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ABSTRACT

Modern stress management techniques have been shown to be
effective, particularly when applied systematically and with the
supervision of an instructor. However, online workers usually lack
sufficient support from therapists and learning resources to self-
manage their stress. To better assist these users, we implemented a
browser-based application, Home Sweet Office (HSO), to administer
a set of stress micro-interventions which mimic existing therapeutic
techniques, including somatic, positive psychology, meta cognitive,
and cognitive behavioral categories. In a four-week field study, we
compared random and machine-recommended interventions to
interventions that were self-proposed by participants in order to
investigate effective content and recommendation methods. Our
primary findings suggest that both machine-recommended and
self-proposed interventions had significantly higher momentary
efficacy than random selection, whereas machine-recommended in-
terventions offer more activity diversity compared to self-proposed
interventions. We conclude with reflections on these results, dis-
cuss features and mechanisms which might improve efficacy, and
suggest areas for future work.
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1 INTRODUCTION

Stressors from work, family, personal health, economic status, etc.
take on multiple forms and could happen recurrently. Work-related
daily stressors decrease people’s productivity, job satisfaction, and
affect their overall well-being [2, 7, 20, 49]. As a result, self-care is
increasingly recognized as an alternative for daily stress manage-
ment. However, online workers usually have limited professional
support and learning resources available to identify the best tools
for stress self-management [2]. Designing efficacious interventions
that a) accommodate to personal reactions to episodic acute stress,
b) adapt to the intermittent nature of daily stressors, and c) take
into consideration contextual dependencies (e.g. locations, events,
preferences) is a challenging problem [25].

Rather than focusing on the full range of these tasks, our work
focuses on online workers, such as Amazon Mechanical Turk (AMT)
workers, since online workers suffer from a range of stressors, in-
cluding deadlines, interpersonal problems, and struggles with work-
life balance [1], and sit long time in front of computers. Furthermore,
online workers’ continuous online presence opens up the possi-
bility to track their time spent online and to use this information
to support their momentary stress management practices by rec-
ommending just-in-time micro-interventions [41], that are recom-
mended in a subtle way that might help dissipate stress [35]. Recent
research has investigated the general efficacy of stress interventions
in multi-week (2-4 weeks) studies [18, 19, 40, 53], as well as the best
sensing modalities [61], user’s preferred intervention content, [60],
and the best time to offer stress interventions [35]. Some of these
studies applied artificial intelligence or machine learning (ML) al-
gorithms to predict stress levels [35, 60] or to provide personalized
interventions [35, 53]. However, whether machine-recommended
interventions are more efficacious than self-proposed interventions
or even a user’s baseline (do-nothing) has been under-investigated.

In this work, we describe the Home Sweet Office (HSO) applica-
tion prototype, a browser plugin designed to support online workers
by providing access to stress-management micro-interventions. We
implemented HSO as a Chrome browser extension plugin that
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recommends interventions based on individual traits, personal
preferences, past efficacy, and contextual information. HSO can
select from over 160 micro-interventions designed based on empir-
ically supported psychotherapy techniques (i.e., positive psychol-
ogy [64, 65], mindfulness meditation [4, 13, 36, 66], cognitive behav-
ioral therapy [12], etc.). Using HSO, we compared four groups based
on their intervention selection method: (1) a control group, consist-
ing of participants who did not install the plugin nor receive any
stress interventions, (2) "HSO-Self,' consisting of participants who
were prompted to use their own self-proposed stress management
techniques for momentary stress reduction, (3) "HSO-Random," con-
sisting of participants who received interventions that were chosen
randomly, and (4) "HSO-Bandit," consisting of participants who
received interventions selected by a multi-armed bandit machine
learning algorithm [43]. Using this prototype plugin, we explore
how to optimally support participants towards reducing their stress
levels through the following primary research questions (RQ):

e RQ1: Can browser-based micro-interventions reduce mo-
mentary stress after each intervention and multi-week stress
over the course of several weeks?

e RQ2: Are machine-recommendation methods (random or
machine-based) more effective than self-proposed interven-
tions in reducing momentary stress?

