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Thesis Abstract — Academic Year 2015

Detection of User’s Interruptibility for Attention Awareness in
Ubiquitous Computing

There has been an explosion of information available for people to read and act on in the
age of ubiquitous computing. Users computing experience have been getting all-day long,
carrying and using an increasing number of mobile and wearable devices with an increasing
number of applications, and being connected to more number of remote users. Notification,
a side channel for pushing information from a computer to a user has been a taking on
greater importance in such computing, with increasing versatility in the notification source,
an increasing length of notification experiences, and an increasing number of devices as
the notification destination. On the other hand, a human user’s attention resource with a
limited amount of capacity is, however, remaining constant. This research addresses the
problem of interruption overload, a situation in which too many ill-timed interruptions by
notifications delivered to the user in an as-soon-as-possible manner cause the user’s divided
attention and negatively affect their performance.

What is fundamentally needed in computer systems is attention-awareness, particu-
larly the fundamental functionality of attention sensing. This dissertation shows that the
breakpoint of user’s activity, as an interruptible timing that lowers the user’s perceived
workload while preserving their limited attention resource, can be sensed in real-time, in a
mobile and wearable multi-device environment without external psycho-physiological sen-
sors, and without modifications to the existing operating systems and applications. The
design and the implementation of “Attelia”, the first middleware that realizes such detec-
tion, are proposed along with an extensive evaluation through user studies on the partici-
pants’ real mobile and wearable environment. The evaluation validates the effectiveness of
Attelia, which results in a significantly lower overhead in the user’s workload perception
when receiving notifications in the detected breakpoint timing on a smartphone or smart
watch, or in a multi-device environment with a combination of such devices.

Keywords: ubiquitous computing, interruption overload, attention-awareness, interrupt-
ibility, mobile sensing, mobile multi-device environment
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Chapter 1

Introduction

There has been a huge increase in the amount of information available for people to read and
act upon. However, the amount of user attention that can be applied to this growing amount
of information has remained constant with a limited capacity [53]. Approaches for dealing
with this include multitasking or dividing one’s attention among a number of sources, and
relying on push notifications to bring information from the background of their attention to
the forefront.

However, notifications are responsible for an even greater number of interruptions. This
is exacerbated by the fact that users are carrying, wearing, and using a growing number of
computing devices including notebook computers, tablets, smartphones, smart watches, or
wearable sensors [31,71], all of which can deliver interruptive notifications. Making the
problem even worse is the growing number of applications installed on each device (along
with a back-end service running on the cloud), each of which can also interrupt a mobile
device owner. In particular, communication-based applications that support phone calls,
text chats, and social networking suffer from such interruptions. However, games, news,
and other applications also have similar issues. With these diverse types of devices and
applications supporting the daily lives of users “ubiquitously,” the overall computing of
users has become a 24-hour experience, rather than just an 8-hour a day experience when
old style computers only supported the user’s computing while at work. Thus, the users’
experience with interruptive notifications is also becoming an all-day affair.

Each of these trends has contributed to a setting in which the every-day lives of users
are significantly impacted [19, 65, 82] by the feeling of being constantly interrupted by
such computing systems. This form of distraction caused by the excessive number and
inappropriate delivery of notifications from computing systems is defined as “interruption
overload.”

1.1 The Problem

To address the interruption overload that takes up a user’s limited amount of attention,
computer systems need to have a capability of “attention-awareness,” in which a computer
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system uses the status of the user’s attention to provide information and/or services to the
user in a way that contributes to preserving their precious attention. In particular, among
the possible concrete functionalities of attention-awareness such as sensing, adaptation,
prediction, and management, attention sensing is the first and most challenging research
problem because (1) attention sensing literally requires the sensing of a human’s internal
attention state, and (2) all other functionalities depend on information regarding the status
of their sensed attention.

In this thesis, I concentrate particularly on the following key challenge: how to sense
a user’s current attention status, which enables adaptive information delivery in a
notification system in real-time, in users’ mobile and wearable computing situations,
and easily.

Real-time sensing of a solution is important because a system’s adaptive behavior needs
to be executed in real-time, and not in a post-hoc analysis-based manner. Affinity with a
user’s mobile and wearable computing situations is also crucial because the ubiquity of
diverse mobile and wearable devices has become the daily computing experience of users.
Easiness of the solution, in terms of minimizing the burden of end users and developers in
the deployment of a solution, is another significant characteristic. The requirement of ad-
ditional external devices, such as psycho-physiological sensors, including ECG monitors,
can be a big obstacle for a user’s day-long use. In addition, requiring modifications to the
existing computer systems, such as operating systems and each of their numerous applica-
tions, has brought about significant burden to developers, lowering the deployability of a
solution.

1.2 Previous Approaches to Attention Sensing

Several different approaches have been taken to sense a user’s level of attention, particularly
in terms of the current availability or load of the resources.

The first approach is to use various types of psycho-physiological sensors, such as an
eye tracker, an ECG-monitor, an EEG headset, and/or a heart rate monitor. Haapalainen et
al. [32] found that a combinational use of an electrocardiogram and heat flux is the most
accurate at classifying low and high levels of cognitive load. Although this approach can
detect the load of a resource in real-time, the burden to users in wearing two different sensors
is not trivial.

The second approach is to estimate the user’s interruptibility based on various types of
context information of the user. After an early work by Hudson et al. [38] in the field of
desktop computing, which constructed statistical models for predicting the interruptibility
of office workers in a posteriori manner, there have been several studies in the field of
mobile computing.

Works by Hofte et al. [83] and Pejovic et al. [68] addressed interruptibility estimations
based on the user’s context information collected mainly on the smartphones. However,
such context information, such as the emotional status of users and the number of compa-
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nies, needs to be input manually and continuously by users, with rooms for improvement
remaining in terms of easiness of use.

Following the work on desktop computing by Igbal et al. [45], another class of work
in the field of mobile computing has been conducted to find the breakpoint [63], which
according to several studies [2,42,43] is the boundary between actions within the user’s
activity and the timing at which a notification delivery results in a lower cost. Ho et al. [34]
focused on the breakpoint in a user’s physical activity, but their system requires the use of
an external on-body sensor. Fischer et al. [23] targeted the breakpoint timing immediately
after phone-call and texting activities. Although their system showed positive results, the
applicability of their system is limited only to a specific class of phone applications.

1.3 Solution: Attelia

As a solution to the present research problem, this study proposes Attelia, a middleware
that detects the opportune interruptive notification timing of users (concretely, the timing of
the breakpoint) on mobile and wearable devices in real-time without the need for external
dedicated psycho-physiological sensors or any modifications of the applications running
on the devices. Attelia uses the breakpoint as a temporal adaptation target of notification
delivery, and uses a mobile machine learning technique with various types of mobile sensing
for the breakpoint detection.

My first prototype, Attelia I, is a novel middleware used on a smartphone that identi-
fies the breakpoint timing during the user’s manipulation of their smartphone device. Us-
ing time-series Ul event data during the user’s device interaction as the sensor data, and
machine-learning based real-time breakpoint classification, this system detects the user’s
breakpoint while the user is actively manipulating their device. My evaluation proved the
effectiveness of Attelia I. The first controlled user study conducted showed that notifications
at the detected breakpoint timing resulted in a 46% lower workload perception compared
to randomly timed notifications. A second in-the-wild user study with 30 participants that
took place over 16 days further validated the value of Attelia I, showing a 33% decrease in
workload perception compared to randomly timed notifications.

My second prototype, Attelia II, extended Attelia I by additionally supporting break-
point detection in multiple mobile user devices and under wearable computing situations,
and by supporting breakpoint detection both while the user actively manipulates their device
and when they do not. My in-the-wild evaluation in a multiple mobile user device environ-
ment (smartphones and smart watches) with 41 participants for a one-month long period
proved the effectiveness of the proposed system. The new physical-activity based break-
point detection, in addition to the Ul-event based breakpoint detection, resulted in a 71.8%
greater reduction of the user’s workload perception compared with my previous system in
which only Ul events are used. Adding this functionality to a smart watch reduced the work-
load perception by 19.4% compared to a random timing of notification deliveries. Finally,
I demonstrated that my multi-device breakpoint detection method across smartphones and
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smart watches reduced the user’s workload perception by 31.7%.

1.4 The Thesis Statement

The thesis statement of this research is as follows.

As an interruptive notification timing that lowers the user’s workload per-
ception overhead in preserving their limited attention resource, the break-
point of the users in terms of both physical activity and user-device interac-
tion can be sensed in real-time on mobile and wearable devices without the
need for external psycho-physiological sensors or modifications to existing
operating systems and applications.

1.5 Contributions

The contributions of this dissertation are three-fold: (1) conceptual contributions, (2) arti-
facts, and (3) the evaluation results.

Conceptual contribution

The first contribution is the concept of real-time breakpoint detection using sensor data on
mobile and wearable devices. To the best of my knowledge, Attelia is the first system that
detects such breakpoints in real-time, solely on a smartphone, and not needing external
psycho-physiological sensors or modifications to versatile applications on the system. This
concept is supported by several software technologies and the concepts proposed in earlier
studies, such as machine learning and mobile activity recognition using the sensors on a
mobile device. Utilizing a sensor among a rich set of sensors on a powerful device, and
using a real-time classification based on the machine learning approach, a periodic execu-
tion of classification of real-time sensor data enables such detection of breakpoints, which
actually lowered the user’s workload perception in my evaluation.

The second contribution is the concept of combinational breakpoint detection using
two different types of detection, namely, user interaction-based and physical activity-based
breakpoint detections. To the best of my knowledge, Attelia II is the first system on mobile
and wearable devices that in-combination and opportunistically uses such multiple types
of breakpoints to detect a final conclusive breakpoint, covering the comprehensive daily
ubiquitous computing lives of users. Covering the user’s real-world life in ubiquitous com-
puting, a combinational use of various types of sensor data is important for several reasons.
First, this is because applications in ubiquitous computing have versatility in their form of
usage, such as conventional interactive applications where users manipulate the application
on the screen in real-time by interactively manipulating the user interface, or various types
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of new applications, such as those that utilize embedded sensors and track the user’s activi-
ties, by running and sensing in the background continuously and rather silently. The user’s
computing experience (hence, their notification experience as well) has become an all-day
long affair, as users carry their mobile and wearable devices, and continuously run diverse
types of applications. The combinational use of the two types of breakpoint detection is
significant in comprehensively covering such “24/7” computing experience of users.

Artifacts

In this research, two versions of my research prototype, namely Attelia I and II, were de-
veloped on the Android platform (both the generic Android 4.3 and Android Wear 5 plat-
forms). As proposed, the Attelia prototypes detect the user’s actual breakpoints, and works
effectively without modifying the original Android operating systems, or versatile Android
applications contributed to by developers, installed on the device, and utilized by the user.
Toward further research opportunities on attention-awareness, this artifact will be the fun-
damental platform on mobile and wearable devices.

Evaluation

An actual evaluation of the system through a series of in-the-wild user studies on a user’s
real daily computing environment, as well as their results, are yet another contribution of
this research. To the best of my knowledge, this research is the first to evaluate the real-time
breakpoint detection in single and multi-device ubiquitous computing environments with
such extensive “real-world” user studies.

Using Attelia I with user interaction-based breakpoint detection on a smartphone, my
16-day long in-the-wild user study with 30 participants validated the value of my proposal,
showing a 33% decrease in workload perception compared to randomly timed notifications.

Another in-the-wild user study on Attelia II, which used 41 participants for a one-month
long period, validated the further effectiveness of Attelia in a multi-device environment
(smartphones and smart watches). My new physical activity-based breakpoint detection, in
addition to user interaction-based breakpoint detection, resulted in a 71.8% greater reduc-
tion of user workload perception as compared with my previous system that used Ul events
only. Adding this functionality to a smart watch reduced the workload perception by 19.4%
compared to the random timing of notification deliveries. Finally, I demonstrated that my
multi-device breakpoint detection across smartphones and watches reduces the user’s work-
load perception by 31.7%, which is a 295% greater reduction than my own previous system.

1.6 Dissertation Road-map

This dissertation establishes the above thesis through the following steps:
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1. First, in Chapter 2, several distinctive key phenomena in ubiquitous computing are
specified, namely, the (1) ubiquity of computers around users, (2) ubiquity of appli-
cations and services around users, (3) communication connection among users, and
(4) user’s day-long computing experience.

2. Next, in Chapter 3, notifications used in computing and several of their distinct trends
are presented. After interaction models between the user and computer are catego-
rized, the basic concept of notification in computing with the given background is
introduced. Finally, the key trends in the notification, namely (1) increasing notifi-
cations from versatile sources, (2) using multiple mobile devices as targets, and (3)
increasing the length of the notification experience, are specified.

3. Next, in Chapter 4, attention-awareness in computing is discussed. After introduc-
ing several past studies in the area of attention including its limited capacity and the
concept of divided attention in the field of cognitive psychology, the interruption
overload problem is defined. Toward resolving the interruption overload problem,
this dissertation discusses attention-awareness as a fundamentally needed capabil-
ity in computer systems. Finally, attention sensing, the most fundamental part of
attention-awareness, is defined along with its requirement in the given background,
namely, (1) compatibility with a user’s multiple mobile and wearable devices, (2) ap-
plicability to diverse types of notification sources, (3) day-long use, and (4) real-time
sensing.

4. Next, in Chapter 5, several previous approaches and works on attention sensing are
presented, including a psycho-physiological sensor-based approach, interruptibility
sensing based on various types of context information, and an approach for finding
users’ breakpoints at which notification delivery is known to lower the user’s work-
load perception overhead.

5. Then, in Chapter 6, Attelia, my proposal for attention status sensing, is overviewed.
In addition, some key features, technical approaches, and a hybrid multi-device break-
point detection model are presented.

6. Using the first prototype, Attelia I, Chapter 7 indicates that, on a single mobile device,
breakpoints during a user’s device interaction period can be detected in real-time us-
ing the proposed middleware on the mobile device solely, and without any external
psycho-physiological sensors or modifications to existing systems and applications.
An extensive user study validates the effectiveness of Attelia I, illustrating that no-
tification delivery during breakpoint timing (detected by Attelia) reduces the user’s
workload perception overhead compared with the overload when delivering notifica-
tions through random timing.

7. Using the second prototype, Attelia II, Chapter 8 shows that breakpoints during both
the user’s device interaction period and non-active manipulation period can be de-
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tected in real-time solely with the Attelia middleware on a combination of mobile
and wearable devices without the need for any external psycho-physiological sensors
or modifications to existing systems and applications. Another user study showed the
effectiveness of Attelia Il. i.e., (1) Attelia effectively reduces the user’s workload per-
ception on smart watches, (2) the additional breakpoint detection of user’s physical
activity improves Attelia’s performance, and (3) the combinational use of multiple
breakpoint detection across multiple devices further improves Attelia’s level of per-
formance.

8. Finally, Chapter 9 provides concluding remarks regarding the present research and
clarifies some areas of future work.



Chapter 2

Background: Ubiquitous Computing

This section describes the background of this research, ubiquitous computing. After briefly
introducing the concept of ubiquitous computing, which in a broader sense is the target
computing area of the present research, I will introduce several different recent key phe-
nomena.
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2.1 Ubiquitous Computing

Ubiquitous computing [88] is a concept in the computer science field in which computing
occurs “everywhere,” supported by various types of computing devices and their networks,
which exist “ubiquitously.”

“The most profound technologies are those that disappear.”
“Consider writing, perhaps the first information technology.”
“Today this technology is ubiquitous in industrialized countries.”

“The constant background presence of these products of “literacy technology”
does not require active attention.”

Weiser [89]

Weiser used the electric motor as another example of a ubiquitous technology in current
society [89] to explain the concept of ubiquity. Typical industrial facilities, such as factories
and workshops, used to apply single engines to provide motive power to numerous machines
through physical systems, such as shafts and pulleys. The innovation of the small electric
motor, with efficiency and a cheap price, enabled such machines to contain their own inner
motive power source. After a while, such machines eventually started to be equipped with
multiple electric motors inside them. Nowadays, vehicles are typically equipped with 40 to
100 electric motors of their own [13].

The Third Wave

“Ubiquitous computing names the third wave in computing, just now begin-
ning. First were mainframes, each shared by lots of people. Now we are in the
personal computing era, person and machine staring uneasily at each other
across the desktop.”

Weiser [89]

Ubiquitous computing is said to be the “third wave in computing” [90], coming after the
first wave of mainframe computing and the second wave of personal computing, as shown
in Figure 2.1.

Mainframe computing is a situation in which large numbers of people share a single
computer. In personal computing, in contrast, “you have your own computer” [90]. Al-
though it has often been said that mobile phones, including smartphones, are representative
examples of the third ubiquitous computing wave, it is natural for them to be classified as a
part of personal computing because, according to Weiser, “any computer that fully engages
or occupies you when you use it is a personal computer” [90]. Weiser pointed out that
the differences between these waves are not in the types of devices themselves, but in the
relationships between people and devices. In the era of ubiquitous computing, enormous
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numbers of different types of computers will be included inside “everything,” sharing each
of'us, and a fundamental change in the relationship between such computers and users will
occur.

A world with numerous types of Internet of Things (IoT) devices, along with recent
mobile and wearable devices, can be regarded as the real third wave, at least in terms of the
device configuration, as shown in Figure 2.2.

13

—Mainframe (one computer, many
16 + people)}

—PC {(one person, one computer)
14 L
—Uhbiguitous Computing {one
person, many computers)

1940
1945
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8§ § 85 8 8 8

Source: Ubiquitous Computing by Weiser [88]
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Figure 2.1: “The Major Trends in Computing” in [88]
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Figure 2.2: “Global Internet Device Installed Base Forecast” in [10]
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Calm Technology Enabling “Disappearance”

However, the fundamental technology for ubiquitous computing is not powerful proces-
sors or Internet connectivity, although these are definitely necessary components. The key
functionality in computer systems is what Weiser called “calm technology” in ubiquitous
computing. When computers are all around us in our daily lives, “they better stay out of
the way” [90], allowing us to remain calm and serene.

Although it may seem that information technology is often regarded as being incompat-
ible with calmness, Weiser pointed out that several existing ubiquitous technologies, such
as a fine writing pen and a comfortable pair of shoes, have already been bringing us a sense
of calmness. He mentioned the following as the key.

“We believe the difference is in how they engage our attention. Calm tech-
nology engages both the center and the periphery of our attention, and in fact
moves back and forth between the two.”

Weiser [90]

In the following sections of this chapter, I focus particularly on several concrete phe-
nomena and trends happening in the recent age of ubiquitous computing. All of what I
introduce here is important background of this research area.

