendix D. Information sheet & consent form
	
  

Information	
  Sheet	
  for	
  Participants	
  in	
  Research	
  Studies	
  
You	
  will	
  be	
  given	
  a	
  copy	
  of	
  this	
  information	
  sheet.	
  
Title	
  of	
  
Project:	
  	
  	
  

An	
  analysis	
  of	
  relationship	
  between	
  productivity	
  and	
  activity	
  
data	
  

This	
  study	
  has	
  been	
  approved	
  by	
  the	
  UCL	
  research	
  Ethics	
  Committee	
  as	
  Project	
  ID	
  
Number:
	
  
UCLIC/1314/003/MSc	
  Cox/epiphanies	
  
	
  
Name,	
  Address	
  and	
  Contact	
  Details	
  of	
  
Investigators:	
  	
  
	
  
Investigator:	
  Hongbin	
  Zhuang	
  
	
  
Telephone:	
  07541724318	
  
Email:	
  Hongbin.zhuang@gmail.com	
  

Principal	
  investigator:	
  Duncan	
  Brumby	
  
	
  
UCL	
  Interaction	
  Centre	
  
8th	
  Floor	
  Malet	
  Place	
  Engineering	
  
building	
  
Gower	
  Street	
  
London	
  WC1E	
  6BT	
  
	
  
Telephone:	
  +44	
  20	
  7679	
  0689	
  (x	
  30689)	
  
Email:	
  brumby@cs.ucl.ac.uk	
  

We	
  would	
  like	
  to	
  invite	
  you	
  to	
  participate	
  in	
  this	
  research	
  project.	
  You	
  should	
  only	
  
participate	
  if	
  you	
  want	
  to;	
  choosing	
  not	
  to	
  take	
  part	
  will	
  not	
  disadvantage	
  you	
  in	
  any	
  
way.	
  Before	
  you	
  decide	
  whether	
  you	
  want	
  to	
  take	
  part,	
  it	
  is	
  important	
  for	
  you	
  to	
  read	
  
the	
  following	
  information	
  carefully	
  and	
  discuss	
  it	
  with	
  others	
  if	
  you	
  wish.	
  Ask	
  us	
  if	
  there	
  
is	
  anything	
  that	
  is	
  not	
  clear	
  or	
  if	
  you	
  would	
  like	
  more	
  information.	
  	
  
	
  
Details	
  of	
  the	
  study	
  
	
  
This	
  study	
  aims	
  to	
  understand	
  the	
  relationship	
  between	
  productivity	
  and	
  people’s	
  
behaviour	
  on	
  computers.	
  RescueTime	
  and	
  Evernote	
  are	
  used	
  in	
  this	
  study	
  to	
  gather	
  
relevant	
  data.	
  After	
  installation,	
  the	
  RescueTime	
  will	
  automatically	
  track	
  the	
  
applications	
  used	
  and	
  the	
  time	
  spent	
  on	
  each	
  application	
  on	
  computer.	
  Evernote	
  will	
  
notify	
  you	
  5	
  times	
  a	
  day	
  to	
  complete	
  a	
  very	
  short	
  record.	
  Data	
  will	
  be	
  gathered	
  for	
  5	
  
working	
  days.	
  
	
  
Male	
  and	
  female	
  are	
  being	
  recruited	
  between	
  the	
  ages	
  of	
  20	
  and	
  40,	
  who	
  work	
  over	
  6	
  
hours	
  per	
  day	
  (mainly	
  using	
  computer).	
  Recruits	
  are	
  also	
  using	
  operation	
  systems	
  in	
  
English.	
  
	
  
All	
  data	
  will	
  be	
  handled	
  according	
  to	
  the	
  Data	
  Protection	
  Act	
  1998	
  and	
  will	
  be	
  kept	
  
anonymous.	
  Only	
  the	
  UCL	
  HCI-‐E	
  postgraduate	
  students	
  working	
  on	
  this	
  project	
  and	
  
their	
  supervisors	
  will	
  analyze	
  these	
  data.	
  With	
  your	
  permission,	
  we	
  may	
  want	
  to	
  quote	
  
you	
  (anonymously)	
  for	
  teaching,	
  conferences,	
  presentations,	
  publications,	
  and/or	
  
project	
  work.	
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In	
  addition,	
  with	
  your	
  permission,	
  we	
  may	
  want	
  to	
  use	
  audio	
  recordings,	
  video	
  or	
  still	
  
images	
  which	
  may	
  contain	
  and	
  be	
  recognisable	
  as	
  you	
  (anonymously)	
  for	
  teaching,	
  
conferences,	
  presentations,	
  publications,	
  and/or	
  project	
  work,	
  some	
  of	
  which	
  may	
  be	
  
available	
  online.	
  	
  
	
  
It	
  is	
  up	
  to	
  you	
  to	
  decide	
  whether	
  or	
  not	
  to	
  take	
  part.	
  If	
  you	
  decide	
  to	
  take	
  part	
  you	
  will	
  
be	
  given	
  this	
  information	
  sheet	
  to	
  keep	
  and	
  be	
  asked	
  to	
  sign	
  a	
  consent	
  form.	
  If	
  you	
  
decide	
  to	
  take	
  part	
  you	
  are	
  still	
  free	
  to	
  withdraw	
  at	
  any	
  time	
  and	
  without	
  giving	
  a	
  
reason.

Informed	
  Consent	
  Form	
  for	
  Participants	
  in	
  Research	
  Studies	
  
(This form is to be completed independently by the participant after reading the Information
Sheet and/or having listened to an explanation about the research.)

Title	
  of	
  
Project:	
  	
  	
  

An	
  analysis	
  of	
  relationship	
  between	
  productivity	
  and	
  activity	
  
data	
  

This	
  study	
  has	
  been	
  approved	
  by	
  the	
  UCL	
  research	
  Ethics	
  Committee	
  as	
  
Project	
  ID	
  Number: UCLIC/1314/003/MSc	
  Cox/epiphanies

	
  
	
  
	
  Participant’s	
  Statement	
  
	
  
	
   	
  …………………………………………......................................	
  
I	
  
	
  
agree	
  
that	
  I	
  have	
  
	
  
	
  	
  
! read the information sheet;
	
  
!

had the opportunity to ask questions and discuss the study;

!

received satisfactory answers to all my questions or have been advised of an individual
to contact for answers to pertinent questions about the research and my rights as a
participant.

I understand that I am free to withdraw from the study without penalty if I so wish. I
understand that I consent to the processing of my personal information for the purposes of
this study only. I understand that any such information will be treated as strictly confidential
and handled in accordance with the provisions of the Data Protection Act 1998.

	
  

Signed:	
  

Date:	
  

Investigator’s	
  Statement	
  
I ……………………………………………………………………..
confirm that I have carefully explained the purpose of the study to the participant and outlined
any reasonably foreseeable risks or benefits (where applicable).

	
  

	
  

Signed:	
  

Date:	
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Appendix E. Participants demographics
#

	
  

Sex

Location

Age range

Occupation

1 Female

UK

20-25

Researcher

2 Female

UK

25-30

Researcher

3 Female

UK

25-30

Researcher

4 Female

UK

25-30

Researcher

5 Female

UK

25-30

Researcher

6 Male

UK

30-35

Student

7 Female

UK

30-35

Student

8 Male

China

30-35

Developer

9 Male

China

25-30

Designer

10 Female

China

20-25

Designer
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