A prior study compared ML-recommended vs self-selected inter-
ventions from the same set of designer-created interventions [53].
Their findings showed that ML-recommended interventions re-
duced more stress than self-selected ones. We extend this prior
work and test self-proposed interventions vs ML-recommended in-
terventions authored by designers, using the same nudge: the HSO
browser plugin. To evaluate our system and address our research
questions, we conducted two pilot studies using early iterations of
the HSO browser plugin. After collecting feedback and iterating
on low-fidelity prototypes of HSO, we conducted a four-week field
study and evaluated the effectiveness of HSO interventions on N =
58 participants regarding their momentary stress reduction, using
the plugin on their own devices and at their own homes. Findings
from our study indicated that although there were no significant
multi-week stress improvements in any of the HSO groups com-
pared with the control group, the HSO-Bandit and HSO-Self groups
both had significantly better momentary stress reduction than the
HSO-Random group. While HSO-Bandit and HSO-Self were similar
in effectiveness, HSO-Bandit interventions offered more rich and
diverse intervention content compared to the HSO-Self group, re-
sulting in higher engagement as measured by a longer intervention
completion time, which positively correlates with stress reduction.
The main contributions of this work include:

o A novel, browser-based system for providing theory-driven
stress micro-interventions;

o A field comparison study of stress reduction outcomes among
self-proposed, randomized, and machine-recommended micro-
interventions; and finally,

o A discussion of HSO’s user experiences and potential future
work for researchers and application designers in the area of
stress micro-interventions as well as personalized healthcare
and well-being applications.
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2 RELATED WORK

2.1 Workplace Stress and Stress Management

With 80% of workers in North America who report feeling stress on
the job and 57% feeling stress on a daily basis, workplace stress is a
widely experienced problem in the U.S. population. [8]. Workplace
stress further affects workers’ productivity levels and job satisfac-
tion as well as their personal life, mental wellbeing, and physical
disorders (e.g., disease and illness) [2, 7, 20, 22, 26, 49]. Moreover,
healthcare expenditures are nearly 50% greater for workers who
report high levels of stress [2]. Psychotherapists and psychiatrists
have developed and utilized a wide variety of stress management
interventions to support individuals in managing their stress in-
cluding: cognitive-behavior therapy (CBT) [12], meditation and
mindfulness practices [4, 14, 36], physical exercises [50], breathing
techniques [10, 38, 55], emotional regulation [44, 58], and so on.
Positive psychology [64, 65], for instance, is an emerging practice
to help people wind down with personally targeted cues, such as
asking people to express gratitude or perform compassionate acts.
Positive social interactions have also been shown to improve feel-
ings of calm and openness in social engagement [27]. CBT [12] is
another effective therapy which teaches people how to recognize
their sources of stress, change their negative behavioral reactions,
and re-frame their thoughts. In addition to the cognitive and social
techniques, somatic interventions focus on guided breathing and
various physical exercises (e.g., yoga, stretches, walking, running,
etc.) to promote stress reduction.

2.2 Digital Interventions for Stress

Prior work has focused on the development of promising digital in-
terventions for stress management via mobile and web applications
as well as wearable devices and biofeedback sensors [15, 33, 52, 70].
These research prototypes have integrated the aforementioned
stress management techniques. For example, Sanches et al. utilized
biofeedback information for detecting stress levels in a mobile de-
vice and engaged participants in self-reflection on the physiological
stress reactions, which improved their stress outcomes and aware-
ness [59]. Similarly, Morris et al. also developed the Mood Map to
increase participants’ self-awareness of their emotions and ways in
coping with stress, which was tested in a one-month field study and
found significant stress changes [51]. Heber et al. [31, 32] provided a
web-based mobile app to train users’ emotional regulation abilities
for stress management. Paredes et al. investigated movement-based
mindful interventions for commuters to reduce their stress in a car,
and proposed sensation patterns on the back of the seat that could
guide the mindfulness process based on user study findings [54].
In another example, Schroeder et al. implemented a web based app,
PocketSkills [63], to teach Dialectical Behavior Therapy (DBT) via
a conversational agent for users to manage their depression and
anxiety levels. However, most of these prior work focused on a
single stress intervention or a singular use case scenario.

