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ABSTRACT

Behavior change is important, yet hard to sustain. Habits are automatic responses to
specific contextual cues, and can help sustain behavior change. Fine-grained specific con-
texts are commonly used in habit formation, but interventions in automatically-detected
fine-grained contexts have rarely been explored for habit formation.

We investigate habit-formation using interventions in fine-grained mobile, physical-
world and digital, computer-based contexts, making three key contributions for each: a
survey to identify behavior change needs, a prototype system designed to deliver fine-
grained context-specific interventions, and a study to investigate habit-formation using
interventions in fine-grained contexts, compared to interventions in less fine-grained con-
texts. We use the Self-report Habit Index (SRHI) and Self-Report Behavioral Automatic-
ity Index (SRBAI) to measure habit formation and habit automaticity, respectively.

For mobile, physical-world behavior change, the survey of needs (N=53 participants)
indicated that participants want diverse and personalized behavior change support in
diverse and specific contexts. We created a wearable device with on-device deep learning
for interventions in personalized and privacy-preserving egocentric visual contexts. In
a 4-week pilot study (N=10), interventions in egocentric visual contexts led to more
percentage increase in average habit formation (SRHI) and automaticity (SRBAI) than
interventions in coarse-grained contexts based on time, geolocation, and physical activity.
The percentage increase in median habit formation was also more for the fine-grained
egocentric context group, whereas the percentage increase in median habit automaticity
was similar between the two groups. For both groups, the habits persisted in the post-
study evaluations 1 and 10 weeks later, without interventions.

For computer-usage behavior change, the survey of needs (N=68) indicated that par-
ticipants want to reduce excessive/unnecessary use, e.g., social media, and found off-the-
screen breaks helpful. We created a Chrome extension to deliver interventions based on
specific web activities, and conducted a 6+ 2-week study (N=31, 6 weeks of interventions
and 2 weeks of post-study without interventions). After 6 weeks, interventions in fine-
grained website-entry-based contexts led to more percentage increase in mean and median
habit formation and automaticity than interventions in coarse-grained interval-based or
random contexts. After the additional two-week post-study, without interventions, the
website-entry group had the largest percentage increase in mean SRHI/SRBAI, whereas
the interval-based group had the largest percentage increase in median SRHI/SRBAI.

Qualitative results from both studies indicated that interventions in fine-grained con-
texts were delivered at more opportune moments and were less disruptive. We discuss
the limitations of our research and present a first step towards investigating interventions



in fine-grained contexts for habit formation, potentially for sustainable behavior change,
without long-term dependence on technology.
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Chapter 1

Introduction

Habit formation can support sustainable behavior change. Habits need specic con-
texts as anchors, but behavior change technologies have not explored interventions in
ne-grained contexts to support habit formation. Our thesis aims to investigate if in-
terventions in ne-grained context lead to more habit-formation than interventions in
commonly-used coarse-grained and broad contexts. We share below the main motiva-
tion, ndings, and contributions of the thesis, followed by the thesis roadmap.

1.1 Motivation

Behavior change is critical for well-being, but sustaining behavior change remains a sig-
ni cant challenge. This section delves into why behavior change may be dicult to
sustain and how habits can help sustain behavior change, especially using interventions
in ne-grained context interventions for habit formation.

Behavior Change is Hard to Sustain

Behavior change is key for health and well-being. For example, healthy lifestyle can
help over 80% of chronic health conditions, which are the leading causes of morbidity
and mortality [1]. There is extensive research on behavior change theories, models, and
technologies [2] [4], including context-aware behavior change interventions [3], [5].

Traditional behavior change interventions, however, often fail to account for the ha-
bitual nature of behaviors, and even though there may be short-term change, change does
not persist in the long-term change [6], [7]. The initial spike in behavior change, followed
by a gradual relapse to the baseline, is called the triangular relapse pattern [6]. Relapse
occurs because either the new behaviors are not su ciently reinforced or the old ones are
still present [6].

Also, behavior change interventions using technology may make the behavior change
dependent on technology [8]. Users may rely on the application to remind them, instead
of an internalized and automated behavior change [8]. Application abandonment is also
high, and after the users stop using the behavior change technologies, the behavior change
does not persist [8].
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Why is Behavior Change is Hard to Sustain?

Dual-process theory suggests that human behavior is guided by two systems. Dual pro-
cessing theory calls them Type | and Type Il thinking, whereas Kahneman calls them
System | and System Il thinking, respectively. System/Type | thinking is fast and auto-
matic system, and System/Type Il thinking is slow and e ortful [6], [9]. While System

[l thinking may be more accurate and conscious, it is also more e ortful, leading people
to resort to e ortless and automatic System I thinking [9]. Over 40% of everyday actions
are automatic actions [3].

Behavior change can be di cult to sustain when it requires conscious e ort and mo-
tivation, especially over a sustained period of time [6], [7]. Cognitive resources can be
especially scarce sometimes, e.g., when individuals are stressed or busy [7], and sustaining
behavior change becomes even more di cult. Moreover, deliberate behavior change may
require motivation and cognitive resources to override the existing automatic actions with
goal-directed behaviors [6]. Thus, deliberate goal-directed behaviors may be di cult to
sustain in the long-term as they require cognitive e ort, which may be especially scarce
at times, and have to compete with existing automatic actions [6], [7].

For example, a person may want to eat healthier foods, but may have a habit of
eating junk food, especially when they are stressed. Conscious e ort would be required
to arrange and consume healthy foods, and the e ort may be even more di cult when
the person is stressed or busy.

Habits may Help Sustain Behaviors

Habits are automatic actions in stable contexts [6], [7]. Habits form as actions are re-
peated in consistent and speci c contexts [7], e.g., preparing a cup of co ee after walking
by the co ee machine when arriving at work. The habit loop consists of a trigger/cue
context and an action, followed by a reward [10]. Habits get reinforced over time as the
loop is repeated, and the brain starts associating speci c triggers contexts with certain
behaviors, making the behavior an automated response to trigger/cue.

For example, for eating healthy food, one habit could be buying and consuming a
fruit (action) when passing by a particular store on the way to work (context) or when
having lunch (context). As the habit gets repeated over time, it may become a part
of the routine and may not require conscious e ort. Experiencing the trigger context
may su ce to automatically initiate the desired habit, without conscious e ort from the
person.

Since habit are automatic actions, they rely on e ortless and automatic System/Type
| thinking, and reduce the dependence on slow and e ortful System/Type Il thinking
[6], [7]. Forming habits may have an initial short-term cost, but the long-term cost is
minimized because of automaticity, making habits easy to sustain in the long-term. Thus,
habit-formation may be seen as an initial investment, which is pro table and sustainable
in the long-term, whereas conscious, e ortful behavior change, not building habits, is a
cost that must be paid, even in the long-term.

Moreover, as each new healthy habit becomes automatic and consumes less cognitive
e ort, more habits can be added one after another over time. Each new habit will have an
initial short-term cost, but minimal long-term costs. As habits have minimal long-term
costs, multiple healthy habits can be sustained in the long-term, without simultaneously
bearing the conscious cost of each.
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Finally, as habits are automatically triggered by the existing contexts in an indi-
vidual's life, long-term dependence on reminders and behavior change technologies can
be removed/minimized. Behavior change technologies can help with initial and e ort-
ful stage habit formation by reminding the participants in their desired habit contexts.
However, as the actions are repeated in the desired contexts, they may become more
automated and habitual, eventually reducing the long-term reliance on behavior change
technologies.

Fine-grained Contexts for Habit Formation

Habit contexts range from individual “physical locations, people, internal states, and
preceding actions' to complex combinations of individual factors [11]. Habit contexts
often involves “piggybacking' on existing actions or routines [6]. The term habit stacking
or chaining [12] is also used to describe connecting new habits to existing actions, such
as a previous habit becomes the trigger context for the new habit.

Habit contexts need to be stable and specic cues in which specic behaviors are
repeatedly performed [6]. The stability and speci city of the habit contexts provides
reliable cues for consistent action repetition, so that the action can become automatically
associated to the speci c contexts [13]. Over time, as the behavior is consistently per-
formed in the same context, the context-behavior association strengthens and becomes
automatic.

For example, brushing teeth provides a stable context for the habit of ossing [14], as
the habit of brushing teeth occurs regularly and predictably, making it an ideal situation
for introducing and reinforcing the new behavior of ossing. Moreover, brushing teeth is
a speci c context, instead of a broad context, like when at home. A broad context can
have many sub-contexts, e.g., watching TV at home, entering home, sleeping at home,
etc. As a result, broad contexts may not anchor habits in a specic context. Finally,
brushing teeth is a consistent cue, i.e., ossing will always occur after brushing teeth,
minimizing variability and reinforcing association. Non-consisted cues, like going to the
bathroom, may involve sometimes ossing and other times not.

We identify three characteristics for good habit formation contexts. First, regularity,
i.e., the contexts should repeat regularly recur, otherwise the habit may not get repeated
and reinforced regularly. Second, speci city, so that there is less variation in the exact
contexts in which the habits are repeated and reinforced. We de ne speci ¢ contexts as
contexts that have fewer sub-contexts within them than broad contexts. For example,
at home is a broad context as there could be many di erent sub-contexts within the
“at home' context, e.g., watching TV, sleeping, eating, etc. Whereas, brushing teeth is
a more speci ¢ context than at home, as it involves fewer to no other sub-activities or
sub-contexts. Third, consistency, i.e., the behavior should repeat as many times as the
context occurs. Increasing the number of co-occurrences will strengthen the association
between the cue and action, and reducing the number of co-occurrences may weaken the
cue-action association. For example, for the ossing habit, going to the restroom may
not be as consistent of a context as brushing teeth, as ossing may not happen every time
after going to the restroom, but may happen every time after brushing teeth. Speci city
and consistency of contexts can also be correlated, as more speci ¢ contexts can be more
consistently associated to certain habits, rather than more generic or repeated contexts,
which can be associated with many other habits.