2.2 Ubiquity of Computers around Users

The number of networked computing devices in a user’s surrounding environment has been
increasing. According to a 2014 survey conducted by GlobalWebIndex on Internet users
aged 16 to 64, people tend to own an increasing number of computing devices. Figure 2.3
shows the rate of ownership of seven representative personal IT devices: a PC/laptop, smart-
phone, tablet, game console, smart TV, smart watch, and smart wristband. The average
number of devices owned per person is 3.35 (worldwide), and Figure 2.4 shows these num-
bers for various countries. In addition, when looking at the average number of devices that
people are using to access the Internet, the number is clearly increasing over time, as illus-
trated in Figure 2.5. In 2011, people went online using 2.12 devices on average. However,
as of the end of 2014, this number has risen to 2.78.

Moreover, another recent report reveals that users tend to carry multiple devices and
even use them simultaneously [31]. For example, 75% of the time when users are using a
tablet, they are using another device (35%, a smartphone; and 44%, a television). In partic-
ular, the trend of watching TV with simultaneous Web access from a tablet or smartphone
is called “second-displaying.”

Among these various types of devices, the current center is the smartphone, a mobile
phone with a modern multi-tasking operating system, Internet connectivity, a rich comput-
ing performance, and various types of sensors. Table 2.1 shows the technical specifications
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Source: Multi-Device Owners by globalwebindex [87]

Figure 2.3: “Personal Device Ownership” in [87]

of an Apple iPhone 6 Plus, which was released in 2014. Its A8 dual-core CPU with a 1.4-
GHz speed is considered to have a performance of 115.2 Giga FLoating-point Operations
Per Second (GFLOPS). This performance roughly equals the performance of super comput-
ers in the early 1990s, such as the Fujitsu Numerical Wind Tunnel [40,85], which recorded
124.50 GFLOPS in 1993. Another notable feature of the iPhone is its rich configuration of
sensors. An accelerometer, a gyroscope, a proximity sensor, and a compass, as well as a
GPS, cell phone data network interface, Wi-Fi, and Bluetooth enable many opportunities to
sense the environment surrounding the device (in other words, context information around
the user carrying the device).

2.3 Applications and Services in Ubiquitous Computing

Interacting with one’s own carrying (and using) devices, as well as other devices embedded
in the surrounding environment, users can utilize an increasing number of applications and
associated services on the cloud side.

Because computer operating systems have advanced and acquired multi-tasking capa-
bilities, multiple applications have started to be operated on a single computer simultane-
ously. In other words, users have started to be able to use multiple applications on one
computer at the same time. Examples of such operating systems are various time-sharing
systems, UNIX and Microsoft Windows.

On recent mobile devices, users are utilizing an increasing number of applications as
the mobile application market, from which users can easily find and download new appli-
cations, grows drastically. Launched in 2008, Apple’s AppStore is reported to have 1.7-
million active applications as of June 2015. The competing Google Play store has 1.5-
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Figure 2.4: “Average Number of Devices Owned Per Person” in [87]
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Figure 2.5: “The Number of Devices Used to Access the Internet” in [87]

million applications. From these numerous applications on the market, Yahoo Aviate’s
research has shown that smartphone users on average install 95 applications on their phone
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Table 2.1: Specification of iPhone 6 Plus

Type \ Specification ‘
Weight 129¢
CPU Apple A8 (ARM v8-based) (Dual-core 1.4GHz)
RAM 1GB
Display 1080 x 1920 dots
Storage 128GB
Network Interface LTE (Maximum 100Mbps downlink)
Wi-Fi 802.11b/g/n/ac (433Mbps)
Bluetooth (3Mbps)
Sensors Camera with 8 Mega Pixels
Mic
GPS
Accelerometer
Gyroscope
Proximity sensor
Compass
Barometer

and use 35 of them throughout the day [92]. Other research [25] has shown that users con-
tinuously download new applications. Even in one of the most mature app markets in the
U.S.A., consumers have been continually downloading applications at the same rate since
2011 (8.9 apps per month in 2011 versus 8.8 apps per month in 2014).

Finally, behind these numerous applications on user devices are also numerous cloud
services. Driven by several technological advancements, such as various types of Web
Application Framework (WAF) middleware that has enabled rapid service development,
and an elastic cloud infrastructure that has enabled a rapid and scalable service deployment,
we now have an uncountable number of Web services on the global Internet.

2.4 Connection and Communication among Users

The advent of social networking services, in addition to conventional communication chan-
nels (such as email and SMS), has increased the number of people that users communicate
with on a daily basis.

Figure 2.6 shows the number of monthly active users (MAU) of the major social me-
dia services worldwide from 2008 to 2014. The biggest social network, Facebook, has an
MAU of 1.4 billion as of Q1 2015. This number is approximately 20% of the world’s pop-
ulation. According to the results of a survey conducted on online users worldwide, all of
the major social media sites have been receiving greater interest over the past recent years,
as illustrated in Figure 2.7. In addition, the same survey showed that users have been using
an increasing number of social media sites over time, as shown in Figure 2.8.
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Figure 2.7: Online Adults using the Major Social Media Sites, 2012-2014

Figure 2.9 shows that more than 50% of Facebook users (in the U.S. market, 18 years
or older, n = 1,074, as of September 2014) have more than 100 “Facebook friends”, with
the median number being 155.

Furthermore, the frequency of access to each of the major social media sites by reg-
istered users is increasing, as shown in Figure 2.10. In particular, as the survey results
show, some sites such as Facebook and Instagram have nearly 50% (Instagram) or far more
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Figure 2.9: The Number of “Facebook Friends” for Each U.S. Facebook User

than 50% (Facebook) of users who access the site every day. A combined estimation from
the numbers described here tells us that approximately 1 billion people around the world
accesses Facebook daily.

2.5 User’s All-Day Long Computing Experience

Finally, user’s computing is becoming an all-day long experience. The duration of typical
user’s computing used to be 8 hours a day in the era of office computing. However, in the
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Figure 2.10: Frequency of Major Social Media Site Use

age of ubiquitous computing, the duration is reaching close to 24 hours a day, meaning that
a user’s computing experience sometimes takes place even while in bed.

For example, with smartphones or smart wristbands such as Fitbit [24] and Jawbone
UP [51], users can now track their own sleep activity. Figure 2.11 shows the use case
of the Sleep Cycle iPhone application, with which users can wake up at a “comfortable”
time based on their sleep activity as detected by the application and accelerometer on their
iPhone.

1. 2. 3.
Place your phone in your bed. Sleep Cycle analyzes your sleep. Wake up in your lightest sleep phase.

Source: Sleep Cycle [64]

Figure 2.11: Sleep Cycle iPhone Application

Clearly, this trend is strongly related to and is accelerated by other trends presented in
this chapter, such as emerging mobile and wearable devices with a small size, rich computa-
tional capability, and long battery life, and the versatile ubiquitous computing applications
running on them.
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2.6 Summary

In this section, I introduced the concept of ubiquitous computing, which is the background
of the present research, along with several key phenomena:

1. Inubiquitous computing, users interact with an increasing number of diverse types of
networking computer devices, either of their own or of other users in their surrounding
environment.

2. In ubiquitous computing, users are utilizing an increasing number of applications on
their devices and cloud services through a network.

3. In ubiquitous computing, users are communicating with an increasing number of
other connected people through various types of communication services, and more
in real-time.

4. Inubiquitous computing, users’ computing experiences are becoming all-day long af-
fairs, benefiting from more compact, powerful, and energy-efticient mobile devices.



Chapter 3

Notification in Computing

This section describes the use of notification in computing. The first section classifies
interactions between users and computers into four basic models. The next section describes
a notification system used in computing, with an introduction to its historical background.
The final section specifies some distinctive trends in recent computing notification.

19
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3.1 Interaction Models between Users and Computers

Interactions between a user and a computer can be categorized into four types in terms of
the number and timing of the inputs from the user and outputs from the computer: Job Dis-
patching (JD), Real-Time Interaction (RTI), Continuous Updates (CI), and Full Proactivity
(FP), which are shown in Figure 3.1.

User _
input
Job Dispatching (JD)
Computer output
User
Real-Time Interaction (RTI) “real-time” iterations
of inputs and outputs
Computer
User
input
Continuous Updates (CU)
Computer multiple/outputs
User
Full Proactivity (FP)
Computer output without associated input

Figure 3.1: Models of Interaction between User and Computer

* Job Dispatching (JD)

In JD, a user operates a computer by dispatching a command (or a “job” as a sequence
of commands) and receives a result from the computer after a certain period of time.
Because the time lag from the command dispatch to receiving the result is relatively
long (usually on the order of several minutes to even hours), interactions between
users and computers are not defined as “interactive” or in “real-time.” Historically,
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batch systems in the 1960s used this type of operation. Even now, CPU-intensive
computing, such as simulations, video rendering, and large-scale data manipulation
are examples of this type.

+ Real-Time Interaction (RTI)

With this model, a user interacts with a computer through multiple iterations of input
from the user and output from the computer in real-time. Examples of this include,
particularly as an application in the foreground of the computer, a command-line
interface based operation with a shell program and a GUI-based interactive manipu-
lation of an application in a modern widow-based operating system.

Users issue an input to an application by issuing a new character-based command on
a shell or by clicking a button on the GUI interface. The application processes the
issued input accordingly and returns the computational result to the user promptly by
printing a character-based result of the command or displaying a GUI-based result,
usually with a response time on the order of seconds.

Having such a short waiting time, the user basically waits for a response from the
computer and progresses with their task synchronously and in real-time, without con-
ducting any other tasks during the waiting period. The user’s computing task, such as
word processing or step-by-step data processing, will progress through iterations of
command issues by the user and the provisioning of results from the computer. Such
iterations will be repeated during the user’s computing session.

This type of interactive computing was developed in Time Sharing Systems in the
1960s to shorten the waiting time for users. CTSS [16] is a representative first-
generation example of such a system. Using either a Character User Interface (CUI)
or a Graphical User Interface (GUI), this interaction model was introduced to Personal
Computers (PC) in the 1980s, as well as to mobile PCs and even mobile devices and
smartphones.

» Continuous Updates (CU)

The Continuous Update (CU) interaction model is composed of a single input from
a user and one or multiple outputs from a computer repeatedly. A simple example of
this interaction is a continuous query in a database system.

This model was developed to obtain the computational results even more speedily
than using the RTT interaction model. With an RTI, a user needs to issue a new input
command to obtain a new computing result (polling). In contrast, with a CU, the user
can issue a single input and wait for multiple continuous outputs from the computer.

Concrete examples of this model are often seen in Web-based services, such as vari-
ous kinds of alert or recommendation services. Google Alert [29] is an alert service
based on a Web search result with a specified keyword. A user configures a specific
search keyword as the key of an alert. Whenever Google finds a new Web page that
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includes the specified keyword, the service notifies the user. Other examples are var-
ious types of recommendation services that find and notify “shops to recommend”
repeatedly according to the user’s current context (such as location), based on the
user’s singly pre-configured preferences.

* Full Proactivity (FP)

This interaction models involves zero input by the user but one or more responses
from the computer.

The first example of this model is a generic notification from the operating system.
When the computer is almost out of local resources such as free space in the main
memory or hard drive, a warning message or pop-up window notifies the user of the
situation.

Another example of this model is communication application and services, such as
email, chat, or phone calls on the network. When a user has an incoming email,
message, or phone call, the system notifies the user and provides the associated in-
formation, such as the content of the email or message.

3.2 Notification System

This section describes the concept and the system of notification as a distinctive means of
providing information from a computer to a user in the computer system, along with the
background motivation for the invention of a notification system.

Motivation for Notification

Figure 3.2 shows the evolution of computing with different sets of interaction models (in-
troduced in the previous section) over time.

In the early age of computers, including a batch system, interactions between the user
and a computer were mainly based on JD, as shown in “Phase 1” of the figure.

In the age of the Time Sharing System, computers became more interactive in real-time,
as illustrated in “Phase 2.” The interactions between a user and a computer were based on
the RTI model.

In the age of multi-task operating systems (“Phase 3”), such as UNIX, where each user
can execute multiple applications concurrently, interactions between a user and a computer
changed to a mixture of JD and RTI. At a certain moment, the user basically interacts with
the “foreground” application using an RTI, leaving other applications in the background.
However, because task switching between foreground and background applications can be
done easily and virtually in real-time, the user pursues one or more tasks simultaneously by
instantly switching between multiple applications on the system. This is the moment when
the motivation for using a “notification” arose. Without any notification, a background
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Figure 3.2: Transition of Computing with Different Set of Interactions

application with a new computing result to be output to the user needs to wait to be switched
to the user’s foreground before presenting its output. In other words, the user needs to switch
the background application to the foreground to check new outputs from the application.
With a notification capability, such background applications can inform any new events to
the user even before being switched to the user’s foreground.

More recently, as shown in “Phase 4” in the figure, applications running on a computer
tend to have more CU and FP interactions. There are multiple reasons for such a trend. First,
applications are becoming context-aware, having richer capability of adaptation against
various types of user contexts. Various types of events from the operating system, changes
in sensor data read from a local mobile device, or any application layer event sent from a
remote over the network are examples of context changes. The second driver of this trend
is the emergence of numerous types of Web services that are continuously being run on
cloud servers. Many applications on the user’s local device are backed up by such a cloud
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service. From a different point of view, many applications are now “stalls” of the Web
service. Under such a configuration, a variety of application-specific (i.e., service-specific)
computations executed continuously at the server are continuously output, which eventually
leads to a CU output of the application.

Notification System

Since the age of “Phase 3,” where multiple applications could output their computations in
random timing to the user, a notification system was developed as a side channel software
and/or hardware-based component of the operating system, providing information more
speedily and proactively to the user.

The key feature of a notification system is its capability to push information to users
in a more speedy and timely manner. Notifying newly available information (or, at least,
the fact that such information is available) enables the immediate recognition of such infor-
mation by the user. The user can recognize the information (or the fact of its availability)
immediately, rather than by polling the computer to check whether there any such new in-
formation is available, which takes an unnecessarily longer period of time before receiving
the information.

Another important characteristic of a notification system is that, especially in multitask-
ing operating systems, the notification system can provide new information to users from
the background of their current task. While a user is using a specific application in the fore-
ground, other applications and operating systems running in the background can interrupt
the user with a notification. Referring to the fundamental motivation of the notification sys-
tems mentioned above, the delivery of notifications from the user’s background of activity
matches the original design principle of speediness. However, depending on the current
activity status of the user with the foreground application, this delivery scheme may not be
ideal in terms of timeliness from the user’s viewpoint, possibly hindering the user’s current
activity through an interruption.

A notification system in a narrower sense usually means software components in the
operating system. As an early operating system, UNIX has wa l 1 (abbreviation of “Write
All”) command that provided specified messages to all users currently logged onto the com-
puter. Although wa Ll is basically a general-purpose messaging program between users of
the same computer, this command has often been used to notify all users of a rebooting op-
eration. Most modern operating systems, including Microsoft Windows, MacOS, i0S, and
Android OS, have their own built-in notification systems. Figure 3.3 shows examples of
the notifications used in Microsoft Windows and Apple iOS. In addition, several operating
systems have a centralized view of currently posted notifications, such as the Notification
Center in 10S, shown in Figure 3.4.

Almost all current computer users of a major operating system are faced with a certain
amount of notifications. Notifications are used for a number of purposes and situations in
modern computers, such as notifications of a change in status of the computer, incoming
calls, messages from other users, and even emergency disaster alerts [37].
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3.3 Recent Trends in Notifications

Following the transition of computing with different sets of interactions over time, as shown
in Figure 3.2, herein I specify three recent and distinctive trends in notifications. Figure 3.5
illustrates such trends. Each trend is related to the background phenomena in the ubiquitous
computing presented in Chapter 2.
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Figure 3.5: Recent Trends in Notification

* Increasing Notifications from Versatile Sources
The first trend is an increasing number of notifications from an increasing number
of applications installed and running on a computer. Furthermore, behind such ap-
plications are versatile services on the net, and an increasing number of other users
connected to the network. Due to the CU and FP interaction capabilities of such
applications, more notifications are being delivered to users.

* Multiple Mobile Devices as Targets
As mentioned in Section 2.2, users have been carrying and using an increasing num-
ber of devices. Users receive notifications on each device individually. Furthermore,
a user may often install the same application, which can be viewed as a front-end of
a Web service, into their multiple devices. This may lead to a situation with multiple
duplicated notifications with the same content delivered to multiple devices.

* Increasing Length of Notification Experiences
As described in Section 2.5, user’s computing has been changing to an all-day long



CHAPTER 3. NOTIFICATION IN COMPUTING 27

experience, with users surrounded by multiple mobile and wearable devices with a
long battery life and various types of ubiquitous computing applications that support
the users’ lives comprehensively. Under this situation, the notification experience is
also becoming an all-day long affair.

3.4 Summary

This section introduced the use of computing notifications. First, I classified the interactions
between users and computers into four different models, namely, Job Dispatching (JD),
Real-Time Interaction (RTT), Continuous Updates (CU), and Full Proactivity (FP).

As the interactions between users and computers progresses and becomes multiplexed
with the emergence of multi-tasking operating systems, applications in the background have
started to provide users with speedy information through the use of notifications.

Following the transition of computing with different sets of interactions over time, three
distinctive notification trends were specified: (1) an increasing number of notifications from
more versatile sources, (2) multiple mobile devices as targets of notifications, and (3) an
increasing length of notification experience of users.



Chapter 4

Attention-Awareness in Computing

This section addresses attention-awareness in computing. First, I clarify the concept of “at-
tention” along with its nature of capacity limitation, and the situation of “divided attention”
by referring to past articles on cognitive psychology. Next, I define the problem of “in-
terruption overload,” a negative impact on a human user’s attention by too many ill-timed
interruptions from notifications. The final section defines attention-awareness in comput-
ing and the necessary functionalities including attention sensing, which is the scope of this
research. Finally, the requirements of the attention sensing solution will be specified.

28
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4.1 Attention in Cognitive Psychology

Attention is a concept studied in the field of cognitive psychology and refers to how humans
actively process specific information available in their environment. William James, an
American philosopher and psychologist, defines attention as follows.

“Everyone knows what attention is. It is the taking possession by the mind,
in clear and vivid form, of one out of what seem several simultaneously possi-
ble objects or trains of thought. Focalization, concentration, of consciousness
are of its essence. It implies withdrawal from some things in order to deal
effectively with others, and is a condition which has a real opposite in the con-
fused, dazed, scatter-brained state which in French is called distraction, and
Zerstreutheit in German.”