Recent studies have begun experimenting with integrating mul-
tiple stress intervention techniques and recommending specific
interventions for users (e.g., [3, 35, 53, 60, 61]). Oiva, for example, is
a workplace stress management application that integrates accep-
tance and commitment therapy methods; early pilot work showed
active use and good acceptance of the interventions and positive
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effects on well-being. [3]. Paredes et al. developed PopTherapy [53],
a web-based application providing a wide range of stress interven-
tions to users based on their real-time stress levels. Their study
demonstrated that participants showed higher self-awareness of
stress and lower depression-related symptoms. The authors further
summarized and integrated a comprehensive list of physical, psy-
chological, and physiological stress techniques, sorting them into
four intervention categories including more content than in previ-
ous studies [3], i.e., somatic, positive psychology, meta cognitive,
and cognitive behavior. Sano et al. [60, 61] extended Paredes et al’s
work [53] and re-categorized their intervention types to sleep, diet,
and exercise in [60] and then referred to Paredes’s four intervention
categories again in [61]. In recent work, Howe et al. [35] adapted
cognitive behavioral therapy (CBT) and dialectical behavioral ther-
apy (DBT) interventions into digital interventions, and categorized
them into three types according to user effort, i.e., get my mind
off work (low effort), feel calm and present (medium effort), think
through my stress (high effort). Since the PopTherapy covered the
most wide range of interventions and techniques, we adopted their
interventions and categorization by adding new interventions and
editing existed ones.

The effectiveness of web-based stress interventions in the work
context has been examined in a body of literature that includes
both multi-week field and randomized controlled trial studies with
promising outcomes [6, 21, 24, 29, 30]. Contradictory findings re-
garding the efficacy of web-based interventions persist in the lit-
erature (e.g., [31, 32]). While [6] reported positive results in a
web-based stress management intervention compared to a con-
trol group [6, 30], or conventional self-care [29], Eisen et al. found
that computer-based relaxation techniques significantly reduced im-
mediate stress, but the effect was less than the in-person group [24].
Moreover, a few studies have suggested that web-based approaches
were no more effective than printed materials in reducing stress [21].

In addition, researchers have been investigating the users’ deci-
sion options, (e.g., the best timing to offer/request interventions [35]),
what tailoring variables (e.g., the content of interventions [60, 61]),
and system recommendation rules (e.g., machine-recommended or
randomly recommended [53]) to maximize the proximal and distal
stress reduction outcomes. For instance, Paredes et al. [53] dis-
covered that the machine-recommended interventions were more
promising in higher stress reduction and self-awareness of stress,
and lower depression symptoms than the ones participants ran-
domly chosen. In a more recent study, Howe et al. [35] examined
times to nudge and user’s preferred effort for interventions. Their
findings suggested no differences in pre-scheduled ones and the
micro ones predicted by sensing algorithms. However, prior work
all provided micro-interventions from their systems without con-
sidering users’ self-proposed intervention content. Therefore, one
of goals of our work is to explore how users’ self-proposed interven-
tions differ from the system prompted ones (expert-authored) and
explore what intervention categories are most effective in reducing
AMT workers’s stress levels (RQ2).

2.3 ML for Personalized Interventions

Reinforcement Learning (RL) algorithms have been successfully ap-
plied in areas ranging from computer games [72] to health [34, 71],
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and in particular have been leveraged to recommend interven-
tions for promoting physical activity [69], and reducing stress lev-
els [37, 60-62]. In PopTherapy [53], the authors implemented an Up-
per Confidence Bound (UCB) multi-armed bandit algorithm [5, 43].
The multi-armed bandit (MAB) problem describes a class of sequen-
tial decision problems in which a learner is sequentially faced with
a set of available actions, chooses an action, and receives a random
reward in response. At each round, the learner accumulates infor-
mation about the reward compensation mechanism and learns from
it, choosing the arm that is close to optimal as time elapses. The
challenge of the MAB problem is that the reward that the learner
has not previously chosen is unknown—therefore, the learner needs
to balance exploitation and exploration, where exploitation means
pulling the seemingly best arm based on current information, while
exploration refers to pulling another arm to get more information.
Since the MAB algorithm does not require a large initial dataset
for training and can dynamically learn from newly generated data,
we aimed to extend Paredes et al’s MAB implementation [53] for
personalized recommendations in our HSO system.