In this thesis, we call specic contexts ne-grained contexts, and more general and
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broad contexts as coarse-grained contexts. We focus on ne-grained contexts, as they
may provide more speci ¢ and consistent contexts for habit-formation.

Investigating Interventions in Fine-grained Contexts

There has been previous research on context-aware interventions for behavior change [5].
However, most of previous research on behavior change and context-aware interventions
has not focused on habit formation [3]. Also, while habit-formation research has used ne-
grained contexts like brushing teeth [14] and lunch [15] as trigger contexts, automatically-
triggered behavior-support interventions have only used coarse-grained contexts like time,
geolocation, and physical activity [16].

We consider previously-used contexts, like time, geolocation, and physical activity,
as coarse-grained contexts, because there may be many sub-activities at for particular
time, geolocation, or physical activity. We consider more ne-grained contexts, instead
of just coarse-grained contexts. For example, giving an intervention when at "home'
(geolocation) or when “walking' (physical activity), versus when “entering the bedroom'
(indoor location) after arriving at home or when using Facebook. We hypothesize that
interventions in ne-grained contexts may allow habit to be repeated in consistent and
speci c, potentially leading to higher habit formation. Recognizing ne-grained activities,
like brushing teeth or having dinner, may also allow us to piggyback on previously used
speci ¢ habit contexts.

Recent advances in sensors, tracking, and deep learning enable detecting a variety
of user contexts to provide interventions in more ne-grained contexts to support habit
formation. Our research investigates if interventions in ne-grained contexts lead to
more habit formation than interventions in previously-used coarse-grained contexts. Our
motivation for investigating habit-support technologies is three-fold: i. enable behavior
change; ii. support long-term and sustainable change; iii. reduce long-term dependence
on technology by automating new behavior as habits, i.e., instead of technology reminding
users, behavior can be automatically triggered by regularly recurring contexts.

1.2 Findings

We investigate habit formation in mobile physical world as well as digital computer-
based contexts. For each of these, the thesis makes three contributiofiy:a survey to
identify behavior change needs; (ii) a prototype system to deliver the ne-grained context
interventions; (iii) a study to measure habit formation resulting from interventions in
ne-grained contexts compared to interventions in less ne-grained contexts.

For both studies, mobile physical-world and digital computer-based, we use Self-report
Habit Index (SRHI) and Self-Report Behavioral Automaticity Index (SRBAI) to measure
habit formation and habit automaticity respectively [19], [20]. SRHI and SRBAI are 7-
point likert scale responses, from 1-7. In the mobile physical-world study, we used 7-point
likert scale responses (1-7) for each of the SRHI/SRBAI questions. In the computer-
based study, we used 5-point likert scale responses (1-5) for each of the SRHI/SRBAI
guestions. We report the mean and median for the absolute SRHI/SRBAI values as well
as the percentage changes with respect to Week 0.

In both habit-formation studies, we encourage participants to adopt tiny habits [21],
i.e., smaller behavior changes such as 30-second microbreaks, as they require lower ability

24



Figure 1.1: System with on-device deep learning to investigate habit-formation using
interventions in ne-grained contexts, via personalized and privacy-preserving egocentric
visual context detection. [17], [18]

and motivation for initial adoption than larger behavior changes. Financial compensation,
if any, is for study completion, not for behavior change.

1.2.1 Mobile Physical-world Behavior Change

In the context of mobile physical-world behavior change, we conducted a need- nding sur-
vey, developed a method to deliver ne-grained context interventions in egocentric visual
contexts, and performed a habit-formation study to measure the impact of interventions
in ne-grained egocentric visual contexts versus coarse-grained non-visual contexts.

Need- nding Survey

Our need- nding survey, N=53, showed that the participants wanted interventions in
personalized and diverse ne-grained contexts. Also, the participants had personalized,
multiple, and diverse behavior goals, as well as diverse implementation intentions for their
goals. Finally, the participants wanted personalized behavior change support, and were
wary of using some sensors like cameras.

System Development for Interventions in Fine-grained Contexts

We created a custom wearable system to deliver interventions in personalized and privacy-
preserving egocentric visual contexts using an on-device deep learning accelerator and few-
shot deep learning models [17], [18]. We included on-device models for object detection,
face detection, custom face recognition, custom context recognition, and custom context
clustering. We evaluated the system using a total of around 1000 images, collected by 4
participants in 2 days, and each model had over 80% accuracy. The custom-made system
was expensive to make and had a limited battery life of 5 hours.

Habit-formation Study using Interventions in Fine-grained Contexts

We next conducted a pilot study (N=10, 4-weeks), which showed that interventions in
ne-grained egocentric visual contexts led to more percentage increase in average habit
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Figure 1.2: Web-based breathing microbreak interventions in web-entry, internal-based,
and random contexts to compare habit formation for microbreaks in computer-usage
contexts.

formation than previously-used interventions in coarse contexts, i.e., time, physical move-
ment, and location. The percentage increase in median habit formation was also more
for the ne-grained egocentric context group, whereas the increase in median habit au-
tomaticity was similar between the two groups. All percentage changes in SRHI/SRBAI
are reported with respect to week 0, i.e., beginning of study.

For both groups, the habits persisted 10 weeks after the study, demonstrating sus-
tainable habits. Our participant pool was small, and the quantitative results were not
statistically signi cant [17]. The qualitative results also showed that interventions in ne-
grained contexts were in more user-desired and less generic contexts than interventions
in coarse-grained contexts [17].

Figure 1.1 summarizes the system and interventions.

1.2.2 Computer-based Behavior Change

For computer-based behavior change, we similarly carried out a need- nding survey,
developed a method to deliver ne-grained context interventions in website-entry con-
texts, and conducted a habit-formation study to evaluate the e ectiveness of ne-grained
website-entry contexts versus coarse-grained time-interval contexts.

Need- nding Survey

Our survey, N=68, showed that unnecessary and excessive computer usage was the key
concern, e.g., for social media and entertainment websites. The participants used site-
blockers, but found them easy to ignore. Finally, the participants mentioned that they
found o -the-screen breaks more helpful than on-the-screen breaks.

System Development for Interventions in Fine-grained Contexts

We developed a Chrome application for 30-second breathing microbreaks in the three arms
of our habit-formation study, i.e., using interventions in website-entry, time-interval, and
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random contexts. The Chrome extension tracked web usage and microbreaks, and also
triggered weekly surveys for the participants.

Habit-formation Study using Interventions in Fine-grained Contexts

We conducted a 6+2-week study to compare habit formation using interventions in ne-
grained website-entry contexts with coarse-grained time-interval contexts (N=31, 6 weeks
of interventions and 2 weeks of post-study without interventions). After 6 weeks, inter-
ventions in ne-grained website-entry-based contexts led to more percentage increase in
mean and median habit formation and automaticity than interventions in coarse-grained
interval-based or random contexts. After the additional two-week post-study, without in-
terventions, the website-entry group had the largest percentage increase in mean SRHI/S-
RBAI, whereas the interval-based group had the largest percentage increase in median
SRHI/SRBAI. All percentage changes in SRHI/SRBAI are reported with respect to week
0, i.e., beginning of study.

The interval-based group completed the most breaks, but had the fewest breaks per
hour of web usage. The sample size was small, and our quantitative results were not sta-
tistically signi cant. Nonetheless, our qualitative surveys that website-entry interventions
were in the least disruptive contexts, compared to the other groups. Also, interventions
in more ne-grained website-entry contexts allowed the participants to re ect on their un-
wanted web usage, e.g., microbreak interventions when checking emails and social media
led to self-re ection on unwanted habitual usage of emails and social media.

Figure 1.2 summarizes the system and interventions.

1.2.3 Limitations

For our habit-formation studies, our participant pools were small, and the quantitative
results were not statistically signi cant. Additionally, the studies were limited to students
in the USA, which may a ect the generalizability of the ndings. Furthermore, the
SRHI/SRBAI measures are criticized for lacking in-context measurement of automaticity
and repetition, which could dilute the accuracy of the results.

1.2.4 Summary

We conducted need- nding studies for behavior change support rst in mobile physical
contexts, and second in digital computer-based contexts. Based on these surveys, we
develop two systems for habit-support interventions in ne-grained contexts, one using
egocentric visual contexts for mobile use and one for web-based contexts for computer
use. We used these systems to compare habit-formation using interventions in ne-grained
contexts with interventions in commonly-used, less ne-grained contexts, such as time or
location. Our surveys and studies show that users want behavior change interventions in
ne-grained contexts, and that interventions in ne-grained contexts led to more habit
formation than interventions in commonly-used, less speci ¢ contexts.

1.3 Contributions

We investigate context-aware interventions for habit formation, particularly if interven-
tions in ne-grained contexts lead to more habit-formation than interventions in coarse-
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grained contexts. We investigate habit formation for sustainable. Our hypothesis is that

repeating habit in ne-grained contexts, e.g., taking a 30-second microbreak whenever
opening Facebook, or drinking a glass of water when entering the room in the evening,
will help anchor goal-directed actions in speci c contexts/cues, so they can be automat-
ically repeated even when the interventions. We make the following contributions to the

existing behavior change and habit formation literature.