James [50]

Limited Capacity of Attention

As one of the representative characteristics of attention, it is commonly understood that
attention has a limited amount of capacity.

The concept that humans can process only a limited amount of information at any given
time goes back to “filter models” of attention, such as those by Broadbent [12], Treis-
man [86], and Deutsch [20]. These models treated attention as a structural mechanism
that works as a “bottleneck™ and prevents an excessive amount of information (more than
the limit) from being processed at any given time. Figure 4.1 illustrates the processing
structure proposed in the “Filter Theory” by Broadbent [12].

| Effectors |

System for Varying
Output Until Some
— —| —| / Input is Secured
S
= | | ston | Limied
n Selective Capacity
— — Term | X 1
s Store Filter Channel
e (P System)
s
—] —| —]
Store of Conditional
Probabilities
of Past Events
Source: [12]

Figure 4.1: Structure of Broadbent’s Filter Theory in [12]

Later, Morary and Kahneman explored a new idea that information processing is reg-
ulated by a more general limit of capacity. At the center of Kahneman’s capacity model,
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there is the idea of a limited capacity of mental effort (used as a synonym of attention)
that humans can devote to mental work. Figure 4.2 shows the capacity model of attention
proposed by Kahneman [53]. This idea of limited capacity of attention was widely spread
and has been largely influencing other studies. Also in this work, attention was treated as
a “resource” that will be allocated to single or multiple target tasks. Since this release of
this research, attention has been widely understood as a resource, although there have been
several different models of attention resource and allocation, such as the central resource
theory [53] and multiple resource theory [75].
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Figure 4.2: A Capacity Model of Attention by Kahneman [53]

Divided Attention

In theories regarding the concept of a limited capacity of attention resources, one basic idea
is that a limited amount of attention will be allocated to a wide range of current tasks of
the user. Thus, the level of performance of each of these tasks is dependent on the amount
of attention demanded. A decrease in task performance will be observed when the total
attention demanded of the task is more than the available amount of attention resource.
This prudent allocation of available attentional resources to coordinate the performance of
more than one task at a time has been defined as “divided attention” [81].
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4.2 Interruption Overload Problem

As introduced in the previous section, human attention is a resource with a limited capacity.
Meanwhile, in the area of ubiquitous computing, the amount of information available for
each user is increasing, as described in Chapter 2.

Information Overload

Given such a background, a gap between the (unchanged) amount of available attention
resources of a user and the amount of resources demanded by the increasing amount of
information will be significant. In other words, attention will be recognized as a signif-
icantly precious resource. Herbert A. Simon (political scientist, economist, sociologist,
psychologist, and computer scientist) was one of the first people to emphasize the pre-
ciousness of the limited amount of attention expected in ubiquitous computing (using the
words “information-rich world”).

“in an information-rich world, the wealth of information means a dearth of
something else: a scarcity of whatever it is that information consumes. What
information consumes is rather obvious: it consumes the attention of its recip-
ients. Hence a wealth of information creates a poverty of attention and a need
to allocate that attention efficiently among the overabundance of information
sources that might consume it.”

Simon [76]

Toftler used the term “information overload” in his book “Future Shock™ [84], mean-
ing a situation in which a person has a difficulty in understanding a problem and decision
making owing to the existence of too much information. When the amount of input into a
system surpasses the processing capacity, an information overload occurs [58].

Several past studies in various fields have revealed that an information overload causes
a negative impact in terms of increasing the time required to make a decision, increasing
confusion regarding a decision [15,48,49,57], and the quality of the decision [1,14,74,78].

Interruption Overload

An interruption overload is a sub-component of an information overload. An interruption
overload is a situation in which too many ill-timed interruptions cause a negative impact on
the user’s attention resource and task performance.

As mentioned in Chapter 3, users have been faced with an increasing number of notifi-
cations from versatile sources to multiple mobile and wearable devices in the recent era of
ubiquitous computing. Events causing notifications occur individually with random timing.
Meanwhile, a typical notification system delivers notifications immediately to the user once
they are available based on the original concept of speedy information provisioning. As a
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result, users end up facing numerous notifications with random timing, regardless of their
timing preference. When a notification is perceived and recognized by a user, some amount
of the user’s attention will be allocated to the information carried by the notification. At
this moment, an interruption occurs.

This type of interruptive notification, despite its obvious benefits, has been shown to
negatively affect a user’s work. Several researchers have found that it leads to a reduction in
work productivity, including the resumption time from the interruption back to the primary
task, along with the quality and amount of time available for decision making [2, 4, 18,
55,80,93]. Other researchers have found increasing negative affects or emotional states,
social attribution [2], and psycho-physiological states [93] as a result of these interruptive
notifications.

In addition, it is known that users tend to keep using interruptive notifications rather
than simply disabling them. Although notifications can be configured by users, and can
even be disabled, simply disabling user notifications negates their benefit and cannot sat-
1sfy the users’ need for a timely provisioning of information. Previous research has shown
that users prefer to keep using notification systems for information delivery, even given the
interruption costs, rather than turning them off and checking for new information manu-
ally [46].

Given the backgrounds and trends presented in Chapter 2 and Chapter 3, the interruption
overload problem is becoming of greater importance in the area of ubiquitous computing.

Considering the concept of ubiquitous computing, ubiquitously existing computers that
cause interruption overloads are not a calm technology, instead providing interruptive no-
tifications at the center of the user’s attention with random timing, hence having several
negative impacts on the user’s performance. Toward the realization of ubiquitous comput-
ing, the interruption overload problem is a significant one to be addressed and solved.

4.3 Attention-Awareness in Computing

To resolve the interruption overload problem, what is fundamentally needed is “attention-
awareness” in computing. Choosing words as generally as possible by partially following
the definition of “context-awareness” by Dey [21], attention-awareness is defined as fol-
lows:

Attention-awareness: A4 system is attention-aware if it uses the status of user's
attention resource to provide information and/or services to the user in a way
that contributes to preserving the user s precious attention resource.

Applications

With the capability of attention-awareness, a series of new applications may be realized,
including the followings:
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Attention-aware information provisioning under versatile situations: Informa-
tion provisioning that is aware of the user’s attention status is the most immediate
application on top of attention-sensing. In participatory sensing, asking for a sensing
task to a user with appropriate timing is expected to have a higher responsiveness to
the query by the user. In a car-driving situation in which the driver basically needs
to pay attention into the physical world around the car rather than to the cyber world,
showing any non-emergency information in “attention-aware timings” (such as after
the driver stops at the traffic signal) is expected to result in a lower cognitive load of
the driver.

Attentive Call: Attentive Call is used for a network chat and voice talk service using
an application on a smartphone and the back-end server in the cloud. With conven-
tional phones and several voice/video-talk services, a user calls another user, often
with some concern that they may end up interrupting the other user by calling in the
middle of their important business. With Attentive Call, the user can initiate a call
“at a future time when a remote user has a low attention load.”

Proactive Attention Management: Possibly combining the system with the user’s
external calendar data and/or other systems to sense “what the user needs to do now,”
aproactive management of the user’s attention will be possible. For example, suppose
a user needs to concentrate on a document-editing task. If the system detects the user
is in a state of “divided attention” by detecting that the user’s attention is moving
around his target devices (e.g., frequent and periodic checks of social media updates
on a carried smartphone), proactive attention management logic can possibly (1) lock
the smartphone until the user’s primary work is completed or (2) continuously display
the content of the user’s primary task window even on the smartphone screen to keep
the user’s attention on their primary task.

Functionalities of Attention-Awareness

Toward the realization of attention-awareness, the following specific functionalities are
needed.

* Attention sensing

 Attention-aware adaptation

* Attention prediction

* Attention management

Among the functionalities, attention sensing is the first and most challenging research
problem because (1) attention sensing literally needs the sensing of a human’s internal at-
tention state, and (2) all other functionalities depend on information on the sensed attention

status.



CHAPTER 4. ATTENTION-AWARENESS IN COMPUTING 34

Requirements for Solution

Referring to the research backgrounds, the solution for attention sensing has the following
design requirements.

* R1: Compatibility with a user’s multiple mobile and wearable devices: Users
carry and use multiple mobile and wearable devices, such as smartphones, tablets,
or smart watches for their everyday computing and communication. Thus, a solu-
tion needs to be compatible with such computing situations, such as its feasibility on
mobile and wearable multi-device platforms.

* R2: Applicability to diverse types of notification applications: Users are experi-
encing notifications from diverse types of notification source applications. Thus, the
solution needs to have compatibility and applicability against such versatile notifica-
tion sources.

* R3: All-day long use: The solution needs to be suitable for a user’s day-long com-
puting experiences.

* R4: Real-time sensing: To realize other functionalities of attention-awareness, such
as attention-aware adaptation on the fly, the solution needs to be performed in real-
time.

4.4 Summary

This section clarified the concept of attention, how humans actively process specific infor-
mation available in their environment. Although multiple models have been proposed, it is
generally said that human attention is a resource with limited capacity. In addition, it is well
known that, when an attention resource is divided into multiple user tasks with a greater
amount of attention demanded than currently available, the user’s task performance will
decrease. Given this existing knowledge on attention, along with the research background
specified in Chapters 2 and 3, interruption overload was defined as a situation in which
too many ill-timed interruptions causes a negative impact on the user’s attention resource
and task performance. What is fundamentally needed in the computing area is attention-
awareness. In particular, attention-sensing functionality is a fundamental research issue
because all other functionalities, such as attention-aware adaptation or attention prediction,
depend on the sensing. Finally, I specified four requirements for the solution of attention
sensing: (1) compatibility with the user’s multiple mobile and wearable devices, (2) appli-
cability to diverse types of notification applications, (3) all-day long use, and (4) real-time
sensing.



Chapter 5
Related Work

This section introduces related studies with several different approaches for sensing the
user’s attention status in the context of interruption overload. After introducing them, I
clarify how each of the works succeeds and fails in satisfying the requirements for the
attention sensing solution specified in the previous chapter.

35
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5.1 Categorization of Approaches

Before introducing each item of the related studies, I will clarify some of the categorizations
of the approaches taken in the research in terms of the target of sensing and methodology
of adaptation.

Approaches in the Target of Sensing

When considering the sensing status of a human user’s attention, there are several multiple
possibilities for a concrete target of the sensing.

 Sensing the user’s cognitive load
The concept of cognitive load is used as the total amount of mental effort allocated to
working memory in the field of cognitive psychology. Several different approaches
for measuring such load have been proposed, such as (a) subjective rating-based
methods, (b) task performance-based methods, and (c) physiological response-based
methods.

 Sensing the user’s interruptibility

A user’s self-reporting value of interruptibility, such as an answer to the 5-point
Likert scale question “Is this an interruptible time for you now?” is considered the
ground truth value in this method. Several studies took an approach of estimating
the user’s current interruptibility based on various types of user context information,
such as the user’s calendar schedule, sensor data from the user’s device, and the user’s
location. As a means of collecting the interruptibility ground truth, Experience Sam-
pling Methodology (ESM) [17] is often used.

* Sensing the user’s breakpoint

For the time in which the user’s cognitive load is low, a number of researchers have
used the concept of breakpoint [63]. Breakpoint is a concept in psychology in which
a human’s perceptual system segments activities into a hierarchical structure of dis-
crete sub-actions. The boundary between two adjacent action units is called a break-
point. According to several past studies [2, 42, 43], deferring notifications until a
detected breakpoint has been shown to reduce the interruption cost in terms of task
resumption lag and subjective frustration.

Approaches to Adaptation

Several related studies have also involved how to adapt interruptive notifications so as to
prevent the user’s high cognitive load and/or mental burden, in addition to sensing the user’s
attentional status. As opposed to disabling notifications completely, there are two common
approaches for addressing an interruptive overload described in the literature: (a) deferring



CHAPTER 5. RELATED WORK 37

notifications until a more appropriate time, and (b) mitigating the interruptive nature of the
notifications.

 Adaptation in Timing
When deferring the notifications, an appropriate deferral time must be identified. A
number of researchers have identified breakpoints in user activities as this deferral
time. As mentioned, deferring notifications until a detected breakpoint occurs has
been shown to reduce the interruption cost in terms of task resumption lag and sub-
jective frustration [2,42,43].

 Adaptation in Modality
The other approach, mitigation, tries to reduce the impact of a notification on the
user’s cognitive load by changing the modality used to deliver notifications. This
can include the use of “silent” mode, “vibration” mode, or simply flashing an LED
(e.g., [61]). This approach serves to change the saliency of the interruption, while
leaving the timing of the notifications unchanged.

While these two approaches are complementary, in this dissertation, my research fo-
cuses on notification deferral. Given the growing number of notifications that users must
deal with, changing the timing of the notifications rather than their saliency would seem to
have a greater potential impact on the interruption overload of users. With this focus, I turn
to the concept of identifying interruptive moments or breakpoints.

5.2 Measuring Cognitive Load

As mentioned previously, multiple approaches have been proposed for measuring a user’s
cognitive load.

Subjective Rating-based Approach

The first is a subjective rating-based approach. Several past studies have identified that
the measurement of cognitive load through post-hoc self-reporting is a relatively reliable
methodology for mental effort assessment [67].

The most widely used tool for assessing a user’s cognitive load is the NASA Task Load
Index (NASA-TLX) [33]. In this method, each user answers a survey consisting of two
parts. In the first part, the user gives their subjective ratings on six different scales: (1)
mental demand, (2) physical demand, (3) temporal demand, (4) performance, (5) effort,
and (6) frustration using a 100-point scale. Figure 5.1 shows the rating sheet for the first
part. In the second part, the user proceeds to a series of pair-wise comparisons among all
of these six scales (i.e., gCy = 15 comparisons) based on their perceived importance. The
resulting “weight” of each scale is the number of times the scale was chosen out of 15
pair-wise comparisons. Finally, the Weighted Workload (WWL) score, which indicates the
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user’s workload, will be calculated as shown in Formula 5.1. The calculation is conducted

based the average of all “weighted scores” (the score of each scale multiplied by its “weight”
and divided by 15).

Appendix C

Subject ID: Task 1D:
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Source: NASA Task Load Index (TLX) v. 1.0 Manual [62]

Figure 5.1: Rating Sheet of NASA-TLX in [62]
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Although this methodology is widespread, the post-hoc nature of this approach makes it
difficult to be applied to versatile ubiquitous computing systems where an assessment needs
to be completed in real-time. Referring to my requirements for the solution in Section 4.3,
this type of approach is not compatible with the real-time sensing requirement.

Meanwhile, in this research, user studies for evaluating my proposed system used NASA-
TLX on a nightly basis as a means of measuring the user’s daily “workload perception” (or
“perceived workload”) rather than the user’s (relatively in real-time) “cognitive load.” The
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reason of this is the time gap between users’ actual notification experiences and the sur-
vey. During the experiment (16 days and 31 months, respectively, for my two different user
studies), each user was given a form of NASA-TLX each night. Each user was asked to
look back on the day and review their own “notification experience” by answering the given
form. Because the actual notification by my system was designed to be experienced by the
users from 8 a.m. to 9 p.m. daily, and because the nightly survey was sent using email at
9 p.m. every night, the survey actually had a temporal interval from the actual notification
experience until the survey time.

Task Performance-based Approach

The measurement of a user’s task performance is used to objectively assess the user’s cog-
nitive load during the task execution. The user’s performance regarding their primary and
focal task is used in the “primary task measurements,” whereas “secondary task measure-
ments” exploit the performance of a secondary task that was (often asked to be) executed
simultaneously with the primary task [67]. In this methodology, the variation in reaction
performance indicates the variation in cognitive load.

However, this methodology may not be feasible in situations of ubiquitous computing,
since a user conducts multitasking with frequent task switching between multiple tasks, and
since it is often difficult to measure response performances of the user’s versatile types of
tasks using uniform measurement criteria.

Physiological Response-based Approach

The third approach is to measure the user’s physiological response using psycho-physiological
sensors. Such sensing includes several different techniques, such as tracking of the eye
movement and pupil size [8,39,41,91], and readings from an electrocardiograms (ECG),
galvanic skin response (GSR) [39,70, 73], electroencephalogram (EEG) [70,91], heart rate
(HR), and its variability (HRV) [26,60,91].

Haapalainen ef al. [32] found that, in desktop computing, a combinational use of an
electrocardiogram and the heat flux is the most accurate at classifying low and high levels
of cognitive load. Although this approach looks promising in detecting a user’s cognitive
load in real-time, the burden placed on users who have to wear such sensors is not trivial. In
ubiquitous computing where users are mobile, such a burden is expected to be even more
bothersome for users. Thus, a solution using this approach may not be compatible with
the all-day long use requirement presented in Section 4.3. In addition, these physiological
response data will be noisier in such mobile situations, and the sensing of cognitive load is
expected to be more difficult.
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5.3 Work in Desktop Computing Domain

In the latter two approaches, in terms of target of sensing, namely, sensing the user’s inter-
ruptibility and breakpoint, several past works have been conducted in the area of desktop
computing, and later, in the mobile computing domains.

Early work on such detection has naturally focused on desktop environments.

Horvitz et al. inferred interruptibility accurately in desktop computing environments, by
using context information, such as interaction with computing devices, visual and acoustical
analyses, and online calendars [35].

Hudson et al. constructed statistical models for predicting the interruptibility of office
workers by using long-term audio/video recordings with manually-emulated sensors of the
user’s activity status, along with the experience sampling technique [38]. For these two
systems, recognition was performed in a posteriori manner, and is thus not compatible the
real-time sensing requirement.

Later works by Begole et al. [9] and by Horvitz et al. [36] focused on systems that
supported real-time detection of interruptibility; however, these systems required the use of
dedicated custom hardware.

In contrast, OASIS also identified breakpoints in real-time, but did not require custom
hardware, instead using information regarding user interactions with an application and
user-provided annotations [45]. OASIS deferred the delivery of desktop-based notifica-
tions until a breakpoint was detected. While both my system and OASIS use breakpoints,
there are some significant differences. OASIS only focuses on users interacting with de-
vices in desktop computing, whereas my solution for ubiquitous computing focuses on users
interacting with multiple devices while mobile, including both user-device interaction and
physical activities. Although OASIS employs a post-hoc breakpoint annotation, my sys-
tem uses a real-time annotation scheme. Finally, OASIS was evaluated in the lab with a
specific set of applications, whereas my valuation was performed in the wild on the user’s
own devices with their own applications.

5.4 Work in Mobile Computing Domain

Naturally, following the trend of emerging mobile computing, more recent works have been
conducted in the domain of mobile computing.