However, whether ML-recommended interventions recommended
via a web plug-in outperforms one of that is either self-proposed or
randomly selected remains under-investigated. Therefore, we aim
to explore the best way to offer interventions to this population
by comparing ML-recommended interventions (HSO-Bandit) ran-
dom selection (HSO-Random), and user’s self-proposed (HSO-Self)
interventions to each other and a control group (RQ1).

3 DESIGN AND IMPLEMENTATION OF HSO

Home Sweet Office (HSO) is a prototype Chrome extension designed
to provide personalized and, in the future, micro stress reduction
interventions to support multi-week stress management practices
for online workers. Users can access the HSO system from any
device that has access to the Chrome browser. HSO records users’
pre- and post-intervention stress levels and allows them to receive
micro-interventions for stress management.

3.1 System User Flow

Derived from PopTherapy [53], we further explored the design of
stress management micro-interventions in a web-browser context
and studied the best strategies (i.e., what and how) to offer these
interventions to users. As shown in Figure 1 and Figure 2, HSO
provides on-boarding information for initializing the interventions
and a browser-based plugin interface for requesting interventions.
After installing the HSO application, users first go through an on-
boarding stage (Figure 1) to set their initial intervention preferences,
including their nudge/prompt time period, interest in interventions
that require social interactions, whether or not they want to re-
ceive audio notifications, their location, and bed time. After this
on-boarding stage, users can begin requesting an intervention any-
time they like (Figure 2A), or when they see the prompt, i.e., the
icon, blinking (see icon illustrations in Figure 1C). The nudge will
stay blue when interventions are not recommended by the HSO
system, then blink from blue to red when an intervention first
showed up and finally stays in red if the intervention is not at-
tended to. Once users decide to attend to an intervention, they
will self-report their stress levels before (Figure 2B) and after the
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intervention (Figure 2F). During the intervention, users will be
recommended one intervention from the intervention pool (Fig-
ures 2C and 2D) and complete an intervention with instructions
from the text descriptions or external resources (Figure 2E). Similar
to PopTherapy, HSO interventions feature welcoming and friendly
names, instructions, and icons to avoid theoretical and hard-to-
understand therapy names as well as provides users memorable
moments (Figures 2C-E).

Welcome to Home Sweet Office (HSO)! -

HSO can help you be
e using yo

Follow ths tutortal to customiz your experence,

‘The HSO icon will change throughout the day.

Feeling stressed? Get
Whener voute sressed, ko ha 50

Figure 1: HSO Setup Steps. A. The starting screen introducing
the application. B. Users were asked to pin the plugin to the
browser so the HSO icon would appear. C. The icon will blink
from yellow to blue when it recommends an intervention.
And turn to red (left) if overdue after a while. D. One inter-
vention example.

3.2 Micro-Interventions in the Pool

Adapted from the interventions in the PopTherapy prototype [53]
and based on results from our two pilot studies, we designed and
implemented a total of 160 micro-interventions under the same four
therapy groups: Meta-Cognitive, Cognitive-Behavioral, Somatic,
and Positive-Psychology. Similarly, the instructions of our micro-
intervention also has two simple components (Figure 2 D): a text
prompt that tells the user what to do and resources that launches the
appropriate online tools to execute the micro-intervention includ-
ing external websites, web applications, and social media platforms.
While creating these interventions, we followed several guidelines
that arose both from our iterative design process and findings from
our first pilot study:

e Short Completion Time: Users should be able to complete
the interventions within a few minutes (i.e., <3).

e Concise and Clear Description: The descriptions of the
interventions should be written in a concise and clear man-
ner, and use short and simple sentence structures so they
are easy to read and understand.

e Simple Process and Limited Commitment: Users should
be able to complete the intervention action in simple steps,
which require limited commitment, so it doesn’t increase
users’ stress levels.
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e One Immediate Action per Interaction: Assign one ac-
tion per intervention and use minimum action verbs. The
action should be something users can attend to immediately,
instead of later today or at another time.

e Provide Specific Examples: Avoid vague and general terms
in the instructions, and give proper resources or links for
completing each intervention.

¢ Balanced among Categories: The initial few interventions
should be balanced from each category.

Appendix Table 1 showed four therapy groups and definitions of
each group, along with the number of interventions under each of
the therapy groups and each technique and sample interventions.
Two co-authors validated each of the interventions following the
above-mentioned design guidelines and polished all of our inter-
ventions by editing, adding, or removing the current intervention
content. See PopTherapy research [53] for more descriptions about
the original four therapy groups and Supplementary Table 1 for
more sample interventions from HSO.