Behavior Change Need- nding Surveys

We conducted a need- nding survey for behavior change needs in mobile physical-world
contexts and digital computer-usage contexts.

For mobile physical-world behavior change, our need- nding survey contributes to the
existing literature by investigating diverse behavior change needs, compared to previous
studies that focused on speci ¢ needs like diabetes management [22] and physical activity
[23]. Our ndings reveal the diverse and personalized nature of the desired behavior
change needs, including sensors and intervention preferences.

For computer-usage behavior change, unlike previous research focusing on specic
goals like computer breaks [24], our need- nding survey provides new insights into the
overall computer-usage behavior change needs as well as the already-used tools and the
types of helpful and unhelpful breaks.

Our need- nding surveys informed the design of our systems, and also add to the
existing behavior change need- nding literature.

Systems for Interventions in Fine-grained Contexts

Based on our need- nding surveys and previous literature, we developed two systems for
interventions in ne-grained contexts. First, a mobile physical-world system for interven-
tions in personalized and privacy-preserving egocentric visual contexts. Second, a digital
computer-based system for interventions in web activity contexts.

There have been wearables with cameras [25], cameras using deep learning [26] [29],
and even visual context recognition systems/models for on-device [30], [31] and few-shot
deep learning [32], [33]. However, at the time of this research, there were no systems
for interventions in personalized and privacy-preserving egocentric visual contexts. Our
system combines on-device deep learning with few-shot learning models to deliver per-
sonalized and privacy-preserving interventions.

Similarly, while there has been previous work on automatically recognizing breaks [34]
as well as opportune moments for breaks and other interventions [35] [37], to the best of
our knowledge, there was no Chrome extension for breathing microbreak interventions in
personalized web-activity-based contexts, as well as time-interval-based and random con-
texts. Our Chrome application tracks web usage and delivers context-aware microbreak
interventions.

Habit Formation via Fine-grained Context-aware Interventions

We conducted studies to compare habit formation using interventions in ne-grained and
coarse-grained contexts. There is extensive work on just-in-time context-aware interven-
tions [5], but not many have focused on measuring habit formation [3], especially using
standardized surveys, like Self-report Habit Index (SRHI) and Self-Report Behavioral
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Automaticity Index (SRBAI) [19], [20]. There have also been some context-aware inter-
ventions for habit formation [16]. However, unlike the ne-grained contexts, e.g., brush-
ing teeth [14], used in non-technologically-mediated interventions, context-aware habit-
formation interventions have been in coarse-grained contexts, like time, geolocation, and
physical activity [16]. Our studies investigating habit-formation using technologically-
mediated interventions in ne-grained contexts. We conducted a pilot study comparing
interventions in ne-grained egocentric visual contexts with interventions in non-visual
coarse-grained contexts, i.e., time, geolocation, and physical activity.

There have been previous computer-usage interventions for regulating or restricting
computer/phone use [38] [40] as well as promoting physical activity breaks [41], [42],
Pomodoro-style interval-based breaks [43], random breaks [44], and even microbreaks
[45]. We add to this literature by comparing habit formation for computer microbreaks
using interventions in website-entry, time-interval, and random contexts. Our studies
show that interventions in ne-grained contexts lead to more habit formation and are
perceived as less disruptive by users.

1.4 Thesis Roadmap

We start with the Introduction, Background, and Related Work (Chapters 1, 2, and 3).
We then share our need- nding surveys for behavior change support in mobile physical-
world contexts (Chapter 3) and digital computer-based contexts (Chapter 4). Next, we
detail the implementation of our wearable system for interventions in personalized and
privacy-preserving egocentric visual contexts in the physical world (Chapter 5). Finally,
we discuss our habit formation studies in wearable physical-world contexts (Chapter 6)
and digital web-based contexts (Chapter 7). We close the thesis with Discussion (Chapter
8) and Conclusion (Chapter 9). The thesis outline is as follows.

~

Chapter 1-3: Introduction and Related Work

Chapter 4-5: Need- nding studies for behavior change, wearable support, and
computer-related change and system design

Chapter 6: Wearable system design
Chapter 7-8: Habit-formation studies using wearable and web-based interventions

Chapter 9-10: Discussion and Conclusion

29



30



Chapter 2

Background

We describe the behavioral theories, behavior change models, and habit-formation models
related to our work below.

2.1 Drivers of Behaviors

There are behavioral theories that identify the drivers of behaviors [3], [46]. While some
theories emphasize the external factors of behavior change, others emphasize the internal
factors or even a combination of both. Operant conditioning[47] suggests that behavior is
learned from the external environment, and occurs due to stimulus-response associations.
Theory of Planned Behavior [48], on the other hand, suggests that behavior is determined
by conscious intentions and perceived ability to change. Self-Determination Theory [49]
suggests that behavior change is driven by intrinsic motivation, and that autonomy,
competence, and relatedness being the key components of self-driven. Social Cognitive
Theory [50] integrates both internal and external perspectives, and states that behavior
change is a result of personal, behavioral, and environmental factors.

Dual Process Theory [51] states that behavior is in uenced by two types of cognitive
processes: Type 1 automatic, and Type 2 is conscious and deliberative. Similarly, Kahne-
man describes System | and System Il thinking [9] as fast and slow thinking respectively.
People

Thus, behavior change theories suggest that behaviors are shaped by a combination of
internal and external factors, and may be a result of automatic or conscious decisions. We
aim to leverage internal motivation to drive conscious behaviors in xed external contexts,
so that after consistent repetition, behavior can get anchored to external contexts and be
automatically triggered by external contexts in the long-term.

2.2 Behavior Change Models

Behavior change models describe the factors underlying behavior change. The COM-B
model [52] highlights Capability, Opportunity, and Motivation, whereas the Fogg Behav-
ior Model [21] emphasizes motivation, ability, and triggers. COM-B and Fogg Behavior
Model have similar components, i.e., motivation, ability/capability, and opportunity/trig-
ger.

The Fogg Behavior Model states that behavior change occurs when motivation and
ability are high, along with trigger. Tiny habits [53] are small, easy-to-perform actions,
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which do not require high motivation or ability. Goal-setting theory [54] also states goals
must have an optimal level of di culty, speci city, and motivation. Tiny habits involve
the Cue=Trigger=Context! Action! Rewardloop, where a small action in performed
in a speci c context, followed by an intrinsic or extrinsic reward. Our work encouraging
tiny habits to incorporate the above models [53].

The Transtheoretical Model (TTM) [55] de nes the six stages of behavior change:
precontemplation, contemplation, preparation, action, maintenance, and termination,
and recommends stage-speci ¢ behavior change strategies for each. The precontemplation
stage involves raising awareness and encouraging re ection on behaviors, whereas the
contemplation stage focuses on the importance and conviction of actual change. Then
comes preparation with involves developing plans for change, whereas the action stage
focus on executing and reinforcing those plans. Finally, maintenance involves continuing
to reinforce those plans. Our work and recruitment does not target a speci ¢ stage, and
our habit-formation studies may span at least the three stages of preparation, action, and
maintenance (stages 3-5). Maintenance, stage 6, can be especially important during our
post-study weeks, when there are no behavior change interventions.

2.3 Habit Formation

Habits are automatic actions performed in stable contexts [6], [56]. Habits form when
behaviors are repeated in the same speci c context, followed by rewards, making the
behavior automatic over time [6], [10], [57]. For example, entering the kitchen after
waking up and making co ee to feel more awake [11].

The Habit Alteration Model (HAM) [3] explains how external and internal factors
result in habitual and conscious behavior. Contextual cues trigger automatic and con-
scious cognitive processes, leading to actions that can be modi ed by self-control and
self-monitoring [3].

Habit contexts range from simple elements...physical locations, other people, internal
states, and preceding actions...to complex conjunctions [11]. Stable contexts, i.e., spe-
ci c and xed contexts, are crucial for habit formation and maintenance as they provide
consistent cues to reinforce behavior-response associations for behavioral automaticity.
Reinforcing desired behaviors in stable contexts can create sustainable habits, while dis-
rupting contexts associated with undesirable habits can help break them [6].

Habits di er from e ort-driven goals, as they are performed with minimal conscious
thought and can persist even when the original reward is no longer relevant [11].

Our work focuses on facilitating habit formation using interventions in automatically-
detected ne-grained contexts. We measure long-term habit formation using interven-
tions, and also habit maintenance after the interventions are stopped.
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Chapter 3
Related Work

Behavior change and persuasive technologies employ di erent theories and strategies [3],
[4], including personal informatics [58], positive or negative reinforcement [4], social sup-
port, and just-in-time interventions [5]. Behavior change applications target various be-
havioral domains, e.g., mental health [59], [60], diet, physical activity and more. Our
work investigates habit-formation for long-term behavior change using interventions in
ne-grained egocentric visual contexts and web-activity-based contexts. Below, we dis-
cuss our related work in three areas: i. investigating user needs for behavior change; ii.
context detection; iii. behavior change interventions.

3.1 User Needs and Experiences

We conducted need- ndings surveys to investigate user needs for habit support in mo-
bile physical world contexts (Section 4) and digital computer-usage contexts (Section 5).
Below we share some of the related work investigating user needs and experiences.

3.1.1 Mobile Physical-World

As discussed in Section 4, we conduct a survey (N=53) about behavior change goals,
implementation intensions, sensors, interventions, and personalized features desired for
behavior change support [61]. We discuss below the previous research on context-based
needs as well as personalization and privacy needs.

Context-based Needs

Users' contextual needs have also been studied for speci ¢ behavior change applications,
e.g., diabetes management [22] and physical activity [23].