Finding Breakpoints

Often referring the work by Igbal et al. [45], breakpoint detection research has also been
conducted in the context of mobile devices.

Ho et al. used wireless on-body accelerometers to trigger interruptions when users tran-
sition between activities [34]. Interruptions delivered at these transition times reduce user
annoyance. This approach is promising but requires the use of an external on-body sensor,
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being incompatible with the first requirement of compatibility with the user’s multiple
mobile and wearable devices.

Fischer et al. also identified breakpoints based on transitions between activities, but
focused on moments immediately after phone-based activities including the completion of
phone calls and text messages [23]. Users tended to be more responsive to notifications
after these activities than at other random times. Again, this approach is promising, but is
limited to a small set of communication activities. Referring to the solution requirements,
this approach does not satisfy applicability to diverse types of notification applications.

Finding Interruptibility based on Contexts

Other researchers have focused on using a wider variety of user context to determine the
moments of interruptibility.

Hofte et al. used an experience sampling methodology to collect information on the
location, transit status, company, and activities in order to build a model of interruptibil-
ity [83], particularly for phone calls. Thus, this system has a limitation in terms of the
requirement of applicability to diverse types of notification applications.

Pejovic et al. expanded the use of context for detecting moments of interruptibility
on smartphones including user activity, location, time of day, emotions, and engagement.
Their system, InterruptMe, uses this information to decide when to interrupt the user [68].
Compared with the requirements specified in this research, their system needs manually
provided information regarding the user’s interruptibility, such as their company or emotion.
This approach leads to a limitation of the system in terms of all-day long use requirement.
In contrast, my solution simply relies on sensor data from the user’s devices and does not
need any manual input.

5.5 Mitigating Notifications by Modality Adaptation

Other works in mobile computing have focused on mitigating the impact of notifications.
This is a complementary approach to my focus on deferring notifications. Smith et al.
attempted to mitigate the impact of disruptive phone calls by automatically setting the phone
call ring tones to different modes, such as silent answering, declining, and ignoring [77].
Their user study showed that this approach to identifying which ring tone to use was useful
even when underlying the change in user behavior.

Bohmer et al. also focused on incoming phone calls, and explored the design space of
incoming call alerts to users on smartphones, instead of conventional full-screen notifica-
tions [11]. Their proposed strategies include “postponing” a call acceptance and “multi-
plexing” the alert screen. The multiplexing approach obtained the best evaluation in their
large-scale user study, and can also be combined with my deferral approach. The postpon-
ing approach looks similar to my deferred scheduling approach, but is specifically focused
on phone call notifications.
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5.6 Attention with Multiple Devices

Research has also been conducted on attention-awareness in multi-device environments.

Dostal proposed DiftDisplays [22], a system for tracking the display the user is currently
looking at by cameras and computer vision. Inspired by several techniques for visualizing
changes in unattended displays, Garrido proposed AwToolkit [27] for developers to support
maintaining user’s awareness in multi-display systems. The toolkit detects which display
is currently being looked at by the user and provides interruptive notifications with multi-
ple different levels of “subtlety” to draw the user’s attention to unattended changes in the
displays.

Although this Gaze-tracking technique can be adopted in mobile environments, it is not
considered to be compatible with diverse low-computation mobile and wearable devices,
such as watches or bands, especially for the purpose of attention target classification. Attelia
currently uses display on/off event for such classification. On the other hand, for activity
recognition, gaze-tracking or blink-tracking has been used [47], thus it has potential as a
source of information to use for breakpoint detection.

5.7 Summary

This section overviewed the literature related to the present research. Table 5.1 summarizes
the major works related to this research and their fulfillment of requirement I specified in
Section 4.3. As the table shows, none of the works fully satisfy all four requirements.

Table 5.1: Related Work and Their Fulfillment of Requirements

Requirements

Work Approach

R1:Compatibility R2:Applicability to R3:All-day-long use R4:Real-time sensing

with user’s multiple diverse types of noti-

mobile and wearable fication applications

devices
Subjective Rating [33] cognitive load v v
Task Performance Measurements [67] cognitive load v
Physiological Responses [32] cognitive load v v
Horvitz [35] interruptibility
Hudson [38] interruptibility
Begole [9], Horvitz [36] interruptibility v
Igbal [45] breakpoint v v
Ho [34] breakpoint (needs sensors) v
Fischer [23] breakpoint % v v
Hofte [83] interruptibility v v v
Pejovic [68] interruptibility v v v

Starting from the next Chapter, this dissertation introduces my proposal, Attelia, which
detects a user’s breakpoint in mobile and ubiquitous computing situations, satisfying all of
the four requirements.



Chapter 6

Attelia: Approach and Model

This section overviews Attelia, my proposal for attention status sensing. | introduce an
overview of Attelia with some key features, followed by several technical approaches it
employs. Finally, I will explain the multi-device hybrid breakpoint detection model, the
core of attention sensing model in Attelia.
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6.1 Overview of Attelia

As a solution for the interruption overload problem, this research proposes Attelia. Attelia
is a middleware software system that detects user’s interruptible timing, with the following
four features to fulfill the requirements described in Section 4.3.

+ Attelia works on a user’s mobile and wearable devices, such as a smartphone, smart
watch, and tablet, without the use of an external server or any psycho-physiological
sensors, such as an ECG sensor.

* Attelia detects such timings in real-time (not post-hoc). Thus other functionalities
of attention-awareness, such as adaptation and prediction, can be executed on the fly.

* Attelia detects such timing opportunistically during the user’s comprehensive com-
puting life, including both during a user’s active interaction (manipulation) with their
devices, and during other non-active periods, such as when carrying mobile wearable
devices but not actively manipulating them.

« Attelia has compatibility with versatile sources of notifications. It detects such timing
without any modification to existing applications and services.

Imagine the scenario illustrated in Figure 6.1, where Melissa carries, wears, or uses
multiple devices, including her smart watch on her wrist, a smartphone, and a tablet. In the
beginning, she is sitting down and doing office work on her tablet. After a while, she decides
to take a coffee break. Melissa stands up, walks to the kitchen, pours some coffee, walks
back to the lab, sits down on the couch, and enjoys her beverage. In the current computing
environment, Melissa experiences notifications at “random” timings, that is, as they arrive
on her devices. In other words, notifications from a variety of applications and services
reach Melissa without any consideration of whether she is actually interruptible, causing
her attention to be divided and possibly having a negative impact on her work productivity.

In contrast, Figure 6.2 revisits the same scenario of Melissa and shows how Attelia
helps her situation. Using multiple types of sensing techniques, Attelia detects her inter-
ruptible times, both during her active device manipulation (interacting with applications
on her tablet) and during her physical activities. Notifications from a variety of applica-
tions and services, originally delivered to Melissa at random times without Attelia, are now
delivered to her with the detected interruptible timing. This notification delivery is less
interruptive and lowers Melissa’s cognitive load.

6.2 Real-Time Detection with Mobile Sensing and Machine
Learning

As illustrated in Figure 6.3, Attelia uses mobile sensing and machine learning techniques
on mobile and wearable devices for its real-time detection of the user’s interruptible timing.
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This basic idea of the data processing flow refers to several existing research systems on
activity recognition [7,54]. With this approach, Attelia’s detection process is essentially to
read sensor data from various types of sensors on the user’s devices and to detect whether
the current moment is within a user’s interruptible timing or not.

Data from a sensor will be continuously and periodically read by the system. The data
will be split into a time frame with a specific length Ts. With this specific periodicity,
further processing of the sensor data is executed for each frame. First, the feature extractor
calculates the vector of “features” (V') from the time-series sensor data. Next, the classifier
inputs the calculated feature vector, classifies the given data into one of the pre-configured
labels, and outputs the resulting label (C'). Specifically in the Attelia system, this classifi-
cation processing is either a binary classification of an “interruptible timing” or not. Thus,
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Figure 6.3: Mobile Sensing and Real-Time Detection in Attelia

for each frame, the classifier outputs a binary classification result.

Attelia also uses machine learning techniques to build a classifier that can actually clas-
sify the user’s data, as shown in Figure 6.4. There are three different phases, namely (1)
ground truth collection, (2) model training, and (3) real-time detection. In the ground truth
collection phase, sensor data (training data) along with the ground truth on the occurrences
of interruptible timing will be collected from multiple users. In the model training phase, a
model (classifier) will be trained from the collected training data and the ground truth by us-
ing a machine learning engine. In the real-time detection phase, the trained classifier model
will be installed into each user’s mobile device and actual real-time detection, illustrated in
Figure 6.3, will be executed on the devices.

6.3 Breakpoint as a Temporal Target

As the concrete timing of an interruptible timing (the target of the sensing described above),
Attelia uses the concept of a breakpoint [63]. As introduced in Chapter 5, an approach with
psycho-physiological sensors needs at least two sensors during non-mobile situations [32].
Other context-information based approaches need continuous manual information input by
the user.

Given the burden of constantly wearing a psycho-physiological device and using manual
inputs, the approach in Attelia employs a breakpoint, attempting to sense more coarse-
grained but easier-to-sense signals, from which the appropriate timings for notifications can
be inferred. Using this approach, Attelia works solely on the user’s mobile and wearable
devices, and does not need any external psycho-physiological sensors, such as EEG or ECG
Sensors.
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Hybrid Breakpoint Detection

To support breakpoints in the user’s everyday life (both during the user’s active device inter-
action and during other “non-active” periods) of ubiquitous computing, Attelia detects the
following two different types of breakpoints, namely, “user interaction-based breakpoints”
and “physical activity-based breakpoints.”

» User Interaction-based Breakpoint: This is a breakpoint in a user’s device ma-
nipulation activity, such as using an application on a smartphone and manipulating
a setting screen on a smart watch. In Melissa’s example, this type of breakpoint is
detected while Melissa is working on her tablet and using her smartphone during her
coffee break.

While the user is manipulating a device they are carrying or wearing, an application
as the target of their manipulation exists on the device. Thus, during this type of
period, Attelia focuses on the interaction between the user and application, and uses
information on such interaction for detecting the user’s breakpoints.

Although the application itself is one possible source of knowledge about the break-
points, using knowledge from the internals of any specific application is not feasible
or scalable given the huge number of applications available and the fact that applica-
tion developers would need to expose internal information at the development time.
Instead, we collect the run-time status events from the operating system and execut-
ing applications, and use them to identify relationships to the ground-truth values of
the interruptive overload provided by users during the training phase.

More details on user interaction-based breakpoint will be described in Chapter 7.
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 Physical Activity-based Breakpoint: This is a breakpoint in the user’s physical
activity, such as sitting, standing, walking, and running. More specifically, changes
in these activities of users, such as “when a user sits down” or “when a user stops
walking” are detected as a physical-activity based breakpoint in Attelia.

In our daily lives using smartphones and smart watches, there is a significant amount
of time when we simply carry or wear them but do not actively use (manipulate)
them. For example, in Melissa’s scenario, she wears her smart watch and carries her
smartphone in her pocket but does not actively manipulate them while moving from
the lab to the kitchen, getting coffee, and returning to the lab. Even during this type
of period, various types of user applications and services may be processing infor-
mation and trying to provide new information at a random times through interruptive
notifications. To comprehensively address the information overload in a user’s daily
life, Attelia needs to handle this type of situation by finding an opportune moment to
deliver notifications during this type of period.

To this end, I focus on transitions in a user’s physical activity, such as “when a user
stands up” or “when a user stops running.” I specifically hypothesize that when a
person changes their activity from a high-energy state to a lower-energy state, such
timing can be strongly considered as their breakpoint (later I validate this hypothesis
with input gathered from users). Concretely, on mobile and wearable devices, Attelia
declares a physical activity-based breakpoint when such a change in the user’s activ-
ity is detected, using activity recognition mechanisms built on top of the hardware
sensors already available on mobile platforms, such as an accelerometer or GPS.

More details on physical activity-based breakpoints are given in Chapter 8.

6.4 Multi-Device Hybrid Breakpoint Detection Architec-
ture

Combining (1) the described approach of the hybrid breakpoint detection and (2) a user’s
carrying of multiple mobile and wearable devices as an opportunity, Attelia introduces its
original multi-device hybrid breakpoint detection architecture to detect the users’ inter-
ruptible timing in their comprehensive everyday life of ubiquitous computing. Figure 6.5
illustrates such an architecture.

1. On each device, both the “User Interaction-based Breakpoint Detection” (while the
device is being actively manipulated) and “Physical Activity-based Breakpoint De-
tection” (while the device is not being manipulated) will be running, according to the
current device usage.

2. Each detection component executes its own local binary classifier to detect break-
points at a configured periodicity and outputs the binary value. Such local classifi-
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cation outputs along with the device usage status information are exchanged across a
user’s multiple devices through an “Inter-Device Breakpoint Sharing” layer.

3. An installed “Combinational Breakpoint Detection” algorithm reads the current val-
ues of all underlying local breakpoint detectors and device usage statuses, and gen-
erates a final decision on the user’s breakpoint status across devices, based on the
selected “Combinational Detection Model”.

6.5 Attelia Prototypes: I and 11

Figure 6.6 summarizes the detection models and device configuration covered in different
prototype implementations of Attelia, namely Attelia I and II.

In Attelia I, the first prototype, research on the User Interaction-based Breakpoint De-
tection model on a single mobile device was explored. Following the first version, the
second prototype, Attelia II addressed both User Interaction-based and Physical Activity-
based Breakpoint Detection models on single and multiple device configurations. Starting
from the next chapter,

Chapter 7 describes the research using Attelia I, followed by the research on Attelia II,
described in Chapter 8.

6.6 Summary

This section described an overview of Attelia, with its features, technical approaches, and
the main model of attention status sensing. Attelia detects a user’s interruptible timing in
real-time on their mobile and wearable devices without any external psycho-physiological
sensors. Attelia detects such timing opportunistically during the user’s comprehensive com-
puting life. Attelia has compatibility with versatile sources of notification, without needing
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any modification of the existing applications. The key technical approaches employed by
Attelia are (1) the use of a breakpoint as a temporal target of detection, (2) real-time de-
tection with mobile sensing and machine learning, (3) hybrid breakpoint detection, and (4)
multi-device breakpoint detection. The multi-device hybrid breakpoint detection architec-
ture consists of two different breakpoint detections, user interaction-based breakpoint de-
tection and physical activity-based breakpoint detection among multiple devices to finally
conclude the user’s current breakpoint status.

The next chapter describes the research using Attelia I, focusing particularly on User-
Interaction based Breakpoint Detection on a single device. After that, Chapter 8 describes
Attelia II, the second prototype, which covers both breakpoint detection types on multiple
devices.



Chapter 7

Breakpoint Detection on A Single Device

This chapter describes my first Attelia prototype “Attelia I”’. Focusing on user’s “mobile ex-
perience” on a single mobile device, Attelia I detects user’s “user-interaction-based break-
points” in real-time, solely on the smartphone device, without modification to versatile
installed applications. This chapter details the design, implementation, and evaluation of
Attelia I. Note that Attelia I is abbreviated as “Attelia” in some cases in this chapter.
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7.1 Design of Attelia I

This section presents the design of Attelia I. As presented in the previous chapter, Attelia
I particularly focuses on user’s “mobile experience” during his/her active manipulation of
devices, and finds appropriate timings for delivering interruptive notifications to users. At-
telia I scopes such detection during their active engagement with mobile devices, and does
not consider moments when users are not interacting with them.

Attelia I has the following three distinctive features:

« Attelia detects those timings on smartphones, without the use of an external server or
any psycho-physiological sensors.

« Attelia detects such timings in real-time (not post-hoc) so that it can be used to adapt
notification timings at run-time.

* Attelia’s detection can be applied to a wide range of applications installed on users’
smartphones, not requiring any modifications in to the applications.

As the target of the detection of “appropriate timing”, Attelia I finds user interaction-
based breakpoints, which is breakpoint during user’s device manipulation. To detect such
timings in real-time on smartphones, Attelia I deploys the concept of mobile sensing and
real-time classification (of breakpoints) based on the machine learning approach.

7.1.1 Real-Time Detection with Mobile Sensing

Figure 7.1 illustrates the mobile sensing and real-time detection of breakpoints of Attelia on
user’s mobile devices. Sensor data from a sensor will be continuously and periodically read
by the system. The data will be split into a time frame with length 7;. With that specific
periodicity, further processing of sensor data executes for each frame basis. Firstly, feature
extractor calculates a vector of features (1) from a time series sensor data. Classifier inputs
the calculated feature vector, classifies the given data into one of pre-configured labels,
and outputs the resulted label (C). Specifically in the Attelia system, this classification
processing is a binary classification of breakpoint or not. For each frame, the classifier
outputs a label of either “breakpoint” (meaning that the input data of the current time frame
are classified as a breakpoint) or “non-breakpoint.”

7.1.2 Use of Machine Learning Technique

Also, Figure 7.2 shows the overview of how machine learning technique is used in Attelia.
To build a classifier that actually can classify user’s data into either “breakpoint” or “non-
breakpoint”, Attelia utilizes the approach of machine learning.

There are three different phases, namely (1) Ground Truth Collection, (2) Model Train-
ing, and (3) Real-Time Detection. In the Ground Truth Collection phase, sensor data (“train-
ing data”) along with a ground truth on the occurrences of breakpoint will be collected from
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multiple users. In the Model Training phase, a model (classifier) will be trained from the
collected training data and the ground truth by using a machine learning engine. In the
Real-Time Detection phase, the trained classifier model will be installed into each user’s
mobile device and actual real-time breakpoint detection, illustrated in Figure 7.1 will be
executed on the devices.
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7.1.3 User Interaction as a Sensor

With the scoping to active use of mobile devices, Attelia I focuses on how users interact
with mobile applications running on the device and use that information as a sensor data
for detecting user’s breakpoints. When a user interacts with a mobile device, such as smart
phones, the interaction always involves in manipulation of an application running on the
foreground of the device, as the “target” of interaction. Thus I focused on the interaction
between a user and such application.

Particularly for the breakpoint detection during the mobile experience periods, Attelia
focuses on device (and running application) usage and not physical sensors, despite their
wide proliferation on mobile devices for two reasons: simplicity of implementation and
reducing the reliance on a sensor that may not exist on all target mobile devices (or may be
mounted in different locations).

Table 7.1 shows some possible knowledge sources for identifying breakpoint and Ta-
ble 7.2 shows, for each source type, how it can be acquired. The application-related knowl-
edge and information can include both relatively static knowledge that is specific to each
application, such as when users transition between multiple “stages” in game applications,
and that are designed and implemented by the application developers in the development
phase; and relatively dynamic information, such as run-time status and events that result
from the running applications. Using knowledge from the internals of any specific applica-
tion is not feasible given the huge number of applications available and the fact that appli-
cation developers would need to expose internal information at development time. Instead,
I collect run-time status events from the operating system and executing applications, and
use them to identify relationships to ground truth values of interruptive overload provided
by users, in the Ground Truth Collection phase.