3.3 System Implementation

Appendix Figure 1 demonstrates the application architecture and
the server-client technical framework. The back end of the app
was developed using a Node.js server and data was stored in a
Google Cloud database. The multi-armed bandit recommendation
algorithm was also deployed in Google Cloud. Study surveys were
conducted via a system external to the HSO extension. Data ag-
gregation and analysis took place in university servers. Users who
consent to participate are provided with an on-boarding survey of
their preferences for receiving interventions as soon as they down-
load the application. At regular intervals, users are nudged via a
color-changing icon to complete an intervention. Once the user has
requested an intervention, they are prompted to self-report their
current stress levels. After recommending the intervention, the
system will prompt the user to self-report the change in their stress
level. The application then keeps track of the specific intervention
ID, user ID, intervention category, intervention completion time,
nudge responding time, nudge states (active or not), and the user’s
self reported stress level before and after the intervention.

3.4 Multi-Armed Bandit Recommendations

To recommend interventions to participants in the appropriate
group, we use a multi-armed bandit recommendation algorithm.
In our case, the bandit must make a decision that takes advantage
of commonly liked techniques (exploitation) while experimenting
with new techniques that lack preference information from the
user (exploration). The bandit’s exploration constant, V, determines
this trade-off, with a higher value biased more towards exploration.
When making a decision, the bandit computes the upper confidence
bound (UCB) of all techniques, which is a function of existing pre-
dictions of feedback for each technique (using a random forest
model), the current input, and the exploration constant. The ex-
ploration constant is multiplied by the standard deviation between
estimators in the model and added to the existing prediction, which
means that techniques with more variance (because there is less
feedback on the technique) will have higher UCBs with higher
exploration constants. We decided to select between techniques
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UserID: 17bd8eccdSae67f03ddab76
Raffle Tickets: -

Please wait while we select a sweet moment for you.

12 ?)

Positive Psychology Cognitive Behavioral
"Food For The Soul" "Master Mind"

Somatic Meta-Cognitive
"Body Health" "Wise Heart"

. _________________|
C
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Raffle Tickets: -

Q Check Out

How are you feeling after doing the exercise?

for 3 minutes and check out these hilarious art
memes.

= m
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Much
Worse

Much
Better

Worse  Same Better

Figure 2: HSO User Flow: a user would go through steps A to F for a complete intervention from their browser drop-down screen.
A. The start screen of HSO plugin. B. The self-reported pre-intervention stress-level check-in screen. C. The intervention
loading screen. D. One example of the HSO-recommended interventions (the current one shows the category and title of the
intervention). E. Detailed instructions of the recommended intervention (and some interventions will lead to external links
and resources). F. The self-reported post-intervention stress-level check-out screen.

instead of specific interventions at the bandit level because there
are 26 techniques as opposed to over 160 interventions, giving us
more aggregated data per technique, whereas some interventions
were never or very rarely seen by users in past trials, making them
less useful to train on.

3.4.1 Inputs. The bandit takes in as input the user’s current stress
level (integer on 1-10 scale), what tab they are on (one-hot vector
for most popular sites), how many tabs they have open, if they
have the HSO app pinned (bool), and if they have HSO nudges
activated (bool). Other contextual information was experimented
with; however, it was dropped from our training process due to
inconsistency of the availability of this information between users
or subpar performance compared to the current feature set. Addi-
tionally, the user’s ID and previous intervention history is not used
to avoid biasing the model towards certain users.

3.4.2 Recommendations. When a user requests an intervention,
the bandit algorithm uses the input it is given to recommend an

intervention technique it believes will receive the highest reward.
The reward was defined as the change in stress that the respondent
gave for the chosen intervention (translated to a -2 to 2 scale). For
the very first decision, a random technique and intervention are
chosen. After the first decision, the bandit selects the technique with
the highest UCB and one intervention from that specific technique
is chosen randomly to recommend to the user.