Raj et al. [22] identi ed contextual frames, which signi cantly in uenced diabetes self-
management behaviors, suggesting that context-aware interventions can improve diabetes
self-care by tailoring support to speci ¢ contextual frames and individual needs.

Choi et al. [23] developed a mobile intervention system to take active breaks and
reduce prolonged sedentary behavior, and found that intervention receptivity is highly
context-dependent.

Woodward et al. [62] found there were signi cant gaps in tailoring content to users
and their contexts and highlighted the need for more personalized and context-aware
noti cations.
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In our need- nding survey (Chapter 4), we investigate the desired contexts for diverse
personalized behavior change goals, implementation intentions, and interventions.

Personalization

Rapp et al. (2019) [63] found through user interviews that behavior change is an intrinsic
and often interconnected process, requiring personalized support for sustained behavior
change. Algahtani et al. (2020) [64] found that users valued mental health apps that o er

a variety of personalization options for diverse user needs and preferences. Oyebode et al.
(2020) [65] also found that personalization is one of the most commonly used persuasive
strategies for mHealth apps.

Moreover, Torous et al. [66] found that lack of user-centric design and privacy were
the major concerns with mental health apps. They suggested involving end-users in app
design and enhancing privacy. Mustafa et al. (2022) [67] found that abandonment is
common due to lack of motivation, and suggested that personalization may maintain
long-term engagement.

Our need- nding survey in Chapter 4 investigates the personalized needs for behavior
change support.

Tracking and Privacy

Maher et al. [68] found that activity trackers are e ective in promoting physical activity,
but there are challenges in terms of long-term user engagement.

Alharbi et al. [69] found that wearable cameras signi cantly impacted the capture
of natural behavior as the participants felt watched, leading to alteration of behaviors.
There is also social stigma in wearing cameras in public settings, also practical issues
such as physical discomfort and the burden of managing recordings [69].

Zhou et al. [70] examined the security and privacy concerns for mobile health apps,
and found that a signi cant number of users were concerned about the privacy of their
health information, highlighting the need for improving privacy.

In our need- nding survey (Chapter 4), we ask the participants about their desired
sensors as well as their preferences for self-tracking and context detection.

3.1.2 Computer-usage

Previous research investigated computer-usage behavior change needs and experiences,
from self-monitoring [71] and productivity [72] to breaks [24] and self-control [73].

Epstein et al. found that for knowledge workers, social and physically-active breaks
were particularly helpful [74]. They emphasized the need for designing breaks adaptive to
the user's state. Also, they highlighted the importance of seamlessly integrating breaks
into the user work ow to minimize disruptions.

Kim et al. [72] assessed knowledge workers' work and nonwork productivity. They
found that productivity is multifaceted and personalized, and suggested that productivity
tracking tools should capture a range of activities. Guillou et al. (2020) introduced the
concept of "Time Well Spent” (TWS) to assess knowledge work more holistically [75].
They found self-care and emotional well-being important in evaluating work time and
work satisfaction [75].
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Rooksbhy et al. [71] found that rather than measuring overall screen time, participants
wanted to understand their speci ¢ device and application usage. Epstein et al. (2016)
[24], on the other hand, explored why people abandoned self-tracking tools. They iden-
ti ed cost, privacy concerns, and life changes as the key reasons for abandonment, and
suggested designing tools that supported users even after they stopped tracking [24].

Moreover, previous research shows that often users engage with Facebook not due
to speci ¢ needs or conscious decision-making, but as an automatic and even unwanted
behavior [76]. Lyngs et al. [73] identify common self-control features and intervention
strategies, like blocking distractions, self-tracking, goal advancement, and reward/punish-
ment mechanisms. They found that most tools targeted conscious self-control processes
but overlooked opportunities to leverage sub-conscious processes for behavior change.

We investigated behavior change needs for digital computer-usage behavior change.
Our survey extends previous surveys for computer-usage behavior change support. In
particular, we investigate what people want to change overall and speci cally, which
breaks are helpful/unhelpful and why, and what applications do people use and why they
are helpful/unhelpful (Section 5).

3.2 Context Detection

Context detection and tracking are common in health and behavior change, e.g., for

personal informatics [58] and self-tracking [77] [79]. Applications range from wearable

[80] [83] to computer-based tracking [71], [84], [85]. Our work focuses on egocentric visual
context detection and web-based context tracking to investigate habit formation.

3.2.1 Personalized Egocentric Visual Context Detection

Unlike the non-visual context detection techniques, egocentric visual context detection
can recognize more speci ¢ contexts, e.g., faces, objects, scenes, etc., in visual contexts.

Wearable or egocentric cameras are common [25], [86], and have been used for intel-
ligence augmentation [87], healthcare [88], tracking eating [83], and even combined with
physiological sensors [89]. Deep learning has also been used with egocentric cameras,
e.g., for predicting daily activities [27], recognizing eating behaviors [26], providing visual
assistance [28], [90], [91], o ering visual guides [92], face recognition [93], and memory
support [29], [94]. Additionally, on-device deep learning systems have been utilized for
computer vision applications [30], [95].

We leveraged the recent advances in on-device and few-shot deep learning to create a
system for personalized and privacy-preserving egocentric visual context detection (Sec-
tion 6) to investigate habit-formation interventions in egocentric visual contexts (Section
7). At the time of this research, there are no systems for personalized and privacy-
preserving egocentric visual context detection, especially using on-device deep learning.

Deep Learning for Recognizing Egocentric Visual Contexts

Castro et al. used egocentric images and Convolutional Neural Networks to predict 19
types of daily activities [27]. Bedri et al. [26] introduced FitByte, a multi-modal sensing

approach to automatically monitor diet using inertial and optical sensors in eyeglasses.
Bauer et al. developed a system to assist visually impaired individuals by enhancing
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their perception using deep learning and low-cost wearable sensors [28]. Even though the
aforementioned system used wearable cameras and deep learning for computer vision,
they did not support personalized, few-shot, and on-device detection.

Lee et al. used a personalized object recognition system for augmenting human mem-
ory using Google Glass to collect images [94], [96]. However, unlike us, they do not utilize
on-device deep learning and instead, sent the images to the cloud.

On-device Deep Learning for Recognizing Egocentric Visual Contexts

There are also systems using on-device deep learning, but unlike us, they did not support
personalized egocentric visual context detection using few-shot deep learning. Mathur et
al. presented a wearable camera system capable of running multiple deep learning models
locally on the device using a Qualcomm Snapdragon 410 processor [30]. Lane et al. also
explore resource-e cient deep learning, focusing on improvements in on-device execution
of deep networks [95].

Howard et al. introduced MobileNets, a special type of e cient convolutional neural
networks optimized for mobile vision applications. MobileNets leverage depthwise sep-
arable convolutions to create lightweight models, and demonstrated strong performance
across various tasks, including object detection and ne-grained classi cation [31]. We
used MobieNets [31] for our on-device deep learning for egocentric visual context de-
tection, and deployed MobileNets with few-shot recognition on the Google Coral USB
accelerator [97].

Privacy-preserving Egocentric Visual Context Detection

Privacy-preserving approaches include image distort or modi cation [98], [99]. Dimic-
coli et al. used intentional image degradation, such as blurring, to preserve privacy,
and demonstrated that by degrading the quality of egocentric images, it was possible
to maintain high activity recognition accuracy while increasing bystander willingness to

be captured. [98]. Alharbi et al. collected video scenarios with hand-related activities
and showed that activity-oriented partial obfuscation e ectively maintained visual con-
rmation, especially when an object was present in the hand, and signi cantly reduced
bystander concerns [99]. Instead of masking or degrading images, we used on-device deep
learning to process the images on-device so that they do not have to be sent to the cloud
or any other device for processing.

Few-shot Learning and Context Clustering

There are approaches for few-shot and continual deep learning [32] and image clustering
[100]. Coletta et al. proposed combining Support Vector Machines (SVM) with clustering
[100]. We use Density-based Spatial Clustering of Applications with Noise (DBSCAN)
[101] with embeddings from MobileNet image classi cation models for clustering as DB-
SCAN does not require us to x the number of clusters.

Qi et al. developed a method for low-shot learning called "imprinting,". Instead of
updating all the weights of the network, imprinting assigns the nal layer weights of a con-
volutional network classi er based on the embeddings of new training examples [32]. The
imprinting process computes activation values from new training images and sets these as
weights for new classes, outperforming nearest-neighbor classi cation used in embedding
methods [32]. Experiments showed better generalization by averaging imprinted weights
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compared to nearest-neighbor instance embeddings [32]. We used low-shot learning us-
ing imprinting and MobileNets [102], and deployed them on a custom-made device with
on-device deep learning for personalized and privacy-preserving egocentric visual context
detection.

Recently, multimodal large language models (LLMs) can also detect visual contexts,
especially using few-shot learning, e.g., Gemini [33], Flamingo [103], GPT4 [104]. More
recently, these few-shot multimodal LLMs are even being deployed on mobile phones,
e.g., Google's Project Astra [105]. However, to the best of our knowledge, at the time
of this research there are no systems for personalized and privacy-preserving egocentric
visual context detection.

3.2.2 Computer/phone-based context detection

There have been several self-tracking applications for computer usage [71], [84], [85]. Re-
search has monitored phone and computer usage, sometimes with combined with phys-
iological data, to recognize breaks and work activities [34], as well as to model ideal
transitions and breaks contexts for happiness and productivity at work [35]. There is
also research to infer appropriate contexts for well-being messages on mobile phones,
e.g., for helping with attention management [36] and discouraging sedentary behavior
[37].