Table 7.1: Approaches of Knowledge Collection for Breakpoint Detection
[ Approaches on Knowledge Source of Breakpoint | Examples of Data Types |

Application-specific breakpoint knowledge explicit breakpoint declaration inside application,
explicit future breakpoint forecast inside applica-
tion

Runtime status/event of systems and applications stack trace, number of threads, thread names,
memory consumption Android API invocation,
system call invocation, rendered screen image,
Low-level GUI events, switches between applica-
tions

7.2 Attelia I System

Figure 7.3 shows the system structure of Attelia implemented on the Android 4 platform.
Attelia consists of an Android service that includes several internal components for Ul event
logging, breakpoint ground truth annotation logging, as well as a machine learning engine
that performs feature extraction and classification (using an embedded Weka [56] engine).
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Table 7.2: Timings of Knowledge Input and Data Collection
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Figure 7.3: System Architecture of Attelia I on Android Platform

7.2.1 Execution Modes

Attelia can execute in ground truth annotation mode, off-line training mode or real-time
breakpoint detection mode. In the annotation and detection modes, the UIEventLogger
component listens to the stream of incoming Ul events and records relevant events to the
log file.

* Ground truth collection: In this mode, users manually provide ground truth about
breakpoints during application usage. Figure 7.4 shows a screen-shot of Attelia, with
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my Annotation widget floating on the screen. While manipulating ordinary Android
applications, users push the floating button when they are switching activities. The
Attelia service records the stream of Ul events (excluding those from the annota-
tion button) and breakpoint timestamps (moments when the annotation button was
pushed).
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for annotation

Figure 7.4: Ground Truth Annotation with Attelia I

* Off-line model training: In this mode, feature extraction and classifier training is
executed off-line, using the previously-stored sensor and ground truth data.

* Real-time mobile breakpoint detection: Sensing, feature extraction, and classifi-
cation with a previously-trained model is performed in real-time on a smartphone.

7.2.2 Sensing Data

To obtain the stream of Ul events from the middleware, I use the Android Accessibility
Framework [28] provided by Android OS. This framework was originally for supporting
those who have visual, physical or age-related limitations. Since those users may not be
able to seeing or using touch screen or to hear the audible information, several different
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applications and services, including text-to-speech, haptic feedback, or gesture navigation
are already implemented by Google and other software developers on top this framework.

Using this framework, with one-time explicit permission setting operation by the user,
Attelia can collect UI events and data about the UI components the user is interacting with.
A list of the UI Events I collect is shown in Table 7.3.

Table 7.3: Ul Events Collected in Attelia I
’ Event Types | Events ‘
View View clicked, View long clicked, View selected, View
focused, View text changed, View selection changed,
View text traversed at movement granularity, View
scrolled
Transition | Window state changed,Window content changed
Notification | Notification state changed

7.2.3 Feature Vector

From these events, Attelia I extracts 45 features outlined in Table 7.4. These features are
extracted for the data within each frame. In preparing the features, I attempted to be exhaus-
tive in providing possible features to capture as many characteristics of the real execution
environment as possible.

During the ground truth collection execution mode, the calculated feature vector values
will be stored into a local storage in the device. In the off-line training phase, those values
are read and fed in to the Weka [56] machine learning system to train a model.

In contrast, in the real-time mobile breakpoint detection mode, the result vector values
will be used in breakpoint classification on the fly. After a feature vector is calculated peri-
odically, with the periodicity of 7', the resulted values will be directly fed in to a configured
classifier on the mobile device.

7.2.4 Ground Truth Collection and Model Training
Ground Truth Collection

To collect ground truth for the model training, I conducted a small user study. In the ex-
periment, eight participants were recruited. All of them are university undergraduate and
graduate students and staff with ages between 18 and 27 years, who use smartphones daily.
During the experiment, participants were handed a Samsung Galaxy Nexus [72] smart-
phone running Android version 4 as well as the Attelia I itself. Each participant was asked
to manipulated five common Android applications (Twitter, Yahoo News, YouTube, Kindle,
Browser) for 5 minutes each (per application) performing everyday tasks. Also, during the
application manipulation, they were asked to annotate their subjective breakpoint timings
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Table 7.4: Features Used in Attelia |
Feature Types | Features ‘

Rate of occurrence of each UI | snipped (one for each event type presented in Table 7.3)
Event type inside the frame
Statistics on the status of the event | rate(isEnabled), rate(isChecked), rate(isPass—
source UI component word)

Statistics on the events’ timings in | min_timegap, mean_timegap, max_timegap,
the frame stdev_timegap

Statistics on the location of the | min., mean., max., stdev., the value of the smallest rect-
event source Ul components angle, the value of the biggest rectangle of X—left, X-

right, X-width, Y-top, Y-bottom, Y-height

by pushing the floating annotator button appearing on the smartphone screen. Attelia was
running in the ground truth collection mode, thus their UI event sensor data, along with the
timestamps of their breakpoint annotation, were stored into the local storage of each phone.

Model Training

Model training was done with Weka 3.7.9 oft-line, after downloading the sensor data and
feature vector files from all phones. The training was done by a original Perl script that
controls several different data processings one by one. The overview of the data processing
flow is as follows.

1. For each sensor data file, a time series sensor data, along with the breakpoint ground
truth data, will be split into a pre-configured time frame length 7.

2. For each time frame, a feature vector gets calculated from the sensor data. (Thus the
number of resulting vectors will equal to the number of time frames.)

3. The order of resulted vectors will be randomized, using “randomize” plug-in of Weka.

4. The balance between vectors with “breakpoint” ground truth annotation and ones

with “non-breakpoint” annotation gets roughly evened, using “resample” plug-in of
Weka.

5. The feature vectors will be fed into Weka engine to model a train.

Frame Length and Accuracy

With an expectation that my choice of time frame length 7'y will affect my ability to per-
form breakpoint detection, I build several different models with different 7' settings and
compared its detection accuracy.
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Figure 7.5 shows the classification accuracy results with different frame lengths (0.25
to 5 seconds), using 10-fold cross validation on Weka 3.7.9 and J48 classifier. The data for
each application is aggregated from all eight participants, and is represented as a separate
line in the graph. An additional line in the graph (bolded) represents all application data
aggregated together from all the participants. Accuracy is low when the frame length is
very short (e.g., 0.25 seconds), because there are not enough sensed Ul events within that
time span to achieve a high classification accuracy. However, around 2 to 2.5 seconds, the
accuracy begins to stabilize. At the 2.5-second setting, accuracy was 82.6%, precision was
82.7% and recall was 82.3%.
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Figure 7.5: Classification Accuracy and Frame Length
Trained Model

The trained J48 classifier model includes 281 leaves and the total number of 561 nodes.
The top 10 features with the biggest information gain are shown in Table 7.5. Features such
as TimeGap_min, TimeGap_max, TimeGap_mean and TimeGap_stdev are the
minimum, maximum, mean, and standard deviations of time gaps between two consecutive
Ul event in the frame. Features whose names end with _rate are the rate of occurrence
of a specific event type (defined in the Android Accessibility Framework) among all event
times in a time frame.
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Table 7.5: The Top 10 Features with the Biggest Information Gain in the Model Training
Data

Information Gain Feature Name
0.07589 TimeGap min
0.05022 TYPE WINDOW_CONTENT CHANGED rate
0.04335 TimeGap_max
0.03951 TimeGap_mean
0.03933 TYPE VIEW _SCROLLED rate
0.03657 isEnabled rate
0.02823 TYPE VIEW _TEXT CHANGED rate
0.02138 TimeGap_stdev
0.01503 TYPE VIEW_ACCESSIBILITY FOCUS CLEARED rate
0.01294 TYPE VIEW _TEXT SELECTION CHANGED rate

7.2.5 Power Saving

To save power, Attelia I disables real-time feature extraction and classification when the
device screen is off, as the system is concerned with detecting breakpoints when the user is
engaged with the device. In addition, if no UI event occurs within a given time frame, no
classification is performed.

Table 7.6 shows a power comparison between using my Ul events and using common
sensors. [ used a Samsung Galaxy Nexus with Android 4.4.4 and measured the data with a
Monsoon Power Monitor [59]. Each table value is the average of five 5-minute measure-
ments.

Table 7.6: Comparisons of Power Consumption Overhead
] Sensor Type \ Setting \ Frequency (Hz) \ Overhead (mW) ‘

UI Events N/A 10 51.70
“Fastest” 120 102.90

Accelerometer | “Game” 60 48.76
“ur’ 15 12.08

“Fastest” 100 158.88

Gyroscope “Game” 50 129.24
“ur- 15 74.04

In Attelia I, since the number of incoming UI events depends on user interaction, I
looked to my user study data to determine an appropriate number. Based on the data col-
lected from 30 users for 16 days, the average number of UI events was 10.6 per second
on average (min = 1, max = 549, stdev. = 15.1) during users’ active manipulation of
their device. I then logged the power consumption using Android instrumentation that fired
approximately 10 UI events every second.
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To compare to the other sensors, I implemented a basic application which reads and
stores the sensor data with the specified speed settings among various different types of
preset settings available in the Android API, such as “Fastest”, “Game”, and “UI”.

The result shows that the overhead of my UIEvent data collection software is quite low
compared with other sensors and considering that multiple types of sensors, such as the
accelerometer, gyroscope and GPS, are used in combination for related systems [68, 83]
that detect user’s interruptibility by using data from these sensors.

7.2.6 Portable Implementation

Attelia I is implemented as a “Service” inside the Android platform. By appropriately set-
ting the permissions for the service, it can log the stream of UI events, such as tapping,
clicking, and scrolling or modifications of UI components inside the currently-active An-
droid application without requiring root privileges. This implementation allows the service
to be distributed through the Google Play store and contributes to the deployability of the
system to end users.

7.3 [Evaluation: Controlled User Study

To further understand how Attelia I works, I conducted a controlled user study based on my
implementation. The overall purpose of study was to investigate if providing notifications
to users at the timing of breakpoints detected in real-time lowers user’s workload perception.

7.3.1 Participants

For the study, 37 participants were recruited. Among them there were university students,
staff members, and research engineers, with ages between 19 and 54. All the participants
were smartphone users in their daily lives. Subjects were not told the specific objectives of
the study at the beginning, and not paid for the participation.

7.3.2 Experimental Setup

For the study, I prepared Samsung Galaxy Nexus smartphones with Android 4.3 for each
participant. The original notification feature of each phone was disabled. For my experi-
ment, [ installed my Attelia I prototype software and six representative Android applications
(Twitter, Gmail, Yahoo News, YouTube, Kindle, and Browser) in to each phone. The At-
telia I service was configured to “real-time mobile breakpoint detection” mode, with a J48
decision tree classifier trained through my previous experiment, with 2.5-second time frame
T} setting.

I prepared four different notification strategies in this study, namely (1) disabled (no
notification at all), (2) random timing (emulating a conventional notification situation), (3)
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breakpoint timing (my approach), and (4) non-breakpoint timing (interrupting at times that
my system determines as inopportune). The approaches (2), (3), and (4) were configured
to have intervals of at least 30 seconds between two consecutive interruptions. During the
study, each participant was exposed to one of the four different notification strategies for be-
ing interrupted by notifications. Strategies were changed for each participant, and for each
session. The order of the selection of the strategies was randomized, and the information
on the selection was not revealed to the participants.

On the interruptive tasks, a full screen pop-up window appeared on the screen to en-
sure that the interruption would not go unnoticed, when participants were interrupted. The
pop-up contained the first paragraph from a random news article. During interruption, the
participants were given a interruptive task: To read the paragraph and select an appropriate
title for the article given three options. I chose this interruptive task from the similar previ-
ous interruption studies [5,6]. Subjects were asked to finished the task as fast and accurately
as possible. After the participant finished the task, the pop-up window disappeared so that
the user could return to the original task that she was performing.

7.3.3 Experiment Procedure

My experimental procedure contained two parts. In the first part, each user was given a
printed email and was told to compose and send an email with the specified text using
the Gmail app. Each user repeated this task five times, with different text and different
notification strategy. In the second part, each user was asked to use each of the other selected
applications (Twitter, Yahoo News, YouTube, Kindle, Browser) as they “normally would”
for 5 minutes each, and experienced a different notification strategy with each application.

The order of the email texts (part 1), applications (part 2), and notification strategies
were counterbalanced using a balanced Latin Square to remove ordering effects. Since
there were 4 strategies, and the email and app use tasks were performed 5 times, each user
saw one strategy twice, which was randomly selected. A repeated measures within-subject
design was used with the notification strategy as factors.

7.3.4 Measurements

To measure participant’s subjective perception of workload, I used the web page version of
the NASA-TLX [33] questionnaire. Each participant was asked to answer the questionnaire
after each task (i.e., a total of 10 times per participant).

7.3.5 Result Analysis: Subjective Workload

As shown in Figure 7.6, I observed differences in the range of subjective workload (NASA-
TLX Weighted Workload (WWL) score) in terms of their individual means and variances
across different notification strategies. More specifically, I noticed that some of my par-
ticipants were more sensitive (higher variance in their WWL) to the different notification
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strategies. Also some of my participants seem to not react (e.g., insensitive) to the noti-
fication strategies (low variance in their WWL). This fact motivated us to try to identify
clusters within my user population.
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Figure 7.6: Variance of NASA-TLX WWL Scores (Controlled User Study)

I conducted hierarchical clustering (using the Ward method and Euclidean distance)
on the variance of each participant’s NASA-TLX WWL scores, in order to observe the
dissimilarity between users. Figure 7.7 shows the resulted dendrogram.

When looking at the dendrogram, it is quite obvious that these users can be split into two
quite distinctive clusters since the height from the top of the figure to where two vertical
lines (i.e., two biggest clusters) further splits to more groups in this figure with using the
Ward method and the Euclidean distance. Thus I decided to do further analysis on each of
these 2 clusters.

The number of participants and the mean of personal WWL score standard deviation in
each cluster are shown in Table 7.7. I named these cluster “WWL-sensitive users” (those
with higher score variance among the different strategies) and “WWL-insensitive users”,
since this clustering was on the variance of each participant’s personal score variance.

(For further confirmation on clustering, I also tried non-hierarchical clustering with K-
means (K=2) with the Hartigan-Wong method. The results both from the hierarchical clus-



CHAPTER 7. BREAKPOINT DETECTION ON A SINGLE DEVICE 64
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Figure 7.7: Dendrogram from Structured Clustering (Personal WWL Score Variances)
(Controlled User Study)

tering and the non-hierarchical clustering were identical, having the same users in each
cluster.)

Table 7.7: Two WWL-based Clusters in the Controlled User Study

’ Cluster name | Users | Mean WWL Stdev. ‘
“WWL-sensitive users” 19 23.11
“WWL-insensitive users” 18 9.92

Figure 7.8 shows the average NASA-TLX WWL scores for the different notification
strategies, for the two clusters respectively.

The most significant finding in this analysis is that, for the “WWL-sensitive users”, a
46% decrease in perceived workload was observed in my breakpoint strategy (“BP”) results,
compared to the workload in the random strategy (“Random”), that emulates how people
are currently experiencing interruptions on the standard Android notification system. “BP”
strategy (workload score of 44.56) resulted in only an increase of 35% in workload when
compared to the baseline “Disabled” strategy (workload score of 32.95) with no notifica-
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Figure 7.8: NASA-TLX WWL Scores for Each Cluster (Controlled User Study)

tions, while “random” strategy (workload score of 54.53) resulted in an increase of 66%.
Also, as I expected, the non-breakpoint strategy (“Non-BP”’), where notifications were be
intentionally displayed only at the timings that were not detected as breakpoints, resulted
in the highest 73% increase in workload, with a score of 57.10.

A Friedman test revealed a significant effect of notification strategy on the WWL score
(x%(3) = 16.5, p < 0.05). A post-hoc pair-wise comparison using Wilcoxon rank sum tests
with Holm correction showed the significant differences between “Disabled” and “Ran-
dom” (p < 0.01, v = 0.34), between “Disabled” and “non-BP” (p < 0.01, v = 0.39), be-
tween “Disabled” and “BP” (p < 0.05, v = 0.29), between “Random” and “BP” (p < 0.05,
v = 0.24), and between “non-BP” and “BP” (p < 0.05, v = 0.26). Between “Random”
and “non-BP”, a statistical difference was not observed.

On the other hand, For the “WW.L-insensitive users”, the result shows the insensitivity
of the participants. As expected, from my Friedman test and pair-wise test with Wilcoxon
rank sum tests, no significant differences were observed during “Random”, “BP”, and “non-
BP”, while significant differences between “Disabled” and the other strategies were found
(Friedman test with the effect of notification strategy on the WWL score (x*(3) = 9.4, p <
0.05)). The significant differences from the post-hoc test using Wilcoxon rank sum tests
with Holm correction are observed between “Disabled” and “Random” (p < 0.01, v =
0.30), between “Disabled” and “non-BP” (p < 0.01, v = 0.35), and between “Disabled”
and “BP” (p < 0.01, v = 0.34).

7.4 [Evaluation: In-the-Wild User Study

Based on the promising results from my controlled user study, I proceeded to in-the-wild
user study to better understand how Attelia I could reduce user’s perceived workload in the
user’s real computing lives. In this study, I installed my Attelia I service on each partic-
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ipant’s smartphone. I compared multiple different notification strategies and investigated
if notifications displayed at the timings of detected breakpoints could reduce participants’
workload.

7.4.1 Participants

For this study, 30 (20 male and 10 female) people, who are using an Android 4.3 (or above)
smartphone in their daily lives, were recruited as the participants. Among the participants
there were university staff members and students, with ages ranging from 18 to 29 years old.
20 participants belonged to computer science and information technology related depart-
ments, while the remaining participants belonged to other schools, such as social sciences,
economics, and psychology. All of the participants were using Android OS version 4.3 (or
above) smartphones in their daily lives. Subjects were paid $60 for their participation.

7.4.2 Experimental Setup

I packaged the Attelia I service and some additional experiment-related data collection ser-
vices and their parameters into a single Android service. With each participant’s permis-
sion, | installed the service to each participant’s own smartphone. The Attelia I service
was configured to the real-time mobile breakpoint detection mode, with a J48 decision tree
classifier trained using my previous experiment, with a 2.5-second time frame 7' setting.
In this study, I prepared three different notification strategies, namely (1)“Disabled” (no
notification), (2)“Random”, and (3)“Breakpoint” (my approach). Everyday, for each user,
the data collection logic randomly chose one of these strategies to be used for notification
throughout the day.