3.4.3 Training and Simulation. Bandits were trained on our exist-
ing pilot data. During training time, a technique and input com-
bination is used if it was actually recommended to the user and
therefore has a given reward. If the correct technique was chosen
by the bandit, the bandit’s random forest model is updated with
the input, chosen technique, and reward (user feedback for that
intervention). When deciding on the parameters to tune our bandit
for the study, we simulated and compared three bandits with differ-
ent exploration constants, as well as a purely random algorithm,
for 200 time steps (decision point). 5 trials of each bandit were run,
with the results shown in Figure 3. In the graph, purple is random,
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and the exploration constants are v=0.1, 0.5, and 1.0 for blue, red,
and green, respectively. Solid lines are the median over trials and
dashed lines represent the first and third quartiles. We can see that
v=0.5 performed the best, so we used this for our main study.

3.4.4  Activation. Each user is recommended the same three inter-
ventions after downloading the HSO application to avoid drop-off
as a result of early exploration, but after getting initial feedback
the bandit algorithm suggests subsequent recommendations.

3.4.5 Updating. In our implementation of the multi-armed bandit
algorithm, we chose to use a warm-start bandit (i.e., one trained
on past pilot data) for the current study as we wanted to avoid
high initial drop-off from an untrained bandit’s sub-optimal rec-
ommendations. We also wanted to let the bandit learn from the
participants in the study. To accomplish this goal, we updated the
bandit at intervals throughout the study period using user feedback.
We also wished to avoid insubstantial updates, so we manually
updated the bandit with new data twice a week (i.e., 8 times total
throughout the study).

300

250 A

200 A

150 1

Cumulative Reward

100 1

50 q

T T v T T T T
0 25 50 75 100 125 150 175 200
Decision Point

Figure 3: Results of 5 simulations over 200 timesteps for
cumulative reward over 200 timesteps for random (purple)
vs. bandits with exploration constants 0.1 (blue), 0.5 (red
- chosen), and 1.0 (green). Dashed lines are first and third
quartile, and solid lines are median of simulations.

3.5 Pilot Studies

We describe two pilot user studies and major findings that informed
iterations of the HSO UI and intervention content.

3.5.1 Pilot Study 1. Fifteen participants were recruited in our first
pilot study conducted April to June 2021 to better understand the
usability of the HSO application, evaluate the stress interventions,
and collect preliminary application log data. All of the participants
were asked to install and use HSO for two-week period, during
which participants received randomized interventions from our
intervention pool. In addition to application logs, we collected users’
feedback about the usability of the HSO tool—in particular, the
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interface design and effectiveness of the randomized interventions
through pre-, weekly, and post surveys, and qualitative interviews.
A total of 64 interventions were completed by those partici-
pants with each participant completing 1 to 13 interventions in
50.4 + 100.7 seconds (intervention completion time). Self-reported
usability ratings suggested that participants generally held positive
attitudes about the HSO system. Most (10/15) rated their experi-
ence as very positive, 3 rated it only slightly positive, and 2 were
neutral. Similarly, from the qualitative interviews, a majority of the
participants (12/15) reported that they thought HSO was useful in
different ways including providing for breaks (e.g., “Usefulness and
productivity of good breaks” P12) and help them to acknowledge
the stress they feel (e.g., “Yes, it’s good to acknowledge your stress
and ways to cope with it” P3). While most pilot participants did
not have a preference for specific intervention categories, two re-
ported that that they preferred "Somatic" and “Positive Psychology”
interventions. Approximately half of the interventions reduced par-
ticipants’ stress levels. Nonetheless, no significant differences were
identified in anxiety, anger, depression, and sleep survey scales
before and after the study. Participants also did not complete a
large amount of interventions (average of 4.27 interventions for
two weeks) due to concerns about the intervention content (e.g.,
content that required social interaction was difficult, if not impossi-
ble, to complete). Therefore, we developed our intervention design
principles, described earlier, and revised all interventions in the
pool to improve them. Moreover, we also used participants’ self-
reported before and after stress data from the first pilot study to
train the bandit recommendation algorithm used in our study.