Di Lascio et al. presented a multi-sensor approach to automatically recognize work
and break activities of knowledge workers using data from smartwatches, laptops, and
smartphone [34]. Kaur et al. discussed a model for identifying opportune moments for
transitions and breaks at work using machine learning techniques to predict the best
times for breaks based on workers' behavior and physiological data [35]. Cavdar et
al. inferred attentional states using indicators such as the number of applications used
and the frequency of switches between applications, and showed that application usage
patterns signi cantly a ect attentional states and responsiveness to noti cations [36].
Choi et al. [37] developed a mobile intervention system to prevent prolonged sedentary
behavior, and identi ed a multi-stage model for intervention receptivity [37]. Recently,
large language models have also been used for mental-states-based smartphone usage
intervention [106].

In contrast, our work (Section 8) tracks web-contexts to deliver habit-support in-
terventions in speci ¢ web-activity-based contexts. We trigger microbreaks, which are
detected when the microbreak webpage is active among the Chrome tabs/

3.3 Behavior Change Interventions

There are several behavior change interventions [5], [107], including interventions for
habit formation [3]. We describe two types of behavior change interventions not focused
on habit formation. First, context-aware interventions. Second, Mindless Computing.
Then, describe habit-focused interventions, followed by computer-usage behavior change
interventions. We investigate habit-formation using interventions in ne-grained egocen-
tric visual contexts (Section 7) and web-based contexts (Section 8).
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3.3.1 Just-in-time Context-aware Interventions

Context-aware or just-in-time interventions aim to deliver the right interventions at the
right time [108], and are prevalent in behavior change and persuasive technologies [109],
[110]. Just-in-time Adaptive Interventions [5] provide not only context-based interven-
tions, but also adapt to the user's internal and external states as well as preferences.

Context-aware interventions have used a variety of mobile physical-world contexts,
e.g., location [5], computer usage [5], physiological signals [111] [113], multimodal sensing
(e.g., heart rate, movement, and computer usage [114]), and activity sensing via locally-
installed motion sensors [115]. Lee et al. (2017) explored self-experimentation strategies
for improving sleep using context-aware just-in-time interventions. They used wearable
sensors to track physiological data, environmental sensors to measure light, temperature,
and noise, and smartphone sensors to monitor activity levels and sleep patterns. They
reported that the participants found the personalized, timely interventions helpful.

Context-aware interventions have also been used for a variety of behavior change goals,
from suicide prevention [116], smoking cessation [117], diet and physical activity [118] to
personalized healthcare [119].

Bilal et al. proposed personalized, context-based interventions for promoting healthy
lifestyle changes and managing chronic non-communicable diseases [119]. They used Min-
ing Minds wellness platform for lifelogging, questionnaires, and context-aware computing
to quantify and map behaviors, and deliver personalized interventions, leading to a 78%
improvement in behaviors [119]. Schembre et al. conducted a systematic review to eval-
uate the e ectiveness of just-in-time feedback in diet and physical activity interventions.
They reviewed 31 studies and found that continuous, personalized feedback aligned with
speci ¢ behavioral goals can signi cantly improve health behaviors [118]. Yang et al.
[117] examined Just-In-Time Adaptive Intervention (JITAI) for smoking cessation in a
6-week study using 43 daily smokers interested in quitting. Along with counseling and
therapy sessions, the study included just-in-time interventions for mindfulness and mo-
tivational strategies via smartphone, triggered by negative a ect or smoking behavior
detected through wearable sensors [117]. ACHESS uses geolocation to sense high-risk
location for alcohol consumption, and provides interventions via the smartphone [120].

While context-based interventions for behavior change are plenty, context-aware au-
tomatic interventions for habit-formation are fewer [3], [121]. We focus on context-aware
interventions and measure habit formation.

Moreover, context-aware interventions provide interventions even using contexts which
may not be recognized directly by people themselves, e.g., physiological states like heart
rate. In contrast, for ne-grained habit contexts, we leveraged speci c event or environ-
mental cues that individuals can easily identify.

Also, in our mobile physical-world habit support, we used personalized and privacy-
preserving egocentric visual context detection for interventions in mobile, physical-world
contexts. Locally-installed motion sensors [115] could detect presence in speci c places,
but they had to be physically installed and could not always detect other mobile contexts,
like speci c people or objects in the user's view. To the best of our knowledge, no context-
based behavior change interventions used personalized and privacy-preserving generic
egocentric visual context detection for context-aware interventions.
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3.3.2 Mindless Computing

Mindless Computing utilizes subconscious stimuli to trigger behavioral changes, e ec-
tively bypassing the need for active, deliberate engagement from users. This approach
contrasts with traditional persuasive technologies that rely on users' motivation and cog-
nitive resources (System 2) [122].

Mindless Computing leverages System 1 thinking, also known as the "automatic mind"
[9], [122]. System 1 is fast, automatic, and can operate subconsciously, whereas System
2, the "re ective mind," is slow, conscious, and controlled [9], [122]. Technologies de-
signed with Mindless Computing principles aim to subtly in uence user behavior without
requiring their conscious awareness.

For example, visual illusions on plates can in uence how much food individuals serve
themselves by making portions appear larger or smaller than they are [122]. Similarly,
modulating voice pitch can alter vocal behavior by subtly encouraging people to speak
more softly or loudly, depending on the context [122]. Similarly, smells can be used to
subconsciously in uence behavior [123].

However, while Mindless Computing is e ective in triggering immediate behavioral
responses and can potentially lead to long-term habit-formation, Mindless Computing
has not explicitly focused on long-term habit formation.

3.3.3 Habit-focused Behavior Change Interventions

Habit-support context-aware interventions aim to anchor behaviors in speci ¢ contexts to
encourage habit formation. Habit-formation research, without technologically-mediated
interventions, has used ne-grained activity-speci c contexts like brushing teeth [14]
and lunch [15], but these ne-grained contexts are currently not automatically detected
to deliver context-aware habit-support interventions. We used interventions in ne-
grained contexts to investigate habit formation in both mobile, physical-world and digital,
computer-usage contexts.

Lower Automaticity with Time-based Reminders

Research shows that interventions in time-based contexts encourage action repetition at
the cost of app dependence and behavior change not persisting after the users stop using
the app [8]. Also, compared to event-based triggers, time-based reminders have higher
adherence but lower automaticity [15]. Instead of time-based reminders, research suggests
leveraging context to avoid forgetfulness, e.g., by tying medication reminders to existing
routines [124]. [17] We investigate habit-formation in ne-grained, automatically-detected
contexts.

Without Technology-mediated Interventions

Habit formation has been explored in various domains. Judah et al. found that oss-
ing after brushing teeth formed stronger habits, in uenced by positive attitudes and
prospective memory ability [14]. Stone et al. highlighted the potential of automaticity

in diabetes self-management via context-dependent repetition, reducing cognitive burden
[125]. Rebar discussed exercise habit formation using cue-dependent automatic responses
for long-term maintenance [126]. Hollingsworth et al. investigated the e ectiveness of
Tiny Habits for supporting gratitude habits [127].
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Technology-mediated Just-in-time Interventions

Pinder et al. used context-aware implementation intentions, i.e., 'if-then’ plans, on smart-
phones to facilitate habit formation. They used contexts such as time, geolocation, and
physical activity for habit-support interventions [16]. They found that users targeted
health-related behaviors and frequently choosing movement and time as context triggers
[16]. Also, they reported that the participants want habit-support interventions in more
ne-grained contexts, e.g., indoor locations and speci c objects [16]. Similar to [16], we
support context-aware implementation intentions. Our work extends Pinder et al.'s work
by focusing on automated interventions in more ne-grained contexts, such as specic
visual cues detected through egocentric cameras.

Technology-mediated Plan Reminders

In two studies, Wicaksono et al. [128], [129] investigated plan reminders for implementa-
tion intentions to support behavior change. Plan reminders were designed to strengthen
the mental link between the cue and the behavior by reminding participants of their
implementation intentions in advance, rather than at the moment the behavior was sup-
posed to occur. They found that plan reminders, sent well in advance of the intended
action, helped participants maintain higher compliance rates, but did not necessarily im-
prove automaticity [128], [129]. In contrast, our approach aims to deliver interventions in
exactly the targeted context for habits, rather than sending them much before the target
contexts.

3.3.4 Computer/phone-usage Interventions

Research has investigated interventions that help users manage phone and computer
usage, e.g., social media self-control [38], [130], phone usage [39], [131], [132], and blocking
distractions for workplace focus and productivity [133] to promoting breaks, e.g., for
mobility [41], [42]. However, unlike our work (Section 8), there have been no interventions

to compare habit formation for microbreaks in website-entry, time-interval, and random
contexts.

Regulating Unwanted Usage

We categorize regulating unwanted usage based on whether they provide blocking inter-
ventions, or other types of interventions.

Kim et al. introduced GoalKeeper, which temporarily blocks access to distracting
apps to reduce phone usage and improve task focus [131]. Kim et al. also introduced
LocknType, which locks users out of their phones when using distracting applications
[39]. Tseng et al. [40] developed UpTime, a system using conversational prompts from
a chatbot to block distracting websites. When the user transitions from breaks to work,
distracting websites are automatically blocked, and if users attempt to access a blocked
site, the chatbot encourages self-re ection before allowing temporary access. UpTime
lowered digital distractions, while maintaining user control [40]. Previous research also
found that blocking online distractions can increase workplace focus and productivity,
with individual di erences due to self-control, stress, and workload [134].