I set the following study-specific parameters for each user: (1)the daily maximum num-
ber of interruptive tasks to 12, (2)the minimum interval between two consecutive notifica-
tions was set to 15 minutes, (3)the maximum interval was set to 30 minutes, (4)the service
was configured to show notifications only from 8AM to 9PM daily. These parameter values
were carefully chosen to get enough data points without requiring too much effort from the
participants. The last was estimated from interviews to the participants about their daily
life patterns.

Regarding on the interruptive task, a full screen pop-up window appeared on the screen
to ensure that the interruption would not go unnoticed, when participants were interrupted.
Figure 7.9 shows the screen-shots of the pop-up interruptive notifications.

The first screen asked if the timing was during a natural breakpoint. The second pop-up
was shown regardless of the user’s answer to the question. On the pop-up, the participants
were given a interruptive task: To read the paragraph and select an appropriate title for the
article given three options. I chose this interruptive task from the similar previous inter-
ruption studies [5, 6]. Subjects were asked to finished the task as fast and accurately as
possible. After the participant finished the task, the pop-up window disappeared so that the
user could return to the original task that she was performing.
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Figure 7.9: Notification Screens

7.4.3 Experiment Procedure
My experimental procedure consists of the following three parts.

1. Each participant had a meeting with a study researcher at the beginning of the user
study. The participant received basic information and instructions on the study, fol-
lowed by signing a consent form. Afterwards, the researcher installed and started the
Attelia I software on the participant’s smartphone. The existence of multiple differ-
ent notification strategies was explained to the participants, but the detailed behavior
was not explained.

2. The 16-day long experiment started after the meeting. As mentioned above, every day
the notification strategy for each user was randomly changed. Information about the
notification strategy working every day was not revealed to the participant. During
the experiment, at the end of each day, a NASA-TLX survey was sent to all par-
ticipants. Each participant was required to individually answer NASA-TLX survey
every night, for 16 days.

3. After the 16-day period finished, participants filled out the post-experiment survey,
uninstalled the Attelia I service, and were paid.

7.4.4 Measurements

The Attelia I service recorded the time taken to respond to the first and second notifications,
time to answer the quiz, and the answer to the quiz. The data was uploaded to my server ev-
ery night. The NASA-TLX questionnaires (implemented as a web page on my web server)
were sent to each user via email every night, thus the survey results were stored inside my
database on the server.
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7.4.5 Result Analysis: Subjective Workload

From the experiment, I collected the answers to NASA-TLX surveys from each of 30 par-
ticipants over 16 days. The data from 3 users was discarded due to several issues: data not
properly recorded and uploaded to the server or the user forgot to fill out the daily survey.
My final data set consisted of 27 users’ data and I used it for the following data analysis.

As shown in Figure 7.10, again, I observed differences in the range of subjective NASA-
TLX WWL score in terms of individual personal means and variances across different no-
tification strategies. More specifically, I observed once again sensitive and insensitive (to
the notification strategy) users.
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Figure 7.10: Variance of NASA-TLX WWL Scores (In-the-Wild User Study)

Thus, I first conducted a hierarchical clustering with the Ward method and Euclidean
distance on the variance of each user’s NASA-TLX WWL scores. Figure 7.11 shows the
resulting dendrogram for this clustering.

When looking at the dendrogram, I again identified 2 distinct clusters. It is quite obvious
that these users can be split into two quite distinctive clusters since the height from the top
of the figure to where two vertical lines (i.e., two biggest clusters) further splits to more
groups in this figure with using the Ward method and the Euclidean distance. Table 7.8
shows the the number of users and the mean of personal WWL score standard deviation in
each cluster. Following my naming convention in the controlled study, I named the clusters
“WWL-sensitive users” and “WWL-insensitive users” respectively.

Also, for further confirmation on clustering, I conducted another non-hierarchical clus-
tering with K-means algorithm (K=2) with the Hartigan-Wong method, and confirmed that
the both clustering methods output the same clustering of the users.
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Figure 7.11: Dendrogram from Structured Clustering (Personal WWL Score Variances)
(In-the-Wild Study)

Table 7.8: Two WWL-based Clusters in In-the-Wild User Study

’ Cluster name | Users | Mean WWL Stdev. ‘
“WWL-sensitive users” 13 21.38
“WWL-insensitive users” 14 8.19

The average NASA-TLX WWL scores, for each notification strategies and for each
cluster, are illustrated in Figure 7.12.

For the “WW.L-sensitive users”, the results show the same trend as I observed in the
controlled user study. A 33% decrease in perceived workload was observed in my break-
point strategy (“Breakpoint”) results, compared to the perceived workload in the random
strategy (“Random”), that emulates how people are currently experiencing interruptions on
the standard Android notification system. “Breakpoint” strategy (workload score of 45.46)
resulted in only an increase of 33% in perceived workload when compared to the base-
line “Disabled” strategy (workload score of 34.22) with no notifications, while “Random”
strategy (workload score of 51.07) resulted in an increase of 49%.

A Friedman test revealed a significant effect of notification strategy on the WWL score
(x%(2) = 8.5, p < 0.05). A post-hoc pair-wise comparison using Wilcoxon rank sum tests
with Holm correction showed significant differences between “Disabled” and “Random”
(p < 0.01, v = 0.37) and between “Random” and “Breakpoint” (p < 0.05, v = 0.20),

For “WWL-insensitive users”, on the other hand, my Friedman test and pair-wise test
with Wilcoxon rank sum tests showed no significant differences between all of three strate-
gies.
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Figure 7.12: NASA-TLX WWL Scores for Each Cluster (In-the-Wild User Study)

7.4.6 Result Analysis: Subjective Frustration

I also conducted another analysis on user’s subjective frustration value collected in daily
NASA-TLX surveys, since the frustration value looks the key element among 6 different
elements in the survey. Figure 7.13 shows the variances of the frustration scores for all
participants.

Similarly, for the frustration scores, since differences in the variance among users were
observed, I first conducted a hierarchical clustering using the Ward method and Euclidean
distance on the variance of each user’s NASA-TLX frustration scores. The resulted den-
drogram is shown in Figure 7.14.

Similar to the analysis on the WWL score variances, I observe a separation between the
observed 2 clusters, thus concluded the size of the clusters to 2. (I also confirmed that a
non-hierarchical clustering with K-means algorithm (K=2) with the Hartigan-Wong method
output the same clustering result.)

Table 7.9 shows the number of users and the mean personal frustration score standard
deviation in each cluster respectively. Also, Table 7.10 shows the comparisons between
the WWL-based clustering and the frustration-based clustering. All of 13 participants in
the “WWL-sensitive users” cluster are clustered in to “FRU-sensitive users” cluster. On
the other hand, 10 out of 14 users in “WWL-insensitive users” are clustered in to “FRU-
insensitive users” while other 4 users are clustered in to “FRU-sensitive users”.

Figure 7.15 shows the average frustration scores for the different notification strategies,
for the two clusters respectively.

For the “FRU-sensitive cluster”, I observe the same trend as I saw in my WWL score
analysis. A 33% decrease in frustration was observed in my breakpoint strategy (“Break-
point”) results, compared to the perceived workload in the random strategy (“Random”).
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Figure 7.14: Dendrogram from Structured Clustering (Personal Frustration Score Vari-
ances) (In-the-Wild User Study)

“Breakpoint” strategy (frustration score of 50.74) resulted in only an increase of 27% in
perceived workload when compared to the baseline “Disabled” strategy (perceived work-
load score of 39.77) with no notifications, while “Random” strategy (perceived workload
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Table 7.9: Two Frustration Score-based Clusters in In-the-Wild User Study

’ Cluster name

| Users | Mean Frustration Stdev. ‘

“FRU-sensitive users”

17

25.29

“FRU-insensitive users”

10

7.72

Table 7.10: Comparisons between Two Clustering Analysis

H FRU-sensitive users | FRU-insensitive users \

WWL-sensitive users 13 0
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Figure 7.15: Frustration Scores for Each Cluster

score of 50.74) resulted in an increase of 41%. A Friedman test revealed a significant effect
of notification strategy on the WWL score (x%(2) = 4.7, p < 0.05). A post-hoc pair-wise
comparison using Wilcoxon rank sum tests with Holm correction showed significant differ-
ences between “Disabled” and “Random” (p < 0.05, v = 0.33), between “Disabled” and
“Breakpoint” (p < 0.05, v = 0.22), and between “Random” and “Breakpoint” (p < 0.05,

v =0.17).

On the other hand, for the “FRU-insensitive users”, no significant differences were ob-
served between all of three strategies, by my Friedman test and pair-wise test with Wilcoxon

rank sum tests.
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7.4.7 Result Analysis: Response Time for the First Pop-up

Figure 7.16 shows my next analysis on the response time to the first pop-up. The response
time is the time differences from when the first pop-up is shown on the smartphone screen
to when it was answered by the user. After the user study, I obtained 1130 data points for
the “Random” strategy and 1032 data points for the “Breakpoint” strategy. The average
response time was 3.18 seconds in “Random” and 2.77 seconds in “Breakpoint” respec-
tively. My Wilcoxon Signed-rank test showed that there is a significant effect of strategy
(W =343, Z = —3.19,p < 0.05, v = 0.37).

Response Time (second)

T T
Random Breakpoint

Notification Strategy

Figure 7.16: Response Time to the First Pop-up

7.4.8 Result Analysis: Response Time for the Second Pop-up

Next I analyzed response time for the corresponding second pop-up questions. Again, the
response time is the time differences from when the second pop-up is shown on the screen
to when it was answered by the user. Figure 7.17 shows the results. The average response
time in “Random” strategy is 5.97 seconds while the average response time in “Breakpoint”
strategy is 5.88 seconds. My Wilcoxon Signed-rank test did not show significant difference
the response time values of the strategies. Also, the same types of tests combined with the
clustering (either WWL or frustration scores) did not show any significant difference.

From this analysis result, my hypothesis is that, since the target of user’s attention was
already switched from the user’s primary task to the interruption at the timing of the first
pop-up, regardless of the type of the notification strategies used, the response time values
for the second pop-up are not significantly different between the notification strategies (of
the first pop-up).
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Figure 7.17: Response Time to the Second Pop-up

7.4.9 Result Analysis: Correct Answer Rate for the Second Pop-up

Another analysis on the second pop-up was on the correct answer rate for the second pop-
up screen. Figure 7.18 shows the results. The correct answer rate 1s 87.0% in “Random”
strategy and 87.8% in “Breakpoint” strategy. However, my Wilcoxon Signed-rank test did
not show significant difference the response time values of the strategies. Furthermore, the
same types of tests combined with the clustering (either WWL or frustration scores) did not
show any significant difference. This analysis result supports my hypothesis on the target
of user’s attention mentioned above.
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Figure 7.18: Correct Answer Rate in the Second Pop-up
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7.4.10 Post-Experiment Survey

After the 16-day experiment has finished, I conducted an instant post-experiment survey
for each user, at the end of the user study. Table 7.11 and 7.12 summarizes the results. |
asked each participant following 5 questions.

1. Did you realize any differences between several different notification strategies that
changed daily, excluding “No notification” strategy?

2. Do you think the differences in Q (1) affected your mental workload?
3. Do you think the differences in Q (1) affected your response time to answer the quiz?
4. With my software, did you see any difference in your phone’s battery life?

5. With my software, did you observe any performance degradation in your phone?

For questions 1 to 3, I asked the participants to answer each question by using 5-level
likert scale (1 — Strong disagree, 2 — Disagree, 3 — Neutral, 4 — Agree, and 5 — Strongly
agree). For questions 4 and 5, I asked the participants to answer each question by using
another 5-likert scale (1 — Not at all influential, 2 — Slightly influential, 3 — Somewhat
influential, 4 — Very influential, 5 — Extremely influential).

Table 7.11 summarizes the answers of question 1 to 3. For the question (1) “Did you
realize any differences between several different notification strategies that changed daily,
excluding “No notification” strategy?”, the answer with the biggest number of the partici-
pants was “Disagree”, while the answer with the second biggest number of the participants
was “Agree”. From this result, I hypothesize that this answer may be related to the clusters
I observed in my NASA-TLX score analysis. However, I could not further analyze these
survey answers in terms of possible matching against the cluster I previously generated,
since there were several data inconsistencies in the user ID field of the survey answer data.
At the survey, I asked each participant to input her/his own user ID manually. However, I
eventually found that several participants have input the wrong user ID number, then it was
not possible to analyze the data, referring their user ID values.

For the question (2) “Do you think the differences in Q (1) affected your mental work-
load?”, more than half of the participants (16 out of 30) agrees or strongly agree, while 7
participants disagrees or strongly disagree. The same trend was observed for the question
(3) “Do you think the differences in Q (1) affected your response time to answer the quiz?”.
18 participants agreed or strongly agreed to the question, while 5 participants disagreed or
strongly disagreed. Again, I could not analyze the results further on the relationships with
the observed clusters, due to the inconsistent data on the user IDs.

Table 7.12 summarizes the answers of question 4 and 5. For the question (4) “With our
software, did you see any difference in your phone’s battery life?”, 10 out of 30 participants
answered that it was not influential at all. Although 20 participants were aware of some
level of change in power consumption, the total number of users who answered “Not at all



CHAPTER 7. BREAKPOINT DETECTION ON A SINGLE DEVICE

Table 7.11: Summary of the Post-Experiment Survey (1)

76

“Strongly

“Strongly

Question disagree™(1) Disagree”(2)| “Neutral”(3) Agree”(4) agree”(5) Average | Std. Dev.
1 6 10 5 7 2 2.6 1.2
2 3 4 7 15 1 32
3 2 3 7 15 3 35 1.0

* Question (1): Did you realize any differences between several different notification strategies that changed daily, excluding
“No notification” strategy?

e Question (2): Do you think the differences in Q(1) affected your mental workload?

e Question (3): Do you think the differences in Q(1) affected your response time to answer the quiz?

influential” (10) and “Slightly influential” (10) covers 20, which is 2/3 of the participants.

The result was quite promising for us in terms of Attelia I’s power efficiency.

Table 7.12: Summary of the Post-Experiment Survey (2)

. “Not at all “Slightly “Somewhat “Very “Extremely
Question || 4 fuential”(1) | influential”(2) | influential”(3) | influential”(4) | influential’(s) || AVerage | Std- Dev.
7 10 10 6 7 0 21 1.0
5 14 9 6 0 1 1.8 1.0

e Question (4): With our software, did you see any difference in your phone’s battery life?

e Question (5): With our software, did you observe any performance degradation in your phone?

7.5 Summary

This chapter addressed my research on detecting breakpoints during user’s mobile experi-
ence (interaction with a device) on a single mobile device, introducing the detail design,
implementation, and evaluation results of Attelia I.
A controlled user study showed that notifications at detected breakpoint timing resulted
in 46% lower perceived workload compared to randomly-timed notifications. Furthermore,
my in-the-wild user study with 30 participants for 16 days further validated Attelia’s value,
with a 33% decrease in perceived workload compared to randomly-timed notifications.



Chapter 8

Breakpoint Detection on Multiple
Devices

This chapter describes “Attelia II”, the second prototype of Attelia. Attelia Il is cable of de-
tecting breakpoints in a user’s daily life comprehensively, both during user’s active manip-
ulation and inactive periods. Attelia II also addresses breakpoint detection in a combination
of multiple mobile and wearable devices. This chapter details the design, implementation,
and evaluation of Attelia II.

77
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8.1 Design of Attelia II

Encouraged by my promising results with Attelia I, this research builds the second pro-
totype, Attelia II, on my past work in two novel and important ways. First, this research
address how breakpoint detection can be applied in the multi-device (i.e., smartphones and
smart watches) ubiquitous computing environments that users are often in, and use these
devices to detect breakpoints. Second, Attelia I only detected breakpoints during active in-
teraction with a smartphone. Attelia II extends the breakpoint detection to cover all aspects
of a user’s daily life, including the period the devices are carried or worn but not actively
manipulated. I demonstrate the impact of this increased coverage on users’ perceived work-
load.
Attelia I has the following three distinctive features:

« Attelia Il detects breakpoints on a combination of user’s mobile and wearable devices,
without the use of an external server or any psycho-physiological sensors.

« Attelia II detects such timings in real-time (not post-hoc) so that it can be used to
adapt notification timings at run-time.

* Attelia II'’s detection can be applied to a wide range of applications installed on users’
smartphones, not requiring any modifications in to the applications.

8.1.1 Two Types of Breakpoints as Temporal Targets for Interruption

Referring to the results from my previous work and other related research, Attelia II uses
breakpoints [63] as a temporal target for sensing an opportune moment for delivering inter-
ruptive notifications with reduced user perceived workload.

In order to cover user’s comprehensive everyday life in ubiquitous computing, Attelia
I introduces two different notions of breakpoints, namely User Interaction-based Break-
point and Physical Activity-based Breakpoint.

User Interaction-based Breakpoint

While the user is manipulating a device that he is carrying or wearing, there is an application
that is the target of his manipulation. Thus, for the period when the device is actively being
manipulated, I focus on the interaction between the user and the application and use that
information for detecting a user’s breakpoints.

Although the application itself is one possible source of knowledge about breakpoints,
using knowledge from the internals of any specific application is not feasible nor scalable,
given the huge number of applications available and the fact that application developers
would need to expose internal information at development time. Instead, we collect run-
time status events from the operating system and executing applications, and use them to
identify relationships to ground truth values of interruptive overload provided by users, dur-
ing a training phase. During this training phase, users indicate when they are interruptible
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by pressing an always-present button on their interface (see Figure 8.3.) This training data
is provided to a J48 classifier running on the mobile device. Note that the User Interaction-
Based Breakpoint Detection described here is the same as what was presented in Attelia
L.

Physical Activity-based Breakpoint

In my daily lives with smartphones and smart watches, there is a significant amount of time
when I just carry or wear them but do not actively use (manipulate) them. For example, in
Melissa’s scenario, she wears her smart watch and carries her smartphone in her pocket but
does not actively manipulate them while moving from the lab to the kitchen, getting coftee
and returning to the lab. Another example is when a user is just reading a book, sitting on a
sofa, and wearing his smart watch. To comprehensively address information overload in a
user’s daily life, this type of situation needs to be handled, by finding an opportune moment
to deliver notifications while users are not actively manipulating their devices.

To this end, I focus on transitions in a user’s physical activity, such as “when a user
stands up” or “when a user stops running”. I specifically hypothesize that when a person
changes her activity from a high energy state to a lower energy state, that timing can be
strongly considered as her breakpoint. (Later I validate this hypothesis with input gathered
from users.) Concretely on the mobile and wearable devices, Attelia II declares a physi-
cal activity-based breakpoint when such a change in the user’s activity is detected, using
activity recognition mechanisms built on top of the hardware sensors already available on
mobile platforms, such as the accelerometer or GPS.

8.1.2 Mobile Sensing to Real-Time Breakpoint Detection

In order to realize real-time detection on multiple mobile and wearable devices, Attelia II
has its own architecture for overall breakpoint detection shown in Figure 8.1.

(1) On each device, both the “User Interaction-based Breakpoint Detection” (while the
device is being actively manipulated) and “Physical Activity-based Breakpoint Detection”
(while the device is not being manipulated) will be running, according to the current device
usage.

(2) Each detection component executes its own local binary classifier to detect break-
points at a configured periodicity and outputs the binary value. Those local classification
outputs along with the device usage status information will be exchanged across a user’s
multiple devices via an “Inter-Device Breakpoint Sharing” layer.

(3) An installed “Combinational Breakpoint Detection” algorithm reads the current val-
ues of all underlying local breakpoint detectors and device usage statuses, and generates
a final decision on the user’s breakpoint status across devices, based on the selected
“Combinational Detection Model”.
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Figure 8.1: Attelia II Layered Breakpoint Detection Architecture

8.2 Attelia II System

Based on the design above, here I describe the system architecture of Attelia Il implemented
on the Android platform in this section. Figure 8.2 shows the system structure of Attelia
IT prototype implemented on the generic Android 4.3 (and above) platform and Android
Wear 5 (and above) platform. The current prototype runs on a variety of Android devices
including smartphones, tablets, notebooks, smart cameras, and smart watches as shown in
Figure 8.3.

Attelia II is implemented as a middleware service for the Android platform and runs on
each device of the user. The middleware implementation allows the service to be distributed
through the Google Play store and contributes to the deployability of the system to end users.

Attelia IT uses several underlying components inside the Android platform which are
illustrated in “Underlying Components” layer in Figure 8.2. Each individual breakpoint
detector on each device reads a data stream from the underlying systems, such as activity
recognition results or the Ul event stream and detects breakpoints, by using its own feature
extraction and classification (powered by Weka [56]) logic, respectively. (More detailed in-
formation on the underlying components used in each platform are summarized in Table 8.1
and explained in the next section.)

These detection results (“Detected breakpoints” in Figure 8.2) are fed into “Inter-Device
Breakpoint Sharing” component and exchanged among multiple devices in over Bluetooth-
based Personal Area Network (PAN). When breakpoint(s) is detected by at least one of the
low-level breakpoint detectors, the “Combinational Breakpoint Detector” component com-
bines these results by following the definition in a configured “Combinational Detection
Model” and produces a final breakpoint judgment.

Each device runs an identically selected Combinational Breakpoint Detector, that has
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Figure 8.2: Attelia II System Architecture

access to the same information as the others (e.g., which detectors detected a breakpoint and
which devices are actively being used). When they make a final judgment that a breakpoint
has occurred, they use the device usage information to determine which device should de-
liver any deferred notifications. For example, if the phone is being used, the phone should
receive the notifications since it already has the user’s attention.

Table 8.1: Breakpoint Detection Mechanisms in Attelia 1T
Generic Android platform Android Wear platform

User Interaction-based Detector || Accessibility Framework [28] | Linux Input Subsystem [3]

) . Google Play Services Original accelerometer
Physical Activity-based Detector ' o -
Location APIs [30] -based activity recognition

8.2.1 User Interaction-based Breakpoint Detection

Table 8.1 shows the list of mechanisms used for each detector.
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Generic Android Platform

On the generic Android platform (version 4.3 and above), Attelia II uses the same user
interaction-based breakpoint detection mechanism as Attelia I presented in Chapter 7. Us-
ing the Android Accessibility Framework [28], the detector reads the UI event stream, ex-
tracts feature vectors, and executes a J48 classifier on the Weka [56] machine learning
engine every 2.5 seconds, while the device is being actively used (more specifically, while
the device’s screen is on and there is any Ul Event fired in this time frame).

Android Wear Platform

On the Android Wear 5 platform, on the other hand, I implemented a different breakpoint
detector which uses the Linux Input Subsystem [3] since the Android Accessibility Frame-
work is not provided as of version 5.0.1.

Linux Input Subsystem is a standardized way of manage all USB input devices in Linux.
From the perspective of a system that uses this subsystem, available input devices on the
local device are abstracted as device files under /dev/input/ on the Linux file system.
For example, Figure 8.4 shows the list of device files on Sony SmartWatch3. By opening
the device file and reading the content, applications can easily detect the input to a specific
input device. Attelia Il particularly uses /dev/input/eventl to get user’s tapping and
gesture inputs on to the touch screen of the Android Wear smart watch.
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Figure 8.4: List of Linux Input Device Files on Sony SmartWatch3

# adb shell su —— getevent -1p <\\
add device 1: /dev/input/event2 <————— Power Button
name: *“bcmpmu_on'!
events:
KEY (0001): KEY_POWER
input props:
<none>
add device 2: /dev/input/event3
name: " “bcm_headset''
events:
KEY (0001): KEY_VOLUMEDOWN KEY_VOLUMEUP KEY_MEDIA
input props:
<none>
add device 3: /dev/input/eventl <————- tapping, gesture, etc.
name: *“synaptics_dsx''
events:
KEY (0001): KEY_POWER KEY_SLEEP BTN_TOOL_FINGER BTN_TOUCH
ABS (0003): ABS_X : value @, min @, max 320, fuzz @, flat @, resolution @
ABS_Y : value @, min @, max 320, fuzz @, flat @, resolution @
ABS_MT_SLOT : value @, min @, max 4, fuzz @, flat @, resolution @
ABS_MT_TOUCH_MAJOR : value @, min @, max 15, fuzz @, flat @, resolution @
ABS_MT_TOUCH_MINOR : value @, min @, max 15, fuzz @, flat @, resolution @
ABS_MT_POSITION_X : value 0, min @, max 320, fuzz @, flat @, resolution @
ABS_MT_POSITION_Y : value 0, min @, max 320, fuzz @, flat @, resolution @
ABS_MT_TRACKING_ID : value @, min @, max 65535, fuzz @, flat @, resolution @
input props:
INPUT_PROP_DIRECT
add device 4: /dev/input/event@
name: “talp'!
events:
ABS (0003): ABS_MISC : value 0, min @, max 65528, fuzz @, flat @, resolution @
input props:
<none>
could not get driver version for /dev/input/mouse@, Not a typewriter
could not get driver version for /dev/input/mice, Not a typewriter 4/)

Due to the nature of available Android smart watches and the fact that most current
Android Wear products mainly support checking (Android’s) notifications, I take any ma-
nipulation on the watch screen as an indication that the user is at a breakpoint. Thus, the
current breakpoint detector implementation looks for breakpoints every 2.5 seconds, if more
than one tap-related event comes from the underlying Linux Input Subsystem in this time
window.

8.2.2 Physical Activity-based Breakpoint Detection

Physical Activity-based breakpoint detection is based on a transition in a user’s physi-
cal activity, such as when she stops walking. This breakpoint detector relies on underly-
ing activity recognition that generates labels such as walking, running, or still, and detects
breakpoints according to changes in activity.

To confirm my earlier hypothesis about detecting breakpoints in during changes in phys-
ical activities (1.e., that breakpoints exist when moving from a high-energy to a low-energy
activity), I conducted a survey. The survey asked participants to rate, using a 10-point Likert
scale, the likelihood of a breakpoint when transitioning between each pair of the following
physical activities: bike-ride, running, walking, working at a desk, and being still. Table 8.2
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shows the summary of the results from 26 university students.

Based on these results, I built a model for detecting physical activity-based breakpoints,
that reads a series of user activity labels from the underlying activity recognition system
and concludes a breakpoint if an activity change whose corresponding value in Table 8.2 is
greater than 5.0.

Table 8.2: Ground Truth on Physical Activity Change Breakpoint

To
onbike | running | walking | working still
onbike 47(3.1) | 6.8(2.5)|49(3.4) | 64 (3.0)
running || 4.7 (3.0) 82(14)| 45(3.3) | 7.0(2.6)
From | walking || 4.3 (3.0) | 5.0 (2.9) 533.3) | 742.3)
working || 4.8 (3.5) | 5.4 (3.1) | 6.9 (2.6) 5.8 (3.6)
still 47@33)[513.1)|732.3)|38(2.9)

Each number shows the average (and standard deviation) using a 10-point Likert scale.
Values in bold indicate those used by the breakpoint detector.

Generic Android Platform

On the generic Android platform, physical activity-based breakpoint detection is built on top
of the Activity Recognition API of Google Play Service Location APIs [30]. Using various
types of physical sensors and the GPS in the Android devices, this API returns the device’s
current activity, such as “STILL”, “IN_VEHICLE”, “RUNNING”, or “ON_BICYCLE”.
Detail of this API by Google is not opened for the public, but it is considered to be using
multiple types of sensors, such as accelerometer and GPS, inside.

The frequency with which the API returns the activity depends on the Android platform
version. On Android 4, it returns relatively periodically, such as once every few seconds.
On the other hand, the frequency is very variable on Android 5 platform, depending on
the current activity. When the phone is placed and fixed on the desk, for example, the
intervals of the activity updates from the API will be several minutes probably because the
API detects the phone is not on user’s body.

Since the API is provided by Google, the provider of the Android platform itself, I as-
sumed the API has a certain degree of quality as a product and optimization in implementa-
tion and introduced it to the Attelia system. On the generic Android platform devices, such
as smartphones and tablets, Attelia II opens an instance of this API and uses a stream of ac-
tivity labels output from the API. The activity labels will be fed into my original breakpoint
classifier which refers the values in Table 8.2.
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Android Wear Platform

On the Android Wear 5 platform, I implemented my own activity recognition on the smart
watch since the Activity Recognition API described above is not supported. Following my
own past research on smartphone-based activity recognition [66], I built an accelerometer-
based activity recognizer as follows. The system’s overview with real-time mobile sensing
and machine learning technique is similar to what has been already presented in Section 6.2.

Sensor hardware and data: My implementation uses the Sony SmartWatch3 SWR50 [79]
with Android Wear 5.0.1. Following my previous work and other activity recognition re-
search, my system uses data from the accelerometer. On SWRS50, applications can read
acceleration data with a frequency of 50Hz. Using both High Pass Filter (HPF) and Low
Pass Filter (LPF), value of gravity force and very high frequency wave in raw acceleration
values will be filtered out, before further data processing.

Feature vector: Table 8.3 overviews the features used in the system. The system
uses a set of 22 commonly used time-domain and frequency features, widely used for
accelerometer-based activity detection. Based on my past experience, the length of a time
frame for feature extraction is set to 3 seconds.

Table 8.3: Selected Features Used for Activity Recognition
| Feature Type | Features

Mean (z, y, 2)
Time Magnitude of Mean (1/z2 + y? + z?)
Domain Variance {var(x),var(y),var(z)}

Correlation {corr(x,y), corr(y, z), corr(x, z)}
Covariance {cov(z,y), cov(y, z), cov(x, z)}

m?
Frequency Energy (%

Domain Entropy (= >°7_,(p; * log(p;)), p; is FFT histogram

), M is FFT component

Training of the classifier model: Due to the reduced capability of Android Wear de-
vices, my current implementation only classifies “still”, “walking”, and “running”. I trained
a J48 decision tree classifier model on the Weka [56] engine, with ground truth data col-
lected from 10 people. The cross validation result is shown in Table 8.4.

Table 8.4: Confusion Matrix: Cross Validation of Activity Recognition
Classified As

still | walking | running

Ground still 922% | 7.7% 0.0 %
truth | walking || 4.3% | 95.1% 0.6 %
running || 5.1% 5.3% 89.8%
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8.2.3 Inter-Device Communication

Attelia II shares the breakpoint detection events and device-usage status across multiple
devices via Bluetooth-based Personal Area Network (PAN) among the devices. Here Attelia
IT basically assumes that the user is wearing and carrying devices that are within the range
of Bluetooth wireless communication.

When a local breakpoint detector detects a breakpoint, attributes about the breakpoint,
including its timestamp and detector type, will be sent to other devices in real-time. Attelia
service on each device keeps track of the list of currently-detected breakpoints (sent from all
devices) for the last several ¢ seconds. (Currently the value of ¢ is set to 10 seconds.) As the
result such communication between devices, Attelia II has an assumption that the Attelia
IT service on user’s each device basically share the same view on the current conditions of
the breakpoint detections in all devices.

Also for device-usage status, Attelia Il sends a “DEVICE IN_USE” message to remote
devices when the screen of the local device turns on, and a “DEVICE NOT USED” mes-
sage when the screen turns off. Again, as the result, Attelia II services on all of user’s
devices basically share the same view on the current device-usage conditions of all devices.
This simple implementation covers most situations in which a user is manipulating target
devices, since most of the time the screen is on when the user is interacting with the a device.

8.2.4 Combining Breakpoint Detection

In combinational breakpoint detector component, a final judgment on the user’s breakpoint
detection will be processed based on (1) current condition of all underlying breakpoint de-
tections and (2) pre-configured combinational detection model.

Figure 8.5 shows an example situation on one of the user’s devices. A table on the left
stores the shared view on the current conditions of the breakpoint detections in all devices.
In this example, currently physical-activity breakpoint is detected both on the watch and
the smartphone. Another table on the right illustrates the concrete example of the combina-
tional detection model. In this particular example, the model specifies that physical-activity
breakpoint on the watch and physical-activity breakpoint on the phone are needed to declare
the final conclusive breakpoint.

Every time a breakpoint detection event comes from any user interaction-based or phys-
ical activity-based breakpoint detector (of any device, either from the local device or the
remote device), the new event will be firstly stored into the left table as a newest data. As
already mentioned, any breakpoint detected by an individual detector within the last 10 sec-
onds is considered to be a “current” breakpoint. Next, combinational breakpoint detector
component makes the final decision on the “conclusive breakpoint”, by comparing the both
tables and checking if the current condition satisfies what the model requires.
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Table for the current breakpoint condition

Physical Activity BP on Watch Yes
User-Interaction BP on Watch No
Physical Activity BP on Phone Yes
User-Interaction BP on Phone No

Conclusive
Breakpoint

Compare and check if
all needed breakpoints
are currently detected.

Installed combinational
detection model

Necessary

Necessary

Figure 8.5: Combinational Breakpoint Detection on Each Device

8.3 Evaluation: In-the-Wild User Study
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Using the Attelia II prototype, I conducted an in-the-wild user study with 41 participants

for 1 month to evaluate how Attelia II performs in users’ multi-device environments.

The objectives in this study were as follows:

1. The Attelia I system used only User Interaction-based breakpoint detection on smart-
phones. I investigated whether the addition of Physical Activity-based breakpoint
detection on smartphones would result in reduced workload perception when dealing

with notifications.

2. I wanted to understand the value of having breakpoint detection on a worn smart
device. So, on the smart watch alone, I compared the impact of performing breakpoint
detection for delivering notifications compared to random delivery timings.

3. As there are different possible ways to combine the different detectors for making a
final decision about whether a breakpoint has occurred, I compared different combi-
nations of watch and phone breakpoint detectors to each other, to random delivery

and to Attelia I.

8.3.1 Participants

41 (31 male and 10 female) participants were recruited for the study. The participants were
university students and staff members, with ages between 19 and 26. 24 participants came
from computer science and information technology related departments, while the other 17
came from other schools, such as economics, psychology, or social sciences. All of the
participants were smartphone (Android OS version 4.3 or above) users in their daily lives.
None had a smart watch, so I provided each with a Sony SmartWatch3 device to use during
the study. Subjects were paid $100 for their participation, and were eligible to win 1 of 2

smart watches via a lottery.
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8.3.2 Overview of the Experiment Procedure

My experimental procedure consisted of three parts. (1) At the beginning of the study, each
participant received instructions for the study, signed my consent form for participation, and
received a Sony SmartWatch3. I paired the watch to the participant’s phone and installed
Attelia II on both devices.

(2) Starting from the next morning, the data collection and breakpoint detection began
and lasted for 31 days. Every day, each user experienced Attelia’s interruptive notifications,
whose timings are based on a randomly selected breakpoint detection model from those
models shown in Table 8.5. Attelia II contained definitions of all these models, but these
were hidden inside Attelia, thus users did not know which model they were being exposed
to each day. Everyday, both devices were set to the same chosen model.

To explore my third objective, I split the 31-day experiment into 2 phases. Table 8.6
shows the number of days that each model was configured to be selected during each phase.
During the first phase, a special “comparison” mode, described later, was configured to
collect data efficiently on multiple different combinations of models. During the 2nd phase,
the model was changed randomly, but evenly, among the specified 5 models everyday, to
prevent ordering effect.

(3) After 31 days, participants filled out the post-experiment survey, uninstalled the
Attelia service, returned the watch (except for the lottery winners), and were paid.

8.3.3 Experimental Setup
Combinational Breakpoint Detection Model

In order to achieve the objectives described above, I created a series of combinational break-
point detection models as shown in Table 8.5. Each strategy has a different set of underlying
detectors to be used for the combinational detection.

The Random model does not use any detectors and displays notifications using random
timings. This model emulates what people are currently interrupted by notifications.

Phone UI and Phone UI_Act are prepared for the first objective. Phone UI is actu-
ally the Attelia I system, which uses only a Ul-based detector on the phone. This model
delivers notifications at the breakpoint timings detected by the Ul-based detector while
the device is manipulated (the screen is on), and shows notifications in the random timing
while the device is not used (the screen is off). On the other hand, Phone UI Act adds the
use of the physical activity-based detector. The difference between the two models is that
Phone UI Act delivers notifications at the breakpoint timings detected by activity-based
detector while the device is not used, instead of the random timings.