Moreover, Lyngs et al. found that removing the newsfeed was more e ective than using
goal prompts to minimize Facebook usage [38]. Orzikulova et al. found that compared to
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app-level restrictions, feature-level interventions, involving limiting speci ¢ functionalities
within an app, led to greater self-re ection and less passive social media consumption
[130]. Okeke et al. examined digital nudges, such as gentle vibrations, for reducing
digital overload and found that subtle, recurring vibrations successfully decreased mobile
app usage [132]. Feedback on interruption durations also discouraged distractions and
interruptions [135]. Finally, Biedermann et al. found that awareness-based approaches
were minimally e ective compared to those imposing barriers to distractions [136].

We investigate breathing microbreaks, combining self-re ection and 30-second block-
ing of a targeted web context.

Facilitating Breaks

Previous research explored breaks to overcome sedentary behavior. Luo et al. developed a
break-prompting system to understand and mitigate sedentary behaviors [42]. Cambo et
al. combined physiological and location sensors to promote mobility during work breaks
[41]. Wang et al. compared an always-present progress bar with an inactivity-based
point-of-choice reminder [137]. Wang et al. found that the participants preferred an
always-present progress bar, as it allowed for more break preparedness [137]. However,
the point-of-choice reminders reduced sedentary behavior more than the always-present
progress bar [137].

Previous research also explored time-interval-based breaks. Jurczyk et al. introduced
Romadoro, a Chrome extension using the Pomodoro Technique, i.e., using xed time-
intervals to promote breaks [43]. Tomato Dice, a multimodal device with visual and audio
feedback, was used to encourage breaks after a xed duration of work, based on dice rolls
[44]. Biwer et al. compared Pomodoro-style breaks with pre-determined, self-regulated
breaks, and found more improvements in mood and e ciency using pre-determined, self-
regulated breaks [138]. Kind et al. also found that the participants preferred simple
self-tracking methods, like calendars, over timers for planning study breaks [139].

Microbreaks have also been explored in computer contexts, showing improvements in
physical and mental well-being [140] [142], job performance [143], work recovery [144],
[145], and stress [146]. Liu et al. (2021) found that watching funny short-form videos was
more e ective in relieving physiological stress compared to listening to music or watching
a documentary clip [146]. Bennet et al. found that even 1-minute breaks can be as
e ective as 5 or 9 minutes [147]. Ren et al. (2019) combined an ambient lighting display
with a sensor chair mat to measure sitting posture and heart rate variability (HRV), and
provide interventions to promote relaxation and tness microbreaks for o ce workers
[45]. Finally, Morris et al. introduced SuperBreak [148], which o ered microbreaks after
xed-time intervals, and used a video camera for interactive activities during the break
[148].

We extend the previous research on microbreaks to compare habit formation using
microbreaks in website-entry, time-interval, and random contexts.
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Chapter 4

Need-Finding Survey for Mobile
Physical-World Behavior Change

We conducted a survey to investigate the mobile physical-world behavior change needs
and support preferences of people. Our survey investigated generic and speci ¢ behavior
change goals, along with speci ¢ desired implementation intentions for their goals. We
also inquired about the behavior change support preferences, e.g., sensors, intervention
context, and intervention mediums, as well as di erent levels of customization support
needed. Our survey informed our device design (Chapter 6) and study design (Chapter 7)
for investigating habit formation using interventions in mobile physical-world ne-grained
contexts.

Unlike previous work that mostly focuses on speci c behaviors, our study takes a
holistic view of overall user needs and support preferences. Our survey, with 53 par-
ticipants, investigated behavior change goals and support preferences of everyday users
[61].

Our ndings indicate that people have diverse, multiple, and speci ¢ behavior change
goals. Also, diverse and personalized is desired. Finally, the participants are open to
using many sensors and machine learning, but may not to open to sensors like cameras,
perhaps due to privacy concerns.

4.1 Methods

Our investigation targeted three key components of behavior change goals the "what",
"how", and "when" [61]. Additionally, we categorized behavior change support features
into three types: tracking, reminder contexts, and reminder messages. Using our cate-
gories, we developed a need- nding survey [149] to explore behavior change goals (Q1-4)
and preferences for support features (Q5-10).

4,1.1 Questions

We used common themes in Persuasive Technologies as the option categories [3], [4],
[64], [65]. Q1 Goal categories: tness, diet, productivity, personal growth, mindfulness,
calm, focus, mental health, sleep, meditation, healthy thought, healthy relationships, and
other/add custom. Q6 Overall support features:daily activity tracking, context-aware
reminders, machine learning support, self-re ection notes, and goal progress tracking.
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Table 4.1: Survey questions about desired behavior change goals and support preferences.

# Questions Response Type

1 Behavior change areas: 12 categories + custom/other Multiple Select

- Select One Target Behavior Change (Q2-5)

2  What would you do? Open-Ended

3 How would you do it? Open-Ended

4  When would you do it? Open-Ended

5 How would you remind yourself? Open-Ended

6  Overall support features: 5 categories Yes/No/Maybe each
7 Customized and personalized features: 4 categories Yes/No/Maybe each
8 Sensors: 5 categories Yes/No/Maybe each
9 Contexts for reminders: 8 Categories + custom Multiple Select

10 Activities for self-tracking: 9 Categories + custom Multiple Select

Q7 Customization for personalization:goals, reminder contexts, reminder messages, and
machine learning models.Q8 Sensing types:camera, microphone, heart rate, motion,
location. Q9 Reminder Contexts: speci ¢ times, enter/leaving locations, indoor loca-
tions, speci ¢ daily activities, physiology/emotions, self-identi ed thoughts, people/face,
speci ¢ objects, and other/add custom.Q10: Activities for self-tracking: diet, physical
activity, heart rate, work, phone usage, computer usage, self-reported thoughts, social
interactions, sleep, other/add custom. [61]

The questions used in our survey are in Table 4.1.

4.1.2 Participants

We shared our behavior change survey via department email lists and social media (Face-
book and Instagram), without any exclusion or inclusion criteria or compensation [61].
We received 53 responses ¥ 29.5 yrs, = 11.0 yrs; 21 males, 31 females, 1 unknown; 5
countries, including 3 USA states; 15 students, 24 professionals, 14 unknown) [61]. We
conducted our study from September 1-9, 2019 [61].

4.2 Results

The results for each survey question are below. All the raw results are in Appendix A,
Table A.1, A.2, and A.3. For the open-ended questions (Q2-Q5), we used GPT-40, a
Large Language Model (LLM), to summarize the raw responses, given each question. We
instructed the LLM to capture the diverse and personalized nature of the responses, and
sometimes gave an opening line for the response, shown below for each question. We
manually checked for hallucination and report theLLM responsesusing emphasis font.

Q1. Behavior Change Categories

Each participant selectedmultiple categories, an average of 5.5 categories<£ 3.2) out of
13: Fitness (64%), Diet (57%), Productivity (53%), Personal Growth (49%), Mindfulness
(47%), Calm (42%), Focus (40%), Mental Health (40%), Sleep (38%), Meditation (38%),
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Figure 4.1: Responses, N=53 participants, to desired behavior change goal categories
(Q1, with multi-select responses for 13 categories). [61]

Healthy Thoughts (38%), Healthy Relationships (36%), and Other (4%). [61] See Figure
4.1.

Q2. What would you do?

The responses varied widely, re ecting the unique and personalized nature of individual
goals. Health-related actions were a common theme, including goals such as weight loss,
healthy eating, better sleep, and regular exercise. For instance, some participants aimed to
"bike between 10 and 20 miles," "go to the gym more," "run marathons," "quit smoking,"
and "eat healthier food." Others focused on improving their sleep by aiming to "sleep
through the night" and "be more disciplined with sleep.”

Learning-related goals were also prevalent, with participants expressing a desire to
"learn Spanish," "implement the GTD method," "sign up to Tango," and "increase pro-
ductivity." Some participants aimed to enhance their creative skills, like "becoming an
illustrator,” or intellectual pursuits, such as " nishing a tedious training module" and
"learning a few words a day."

Mindfulness and mental well-being were important to many, with goals such as "im-
proving mindfulness techniques,"” "understanding meditation better," and "practicing mind-
fulness for a minute or two every few hours." Some participants wanted to "be more
mindful so that I'm not distracted by initial struggles and stick to the self-development
plan I've drawn out for myself" and "bring unconscious behaviors, patterns, thoughts to
consciousness to be more aware in my relationships.” Others aimed to "meditate once
every morning" and "reduce anxiety."

Broad and exploratory goals were also mentioned, indicating a desire for holistic self-
improvement. These included aspirations to "live a FULL life, living in the present, giving
everything my best e ort,” "decrease stress,” "increase focus,"” and "have more healthy
thoughts throughout the day." Some participants wanted to "improve themselves in every
way possible" and "make signi cant changes with increased motivation and accountabil-
ity."

The responses highlight that individual goals are diverse, personalized, and often dy-
namic and exploratory. Participants expressed a range of aspirations, from speci ¢ health
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Figure 4.2: Top 50-word word cloud for free-form responses, N=53 participants, to "Q2:
What would you do?" (Left); Q3: How would you do it?" (Right) [61].

and learning targets to broader goals of personal growth and mindfulness, re ecting their
unigue journeys towards self-improvement.
Figure 4.2 (left) shows the word cloud for the responses.

Q3. How would you do it?