Watch_UI_Act, along with Random, describes the conditions for the second objective.
Watch UI Act delivers notifications at the breakpoint timings detected by the Ul-based
detector while the watch is manipulated (the screen is on), and delivers notifications at the
breakpoint timings detected by the watch’s activity-based detector while the watch is not
used (the screen is off).
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Table 8.5: Combination Breakpoint Detection Models
Detectors used for combinational breakpoint detection
Model
Watch Phone
Name
Ul-based | Activity-based | Ul-based | Activity-based

Random None of detectors used. In random timings.
Phone UI Not used Not used Used Not used

Phone UI Act || Notused Not used Used Used

Watch UI Act Used Used Not used Not used
Combo(c) Used Not used Used Not used
Combo(d) Used Not used Not used Used
Combo(e) Not used Used Used Not used
Combo(f) Not used Used Not used Used
Combo(g) Not used Used Used Used
Combo(h) Used Not used Used Used
Combo(i) Used Used Not used Used
Combo(j) Used Used Used Not used
Combo(k) Used Used Used Used
Combo(x) OR( Combo(h), (g), (), (j), (d))

Table 8.6: Phase, Used Model and Duration during the 31 Day User Study
[ Phase H Phase 1 (14days) [ Phase 2 (17 days) ]
Model (special “comparison” mode) | Random | Phone Ul | Phone UI Act | Watch Ul Act | Combo(x)
Duration (days) 3 3 3 3 5

Combo(c) through Combo(x) are the models which involve multiple detectors across
devices and were compared for the third objective. These “Combo” models internally use
“AND” logic over multiple underlying detectors to make their final breakpoint decision. I
used these models to explore whether multiple agreements amongst individual breakpoint
detectors might perform better than the individual ones.

Interruptive Notifications

The interruptive notification took the form of a full-screen Experience Sampling Method
(ESM) question that asked users to indicate whether the current moment was a good time to
be interrupted, using a 5-point Likert scale (1=strongly disagree to 5=strongly agree). This
custom notification was employed due to the limitation on Android OS where third party
software cannot control timings of Android’s official notification system. If the user was
actively manipulating the smartphone, then the notification was delivered on the phone.
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Otherwise, I defaulted to delivery on the watch. All the notifications were treated equally
without concept of “importance”.

The minimum interval between two consecutive notifications was set to 1500 seconds,
the maximum interval to 1800 seconds, and the daily maximum number of notifications
to 20. The study software also was configured to only send notifications between 8AM
to 8PM daily. The parameter values were carefully chosen after interviewing prospective
participants about their daily lives, to acquire a sufficient number of data samples without
overburdening them.

Measurement

When the user’s model detected a breakpoint, an Experience Sampling Method (ESM) no-
tification was delivered to the user. If the user was actively manipulating the smartphone,
then the notification was delivered on the phone. Otherwise, I defaulted to delivery on the
watch. The notification asked users to indicate whether the current moment was a good time
to be interrupted, using a 5-point Likert scale (1=strongly disagree to S=strongly agree). In
addition, each night, users were given the NASA-TLX [33] survey, a validated instrument
for assessing user workload. They were asked to answer the survey on the Web, and to
consider their experience with the current day’s notification delivery strategy provided by
Attelia II.

8.3.4 Collected Data

Analyzing all the collected data uploaded to my server during 31 days, the average daily
duration of device operation, during the times when each of two Ul-based breakpoint detec-
tors were active, was 227 minutes on the phone and 1.4 minutes on the watch. When I group
operations that are separated by less than 60 seconds, the per-user daily average number of
device operations are 174 on the phone, and 9.5 on the watch. Also, the average number of
displayed notifications for each user was 10.5 times per day, with 7.3 notifications of these
being attended to by the user.

8.3.5 Result: Value of Physical Activity-based Breakpoint Detection

My first experiment was to investigate whether the addition of physical activity-based
breakpoint detection to the already existing Ul-based detection on smartphones, would re-
duced user’s workload perception when dealing with notifications. We evaluated these two
approaches (Phone UI and Phone UI Act) and “Random” for each user, over a period of
9 days, and compared the resulting workloads.

Figure 8.6 shows the average TLX Weighted Workload (WWL) scores among the mod-
els. The Phone UI Act model results in significantly lower workload perception, compared
to the Phone UI (Attelia I) model and Random, which approximates how people are cur-
rently interrupted by notifications. When compared to the baseline (Random), Phone UI Act
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had a lower score by 12.2 (i.e., reduced workload), while Phone UI reduced the workload
score only by 7.1. The relative gain (or reduction in workload perception) from using the
Phone UI Act model is 71.8%, compared to the Phone UI (Attelia I) model.

A Friedman test revealed a significant effect of notification strategy on the WWL score
(x*(4) = 18.5,p < 0.01). A post-hoc pair-wise comparison using Wilcoxon rank sum tests
showed the significant differences between Random and Phone UI (p < 0.05, v = 0.28),
between Random and Phone UI Act (p < 0.05, v = 0.50), and between Phone UI and
Phone UI Act (p = 0.05, v = 0.24). Therefore, I can confirm my first hypothesis that
adding physical activity breakpoint detection to smartphones is an improvement over just
having Ul-based breakpoint detection.
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50 4572
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0
Random Phone_UI Phone_Ul_ActWatch_Ul_Act Combo(5x)

Breakpoint Detection Model

Figure 8.6: NASA-TLX WWL Scores

Figure 8.7 shows the average ESM interruptibility (5-point Likert scale) scores among
the models. The Phone UI Act model was rated as providing more appropriate interrup-
tions, when compared to both the Phone UI (Attelia I) model and Random.

8.3.6 Result: Attelia II on the Smart Watch

My next experiment was to investigate whether Attelia II on the watch would reduce user’s
workload perception. Taking a similar approach as for the previous experiment, I evaluated
the Watch_UI_Act model for each user, over a period of 3 days and compared the resulting
workload to that of the Random model from the previous experiment.

In Figure 8.6 the Watch UI _Act model results in significantly lower workload percep-
tion, compared to the Random model (a reduction in workload score of 12.8, or 19.4%)
A pair-wise comparison using Wilcoxon rank sum tests showed the significant differences
between Random and Watch UI Act (p < 0.05, v = 0.35).
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Figure 8.7: ESM Scores

8.3.7 Result: Inter-Device Combinational Models

The final experiment was to investigate the power of inter-device combinational breakpoint
detection. Since the number of combinational models (“Combo” models in Table 8.5) are
large, I split the experiment into two phases.

Phase 1: Choosing the Best Model

For the first phase of the study, which lasted for 14 days, my goal was to evaluate the ac-
curacy of the different combinational models: Combo(c) through Combo(k). To do so, we
configured Attelia into a special “comparison” mode. We set all four breakpoint detectors
to be active (phone UI, phone physical activity, watch Ul, watch physical activity). When-
ever any of the detectors detected a breakpoint, an ESM-based notification was delivered to
the user. The notification asked users to indicate whether it was delivered at an interruptible
moment, using a 5 point Likert-scale. In addition, we examined the state of the other three
breakpoint detectors. With the state of all four breakpoint detectors, and the ESM value,
we could assess the value of all 9 combinational models. For example, consider a situation
when a user is interacting with her smartphone and the smartphone’s Ul-based breakpoint
detector is triggered. In addition, her watch’s Ul-based breakpoint detector was not trig-
gered because she was not manipulating it, but both the watch’s and the phone’s physical
activity-based detectors were triggered because she transitioned from walking to being still.
This combination of detectors corresponds to the Combo(g) model. Using the gathered
ESM response, we can assess whether this combination accurately detected a breakpoint.
Note that we capped the daily number of breakpoints to 20. My goal was to acquire 2
ESM responses for each of the 9 combinational models and the Random model each day.
To ensure that we achieved this goal, if the Combinational Detector finds a model that can
be evaluated at this moment (e.g., Combo(h)), and if the model has not already had its
two ESM responses, only then will the ESM notification will be displayed. Otherwise, no
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notification is delivered. To collect 2 responses for the Random model, “Random”-based
notifications were randomly triggered twice daily.

Table 8.7 summarizes the results. For each user and for each Combo model, we cal-
culated the average ESM score (5-point Likert scale) and compared it to the average ESM
score for the Random model. We define the difference between these two scores as the
“gain” value. We then looked at which model provided the biggest gain for each user. Row
(1) shows, for each model (Combo(c) through (j)), the gain averaged across the users for
whom that model had the highest gain. We can clearly see that, for the models that use more
of the underlying detectors, (i.e., (g), (h), (1), and (j)), the gain is higher. Note that Combo(k)
notification, which reflects the situation where all of 4 detectors detecting breakpoints, did
not occur during our study. However, as Row (2) shows, we also observed that the number
of answered ESMs (and correspondingly, the number of delivered ESMs - Row 2 - is quite
small for those models. This is expected as it is less likely that 3 or more detectors will be
active at any given time.

With these results, we chose the best 5 models (those with the highest average gain), and
combined them with a disjunction (i.e., a logical OR). We label this new model as Combo(x)
and we use this in phase 2 of my user study where we compare it to the non-combinational
models described earlier.

Table 8.7: ESM Score Results on “Combo” Models

| Model lJolow]le]lo]le]omw] o] o[ 0 | Rndn
(1)Average gain across highest-gainers 128 | 1.46 | 1.17 | 145 | 1.62 | 1.72 | 1.40 | 1.47 | (N/A) (1.00)
(2)Number of displayed ESM 300 46 194 | 170 68 8 6 72 0 1043
(3)Number of answered ESM 249 34 165 137 54 7 6 58 0 647

Phase 2: Power of the Best Model

After the first phase ended and we successfully created the model Combo(x), we began
phase 2 which lasted for 17 days. We evaluated this model with my other models: Ran-
dom, Phone UI, Phone UI Act, and Watch UI Act. Note that experiments 1 and 2 were
conducted during phase 2, and it is those results that we compare to Combo(x). All users
experienced all models for at least 3 days, in a random ordering.

Again, Figure 8.6 shows the comparisons of average TLX WWL scores across the mod-
els. The Combo(x) model has a significantly lower workload than the other models, in-
cluding Phone UI Act and Watch Ul Act. Combo(x) amazingly resulted in an 295.1%
more reduction in workload perception, compared to Phone UI (Attelia I). When com-
pared to the baseline (Random), Combo(x) resulted in a score that was 21.0 points lower,
while Phone UI resulted only in a reduction of 7.1. A post-hoc pair-wise comparison us-
ing Wilcoxon rank sum tests showed the significant differences between “Random” and
“Combo(x)” (p < 0.01, v = 0.71), between “Phone UI” and “Combo(x)” (p < 0.01,
~v = 0.51), and between “Phone_UI Act” and “Combo(x)” (p = 0.05, v = 0.25).
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8.3.8 Discussion: ESM Scores

Figure 8.7 shows the results of the average ESM scores for each breakpoint detection model.

The average scores across the models show promising values in terms of users’ self-
reported interruptibility. However, there were no statistical significance between the dif-
ferent models. I hypothesize that the responses for the Watch UI Act model has a higher
(not significant) mean is that participants were interacting with their smart watch (which
mostly just supports application notifications), and at that times, they were interruptible.
This happened relatively infrequently as the watch was used relatively infrequently, thus
not impacting the ESM score for Combo(x). Despite the lack of significance in these re-
sults, the results from the NASA-TLX survey clearly shows that users’ workload perception
was reduced by each of the different approaches in Attelia II. From these results I argue that,
although users sometimes might not be aware of the direct value of Attelia II’s breakpoint
timing-based notification delivery, their overall workload perception was surely affected by
my system.

8.4 Summary

This chapter described the research on detecting breakpoints in “multi-device” environment
with covering user’s comprehensive daily life. Attelia II extended breakpoint detection of
Attelia I to cover all aspects of a user’s daily life, including the period the devices are
carried or worn but not actively manipulated, by introducing a combination of two types
of breakpoints, namely User Interaction-based Breakpoint and Physical Activity-based
Breakpoint. Attelia Il also addressed how breakpoint detection can be applied in the multi-
device.

My in-the-wild user study demonstrated the value of Attelia II in a multi-device en-
vironment. I showed that an introduction of physical activity-based breakpoint detection
in addition to Attelia I’s UI event-based breakpoint detection resulted in a 71.8% greater
reduction in users’ workload perception. Using both of these detectors on the smart watch
resulted in a reduction of 19.4% in user workload perception, compared to random notifi-
cation delivery. Finally, my best multi-device combinational breakpoint detection model
“Combo(x)” resulted in a 31.7% lower workload perception compared to the random case,
which is a greater reduction than from Attelia I by 295%.
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Conclusion

This dissertation addressed the problem of interruption overload, a situation in which the
user’s attention resource with limited capacity will be negatively impacted by an excessive
amount of ill-timed interruptive notifications. Because users are surrounded by an increas-
ing number of computer devices, applications, services, and other connected users all-day
long in the age of ubiquitous computing, users are receiving more interruptions from appli-
cations in the background of their primary task. Meanwhile, human attention is well known
to have a limited amount of capacity according to past research in the field of cognitive psy-
chology. Under such a situation, the attention resource of human users is one of the most
precious resources in the computing area.

Toward the capability of attention-awareness in computer systems, this research ad-
dressed the most fundamental part of attention-awareness, which is attention sensing. Em-
ploying the concept of breakpoint, my research system Attelia was developed to detect such
timing in real-time, solely on a combination of mobile and wearable devices, without need-
ing external psycho-physiological sensors, and without modifications to existing mobile
operating systems or diverse applications.

The extensive user study on Attelia I and II validated the effectiveness of Attelia. No-
tifications delivered to the participants in the detected breakpoint timing significantly low-
ered their subjective workload perception. Furthermore, a combination of two types of
breakpoint detection, namely, user interaction-based detection and physical activity-based
detection, resulted in even more improvements in the reduction of workload perception.

9.1 Future Work

This section presents the avenues for future work on Attelia, and further research into
attention-awareness.

95
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Future Work on Attelia

First, further investigation on “insensitive” users (““WWL-insensitive users” and “FRU-
insensitive users”) is my first research topic of interest. Such an opportunity includes the
possible real-time detection of which cluster the user belongs to, and an investigation into
other possible notification adaptation schemes so that their workload perception can be
lowered.

A second research opportunity is further system improvement using the model personal-
ization technique. In this paper, I used a single model (decision tree), which was commonly
used for all participants. For example, active learning and a longitudinal user study are pos-
sible next steps.

Classifying multiple levels of breakpoints is another opportunity to improve the break-
point detection capability of Attelia. Igbal ef al. found that there are at least three granu-
larities of breakpoints that users detect reliably, “coarse,” “medium,” and “fine” [44]. The
current Attelia implementation classifies a breakpoint in a binary manner, without consider-
ing the granularity. Multi-level breakpoint detection, possibly using the information from
the source detector, such as the concrete breakpoint type, points to an interesting future
research opportunity.

Deployment of the Attelia service to a real notification system on a smartphone operat-
ing system, including Android OS, is yet another challenging task. My user study with the
current implementation used my own artificial interruptive notifications due to the access
limitations of the real notifications of the real applications inside Android OS. Meanwhile,
Attelia is ready to export its “interruptibility API” based on the results of a real-time break-
point detection. Other applications can utilize Attelia’s API through a standard Android
IPC mechanism.

Towards the realization of a real-world attention-aware notification system, introducing
a concept of “priority” both on user’s demand side and on information provider’s supply
side for the “brokering” between them can be another next step of the research. Also, a
concept of “topic relevance” between user’s pursuing task and interruptive notifications
can be another elements for such brokering. For such functionalities, sensing of “user’s
attentional target” from user’s context information and/or application’s content information,
as well as the mechanisms for priority handling and negotiation between the demand and
supply sides, are the immediately building blocks to be explored. In the current Attelia
system, all notifications are handled with equal priority, and the relevance of the content
between the user’s primary task and the interruptive notification has not yet been handled.

Next, a more detailed analysis on the user’s interruptibility with regard to changes in
physical activity serves as an interesting research opportunity, given that smartphone plat-
forms come with activity recognition APIs. Initially, I had a hypothesis that people will
have a breakpoint when changing from a “high-energy” state to a “low-energy” state, such
as when they “stop walking.” However, our self-reported data in Table 8.2 shows that there
are breakpoints when going from low states to high states, such as being “still” to “walking.”

Further introduction and opportunistic combinations of other wearable devices, such as
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smart glasses [52] with gaze-tracking or blink-recognition features, is yet another research
opportunity. Under the use of multiple devices, in which some of the devices have their own
dedicated sensors and some do not, I need to investigate the value in having subsections of
my system focus on the more impoverished devices.

Determining which device to send notifications to is another research challenge. In my
user study, for simplicity, I configured the notification destination such that, if the user is
actively manipulating their smartphone, then a notification is delivered on the phone. Oth-
erwise, | defaulted to delivery on their smart watch. 1 may apply other display techniques
developed by related studies in a multi-display context [22,27].

Currently, our “workload perception” measurement using a nightly NASA-TLX survey
has a limitation in terms of the temporal distances between the actual interruptive noti-
fication and the survey. Although we asked the participants to review their notification
experience during the day in terms of the timing (not in terms of the number of notifi-
cations), their subjective evaluation at the end of the day may be influenced by several
non-experiment-related aspects of their lives. Meanwhile, conducting such a survey during
the day can itself be another possible workload for users. A lightweight but efficient survey
methodology should be investigated as future work.

Although my extensive in-the-wild user studies, which lasted for up to one month (re-
spectively), proved the effectiveness of my proposal, further long-term and large-scale eval-
uations with diverse subjects remain as future work. In my user studies, the participants
were recruited from university communities. For example, using a popular crowdsourcing
service such as Amazon Mechanical Turk, a further larger-scale evaluation with people of
versatile demographics will be enabled. For the longer-term evaluation, several types of
techniques to keep participants’ active commitment for the experiment, including gamifi-
cation techniques, are considered to be a useful supporting mechanism.

Longer Term Research

In the longer term, studies on attention-awareness have only begun with this research on
attention sensing. Various attention-aware adaptations in computing other than the adap-
tive delivery of interruptive notifications have yet to be addressed. Other functionalities in
attention-awareness, such as attention prediction or attention management, are also areas
of future work.

Considering an even longer period of a user’s internal state, attention can be classified
as a rather short-term state. For example, what a user “wants to do” in the longer term is
considered to be their intention. In the same context of research on awareness in computing
toward a user’s internal states, “intention-awareness” is yet another big research challenge,
starting from the formal conceptualization and establishment of relationships with the area
of attention.
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9.2 Epilogue

Ever since the preciousness of human attention resource in computing was first mentioned
by Herbert A. Simon in 1969 [76] (published in 1971), attention-aware computing has been
a research issue for nearly half a century. As emerging mobile and wearable devices and
their numerous applications are taking gradual steps into the realm of ubiquitous computing
in the real world, one ultimate aspect of ubiquitous computing with disappearing technology
is making the use of a “computer as refreshing as taking a walk in the woods” [89]. 1
am confident that this dissertation will be a significant step toward the realization of such
human-centered computing and that it will contribute to the field of computer science in the
long term.
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