The responses were diverse and personalizedror example, participants mentioned a
wide range of speci c actions tailored to their individual needs and lifestyles. Some fo-
cused on mental well-being, such as "practicing mindfulness for a minute or two ev-
ery few hours," "meditating once every morning," and "journaling, noticing thoughts or
behaviors." Others aimed to improve physical health with actions like "doing 7-minute
workouts," "starting in-house biking," and "doing two push-ups."

There were also those who prioritized learning and daily organization, such as "learn-
ing a few words a day," "carrying a sketchbook in the bag," and "laying out a bowl and
oatmeal the night before for breakfast.” Participants looking to enhance their routines
mentioned actions like "sleeping half an hour earlier,” "keeping fruits or nuts in a bag,"
and "only opening a maximum of two tabs at a time" to reduce distractions.

Dietary improvements were another common theme, with participants committing to
"limiting sugar to one treat a week," "eating more fruits," and "eliminating re ned sugars
from their diet."” Some aimed to improve their exercise habits by "putting gym clothes in
their backpack as an incentive,” "going to the gym ve times a week regardless of the
duration,” and "cycling every morning."

Additionally, participants planned organizational and scheduling strategies like "setting
an alarm for 8 pm every day," "making a weekly menu," and "not scheduling things before
7 am or after 10 pm." These diverse and personalized responses demonstrate that even
when participants had similar overarching goals, their speci c implementations varied
widely, re ecting their unique preferences and circumstances.

Even when users had similar goals (Q2), they had di erent desired implementations
(Q3). Figure 4.2 (right) shows the word cloud for the responses. [61]

Q4. When would you do it?

Participants chose diverse, personalized, and speci ¢ ne-grained contexts to incorporate
their tiny actions. ...These contexts include morning routines such as after waking up,
brushing teeth, reading morning messages, and before planning their day. Work-related
activities were also popular, with participants incorporating habits before starting work,
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Figure 4.3: Top 50-word word cloud for free-form responses, N=53 participants, to "Q4:
When would you do it?" (Left); "Q5: How would you remind yourself?' (Right) [61].

during work meetings, and while opening a laptop. Eating habits were another common
context, with actions taken before and after meals like breakfast and dinner, and when
ordering food. Daily activities such as after getting home from work, doing nails, standing
up, and before going to the o ce were also mentioned. Evening routines included putting
on night pajamas, before going to bed, bedtime, and after throwing the trash on Thursday
nights. Emotional states played a role too, with habits incorporated whenever feeling
anxious, before activities that cause anxiety, and while meditating. Exercise was another
key context, with participants mentioning actions after waking up for Zumba, after the
morning gym, and before breakfast. Social interactions were also highlighted, with habits
integrated during social gatherings and while answering text messages.
Figure 4.3 shows the word cloud for the responses.

Q5. How would you remind yourself?

Participants chose various strategies for reminding themselves to make their desired
changes, re ecting a range of personalized and creative approaches. Some prefer written
reminders, such as "a note list," "a post-it on my bathroom mirror,"” "a giant poster/pa-

per in my room," "a sign on my door," or "a written note that has my goal to remind
me." Others opt for digital reminders like "a phone reminder,"” "a note in phone," "an
alarm on phone," or "a calendar noti cation."

Audio messages are also popular, with suggestions like "audio message: 'let's start
simple with 2 push-ups this morning! You can do it! It's simple and would take you just
10 seconds at max!" and "audio message: 'today you didn't do your tiny habit; please do
it, | am watching you!™ Text messages are frequently mentioned, with examples such as
"text message: 'time to bike!™ or "text message: 'meditate to save 2 hours.™

Some participants prefer motivational and re ective reminders, like "a reminder of the
after feeling (bad),” "just a mental reminder saying you're strong and you'll get through
this," and "a reminder the night before to set an intention for meditation practice." Others
suggest personalized messages, like "a personalized text reminder, reminding me of my
target,” and "a message focusing on the 'why' | wanted to make the change and maybe a
motivational quote."

Additional ideas include "computer noti cations,” "suggestions for healthier options,"
"sound noti cations, perhaps voice, maybe a proverb or maxim,” and even "an organic
approach like a mental reminder" or "visual cues from a simple device that can detect
when I'm not paying attention to my work." These varied and personalized strategies
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Figure 4.4: [Yes, No, Maybe] responses, N=53 participants, to the desired features for
behavior change support (Q6) [61].

Figure 4.5: [Yes, No, Maybe] responses, N=53 participants, to the desired customizations
for personalized support (Q7) [61].

highlight how participants plan to keep themselves on track with their tiny actions and
desired changes. Figure 4.3 shows the word cloud for the responses.

Q6. Overall Support Features

The survey asked the participants if they would like certain features, using a Yes, No,
or Maybe option. At least 50% said "Yes' (N=No, M=Maybe, Y=Yes) to daily activ-
ity tracking (3N, 18M, 32Y), context-aware reminders (2N, 16M, 35Y), using machine
learning models support (4N, 20M, 29Y), self-re ection notes (6N, 21M, 26Y), and goal-
progress tracking (ON, 11M, 42Y) [61]. The results are in Figure 4.4.

Q7. Customization for Personalized Support

Over 50% said "Yes' (N=No, M=Maybe, Y=Yes) to setting custom personalizedgoals
(IN, 22M, 30Y), reminder contexts (2N, 19M, 32Y), reminder messages (3N, 17M, 33Y),

48



Figure 4.6: [Yes, No, Maybe] responses, N=53 participants, to the desired sensors

(Q8)[61].

Figure 4.7. Responses, N=53 participants, for the desired contexts for reminders (Q9,
multi-select 8 Categories + optional free-form custom addition) [61].

and machine learning model training (4N, 21M, 28Y) [61]. The results are in Figure 4.5.

Q8. Sensors

Over 50% said "Yes' (N=No, M=Maybe, Y=Yes) to wanting heart rate (6N, 9M, 38Y)
and physical activity (9N, 11M, 33Y), but not location (10N, 19M, 24Y), microphone
(12N, 19M, 22Y), and camera (23N, 17M, 13Y) [61], perhaps due to privacy concerns.
The preferences werdiverse and personalized The results are in Figure 4.6.

Q9. Reminder Contexts

Each participant selectedmultiple desired context categories, an average of 2.5 categories
( =1.4) out of 9: speci c times (68%), enter/leaving locations (42%), indoor locations
(38%), speci c activities, e.g., eating and meditating. (38%), physiology/emotion (21%),
self-reported thoughts (21%), people/face (15%), and speci c objects, e.g., mug (13%).
[61] See Figure 4.7.
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Figure 4.8: Responses, N=53 participants, for the desired activities for self-tracking (Q10,
multi-select 9 Categories + optional free-form custom addition) [61].

Q10. Activities for Self-tracking

Each participant selectedmultiple activity categories, average of 5.4 categories € 2.4)

out of 10: Diet (73%), physical activity (83%), heart rate (61%), work (58.8%), phone
usage (64.7%), computer usage (51%), self-reported thoughts (61%), social interactions
(41%), sleep (53%), and other - meditation (2%), alcohol/cigarettes (2%), social (2%).
See Figure 4.8.

4.3 Discussion

We discuss the ndings, recommendations, and limitations of our survey below.

4.3.1 Key Findings

Our survey showed that users want multiple, diverse, and personalized behavior change
support. Users havenultiple behavior change goals (Q1), desired context types for behav-
ior change reminders (Q9), and desired activities for self-tracking (Q10). Also, users have
diverse and personalizedesired actions (Q2), implementations (Q3), contexts (Q4), and
reminders (Q5) for their behavior change goals, as well dverse preferences for behavior
change support features (Q6) and sensors (Q8). Finally, users want to getrsonalized
goals, reminder contexts, and reminder messages, and even train custom machine learning
models (Q7) [61].

4.3.2 Recommendations

Our ndings about the multiple, diverse, and personalizetehavior change needs of users
raise three key questionsMultiplicity: Given the multiple behavior change goals and sup-
port preferences for each user, how do the goals and strategies interact with each other?
Diversity: How do we support the diverse needs and goals of each user?;Riersonal-
ization: How do we enable personalization?. We have the following recommendations for
the aforementioned questions
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Multiplicity: Research usually takes a reductionist perspective and considers di erent
behavior change goals and strategies in isolation to measure their independent impacts.
However, it is important to take a holistic perspective and rigorously understand the
interplay of di erent behavior change goals and strategies in the real world, especially
since behavior change is a holistic and connected process [63]. Data collection and pro-
cessing would be helpful to track the interactions between di erent behavioral goals and
strategies over time.

Diversity: Both our survey and previous research shows that users prefer variety [64],
and thus, we recommend diverse functionality in each behavior change application. Given
the diverse sensing, reminders, and activity tracking needs of users, we suggest an open-
source modular platform for behavior change with diverse sensing, output, and machine
learning capabilities. Di erent users, developers, and researchers can experiment with
di erent elements of the platform, add new elements to it, and report their results in a
standardized manner.

Personalization: We recommend customizability of behavior change applications to
enable each user or researcher to select their desired behavior change support preferences.
[61].

4.3.3 Key Limitations and Future Work

We share the key limitations of our survey and recommend related future work. First,
what users want may not necessarily be the most e cacious for them. Also, user needs
and wants may evolve over time, especially as they implement and experience certain
behavior change technologies and interventions. Thus, we recommend further evaluating
the e cacy and user experience of multiple, diverse, and personalized behavior change
support in long-term studies. Second, individual and personalized needs may be di erent
from overall and group needs. Thus, while our research gives a birds-eye view of general
behavior needs, but specic and personalized need- nding investigations may still be
necessary. Finally, a larger-scale and more diverse participant pool may help see the
trends in di erent behavior change support needs of di erent demographic, geographic,
and cultural groups [61].

4.4 Conclusion

We conducted a need- nding study to identify behavior change goals and support pref-
erences among participants.

Participants identi ed a wide range of diverse and personalized behavior change goals,
and mentioned even more diverse implementation intentions, i.e., what, how, and when
they will implement their desired behavior change goals. The diversity of behavior change
goals and implementation intentions underscores the need for supporting multiple, di-
verse, and personalized behavior change goals and implementation intentions.

Moreover, the participants also indicated diverse and personalized preferences for
reminders, self-tracking, and context-detection features. Customization options were also
highly valued. Thus, diversity and customizability of behavior change support features,
including context tracking context-based reminders, is key for behavior change support.
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Chapter 5

Need-Finding Survey for Digital
Computer-Usage Behavior Change

Compulsive technology use is a problem [150] and technology use can cause physical and
emotional distress [151] to cognitive drain [152]. We conducted a survey about computer-
usage behavior change needs, previous experiences, and helpful/unhelpful breaks. Our
survey informed our application and study design (Chapter 8) for investigating habit
formation using interventions in computer-usage ne-grained contexts.

Previous research has investigated modifying computer and phone usage, e.g., encour-
aging physical activity [41], enabling self-tracking [71], and improving focus [133], [135]
[153]. There has also been research on identifying specic needs, e.g., self-monitoring
[154], productivity [72], [75], and breaks for productivity [74] [153]. Although many in-
terventions exist to reduce screentime, users report issues related to intervention timing
and long-term e cacy [153].

Our survey had 68 participants and three key ndings. First, time management is a
primary concern, including minimizing unwanted usage like social media usage. Second,
site blockers, self-trackers, and timers are commonly used, but can be ine ective as they
are easy-to-ignore. Third, away-from-screen breaks, especially involving physical activity,
are helpful, whereas on-screen breaks are unhelpful, especially when they are long. [153]

5.1 Survey Design

We conducted an anonymous survey and recruited the participants using convenience
and snowball sampling. We shared the survey via department email lists and social
media (Facebook), inviting the participants to share their ‘computer-usage patterns and
behavior change needs'. There were no explicit inclusion or exclusion criteria for the
participants, and the participants did not receive any compensation for the survey. [153]

5.1.1 Participants

We had 68 participants (35 males, 33 females;=32.9 years, = 14.8 years; 28 students,
39 full-time workers, 1 retired) from 9 countries 35 from the United States (6 di erent
states), 27 from Malaysia, 24 from the United Kingdom, 4 from Pakistan, 2 from Canada,
2 from India, 1 from France, 2 from Singapore, and 1 from Germany [153].

53



5.1.2 Survey Questions

We created our own survey since there was no preexisting survey to investigate our three
research questions. We started with Likert scale questions to minimally survey the overall
computer usage patterns (Q1-2) and broad problems categories (Q3) of the participants.
We then included open-ended questions (Q4-9) to survey the diverse and detailed expe-
riences of our participants for each of our research questionsRQ1: Computer-usage
behavior change needs (Q4) and speci c desired changes (QBR2: Currently-used
computer-usage behavior change applications and if and why they work or do not work
(Q6), and further-desired support (Q7);RQ3: User experiences with helpful computer
breaks and why they are helpful (Q8), and similarly for unhelpful breaks (Q9). [153]

All survey questions are in Table 5.1.

5.1.3 Data Analysis

For each of the open-ended questions (Q4-9), three researchers independently coded
the responses and then collectively performed a thematic analysis of the responses. We
performed inductive analysis and the 3 researchers iterated on the codes, themes, and
categories for each question before nalizing them. We share the coded responses, themes,
and also the top 50 words in each of the responses (excluding words repeated from the
question). [153]

5.2 Results

We summarize below the survey results for computer-usage patterns (Q1-Q2), over-
all problems (Q3), speci c problems and behavior change needs (Q4-5), currently-used
computer-usage behavior change tools and further needs (Q6-7), and helpful and un-
helpful breaks (Q8-9) [153]. All the raw results are in Appendix B, Table B.1 - and
B.7.

Q1, 2. Computer Usage Duration: Most participants reported "5-10 hours' of
daily total computer usage. For "Work/ Learning', the most common duration was "5-
10 hours', and for "Social Networking', "Fun/Relaxation’, and "Miscellaneous', the most
common duration was "0-2 hours' each. [153]. The detailed results are shown in Figure
5.1.

Q3. Computer-Related Problems: Most participants "Often' experienced "Time
management' problems, "Sometimes' experienced "Emotional stress' and "Physical dis-
comfort’, and "Never' experienced "Social problems' and 'Financial problems' (though
"Sometimes' was a close second for “Social problems') . [153]. The detailed results are
shown in Figure 5.1.

RQ1. Computer-related Problems and Behavior Change Needs (Q4-5)

Q4. Desired Changes:  We coded the responses into 6 categories Improve Exces-
sive/Unnecessary Use (36, 52.9%); None (19, 27.9 %); Improve Physical Activity/Side-
e ects (9, 13.2%); Better setup (2; 2.9%); Improve Emotional States (1); Reduce time
nding things (1) [153]. Figure 5.2 shows the coded responses for desired changes (Q4).
The raw and coded responses are in Appendix B, Table B.3.
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Table 5.1: Survey questions about computer-usage patterns, behavior change needs, and
helpful/unhelpful breaks [153].

Q Survey Questions
Computer-Usage Patterns and Overall Problems

1 How much time do you spend using your computer daily?

5 options: 0-2, 2-5, 5-10, 10-15, >15 hours
2 How much do you use your computer/internet for the following (daily)?

4 categories (Work, Social, Fun, Miscellaneous, Self-Improvement)

5 options each (0-2, 2-5, 5-10, 10-15, >15 hrs)
3 How often do you experience the following side-e ects due to your computer usage?
5 categories: Poor time management, Emotional stress, Physical discomfort, Social
problems, Financial problems; 5 options each: Never, Rarely, Sometimes, Often, Always

RQ1. Computer-related Behavior Change Needs and Desired Changes
Is there anything you would like to change about your computer usage? Why and how?
Is there something you'd like to spend less time on or more time on?
Please be specic, e.g., give examples.
RQ2. Behavior Change Tools Used and Further Needs

6 Is there anything you use or have used to manage your computer usage?

Does it work? Why or why not?
7 Is there something you would like to help you manage your computer usage?

RQ3. Helpful and Unhelpful Breaks

8 Think of an example of a helpful computer break you took.

(a) What activity did you do and how did it come about?

(b) How long was the break? (c) Why was it helpful?
9 Think of an example of an unhelpful computer break you took.

(a) What was the break and how did it come about?

(b) How long was the break? (c) Why was it unhelpful?

g b~

Figure 5.1. Responses, N=68, for computer usage patterns (Left, Q1, 2), and computer-
usage Problems (Right, Q3) [153].
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Figure 5.2: Coded responses, N=68 patrticipants, for an open-ended question about the
desired computer-usage behavior change (Q4).

Figure 5.3: Coded responses, N=68 participants, to the open-ended question about de-
sired change in speci c computer-usage activities (Q5).

Q5. Desired Activities and Reasons: The participants mentioned several dif-
ferent speci ¢ desired activities (Q5). The responses were categorized as follows: More
Work/Learning (21.8%), Less Social Media (14.9%), Less Entertainment (10.3%), None
(9.2%), Less Browsing (5.7%), More Real Social Time (2.3%), Less Shopping (6.9%), Less
Work Activities (4.6%), Less News (5.7%) [153]. The categories highlight the groups of
speci ¢ activities participants aim to change, with a signi cant focus on increasing work
or learning, and reducing time spent on social media and entertainment. Figure 5.3
shows the coded responses for reasons for activity changes (Q5), and the raw and coded
responses are in Appendix B, Table B.4.

Figure 5.6 shows the top 50 words in the responses to Q4 (left) and Q5 (right).

RQ2. Currently-used Computer-usage Behavior Change Tools and Further
Needs (Q6-7)

Q6. Tools Used and their E cacy: We received 22 responses about the tools
used by the patrticipants for computer-related behavior change. Site blockers were the
most commonly used types of tools, followed by activity trackers, and then equally by
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Figure 5.4: Coded responses, N=68 participants, to the open-ended question about the
currently-used support for computer-usage behavior change and why they do or do not
work (Q6) [153].
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Figure 5.5: Code responses to the open-ended responses, N=68 participants, about the
desired computer-usage behavior change support (Q7) [153].

Figure 5.6: Top 50 words in open-ended responses, N=68 participants, to questions about
the desired change in computer-usage change (left, Q4), and speci ¢ change in computer-
usage activities (right, Q5) [153].

self-planning tools, Pomodoro-technique apps, and timers [153]. However, most of the
applications used by participants were not helpful, mostly because they were "Easy to
ignore' or "Not appealing’. Reasons why some applications were helpful included “helps
fatigue’, "like tracking features', "gami cation’, “like complete blocker', and "like variation'
[153]. Figure 5.4 (right) shows the categories of tools used, their e cacy, and the reasons
behind their e cacy.

Q7. Further Support Desired: 53 participants responded - 11 did not know
what they wanted, 5 did not need any, and the rest had diverse suggestions. We created
17 categories for the responses, e.g., ergonomics solutions (6), reminders noti cations
(6), learned behavior and interventions (5), selective blockers (5), etc [153]. The coded
responses are in Figure 5.5.

Figure 5.7 shows the top 50 words in the responses to Q6 (left) and Q7 (right). [153]
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