3.5.2  Pilot Study 2. Another fifteen participants were recruited dur-
ing August to October 2022. We aimed to further understand users’
responses to the ML-recommended interventions and the effec-
tiveness of these interventions in stress management. We adopted
the same mixed-method study design as described in the first pilot
study and asked participants to install and keep using HSO for
two weeks. But participants only received the bandit algorithm-
recommended interventions, instead of random ones. The same set
of surveys, browser data, and interview questions were collected.
In general, most people gave positive comments about increased
awareness to their stress levels and interventions they learned to
perform for stress management. Participants requested a total of
702 interventions from HSO, out of which 220 were completed (vs.
64 in the first pilot study). Participants completed 1 to 38 valid
interventions during the two weeks (Mean + SD = 13.2 + 12.6).
The completion time of the stress interventions ranged from 1-10
minutes, around 3 minutes on average. Out of all interventions,
most (60%) improved participants’ stress levels and less than half
(38%) interventions did not have any effect on in-situ stress levels.
Only a few (2%) made people feel worse. However, no significant
differences were identified before and after the study regarding the
anxiety, anger, depression, and sleep survey scales. As a result, we
decided to finalize our intervention pool and user flow. We then
decided to conduct a formal study with a bigger sample size to inves-
tigate how the micro-interventions from the HSO platform would
engage users in stress management in the multi-week and what
would be the best strategies to recommend these interventions.
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4 METHODOLOGY

The goal of our study is to evaluate the effectiveness of three types of
stress management intervention recommendation approaches using
the HSO tool. These approaches include HSO-Self, HSO-Random,
and HSO-Bandit to a non-intervention control group. Using these
different conditions, we aim to investigate how to support online
workers in alleviating stress via micro-interventions in the multi-
week and identify the most preferred and effective intervention
recommendation approach in our system for reducing stress. In
this work, we recruit AMT workers with the goal of developing
transferable insights which help scale our system to support and
increasing number of diverse online workers.

4.1 Hypotheses and Rationale

Based on our RQs, here we introduce the following hypotheses and
rationales:

H1: Participants’ momentary stress levels would be reduced
using HSO intervention prompts. However, their long-term stress
levels might not change. We assume this because long-term stress
reduction may require resolving the fundamental causes of stress
and stressors [25], which HSO did not offer.

H2: The machine-recommended interventions could be more
effective than the participants’ self-proposed ones because the ma-
chine recommended interventions were derived from a set of expert-
recommended ones and would customized to the individuals.

4.2 Study Design

Our primary research goal was to examine how users might re-
spond to different, momentary stress management interventions.
Our participants were randomly assigned to different conditions
which included one for support through browser-based nudges to
perform a self-proposed intervention (in the HSO-Self group) as
well as conditions where users also received randomly-assigned
(HSO-Random) or machine-recommended (HSO-Bandit) stress in-
tervention content for self-management. We then study how, if
at all, participants’ stress would be improved after engaging with
the HSO tool. More specifically, we extend prior work to test self-
proposed interventions against ML-recommended interventions
authored by designers using the same nudging prompt to engage
participants (the browser plugin platform). As excessive prompt-
ing and surveying may increase participant stress and burden, our
interventions were specifically designed to be short and focus on
measuring stress relief; we did not use our in-situ surveys to ex-
plore the reasons for their stress. As a result, this research adopted
a between-group study design to compare the three intervention
approaches. The independent variable was the type of stress inter-
ventions recommendation approach that participants received. The
four intervention conditions are as follows:

e Control: Participants received no interventions from HSO
and they were not instructed to do anything to manage their
stress levels during the study period. They only completed
the weekly surveys that collected their demographic infor-
mation and multi-week stress levels.

e HSO-Self: The HSO extension asks participants to employ
any stress reduction management technique that they were
familiar with and/or preferred. The prompt was "Take a
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moment and do whatever comes to mind to reduce your
stress. Write what you did below." Users could then write a
brief sentence about what they did before being asked about
their stress levels.

e HSO-Random: Participants received a randomized interven-
tion from the HSO intervention pool (as introduced in sec-
tion 3.3) every time they clicked on the HSO button in their
browser.

e HSO-Bandit: Participants received a bandit-recommended
intervention from the HSO intervention pool (as described
in section 3.5) every time they click on the HSO button in
their browser.

For the three HSO groups, participants were asked to install
the HSO plugin in the browser and complete interventions on a
daily basis while completing several standardized scales as part of
a weekly survey.

The dependent variables of this study were (1) PROMIS depres-
sion, anxiety, and sleep disturbance subscales from the surveys and
(2) self-reported stress levels from the browser. See below subsec-
tion 4.4 for details about the measurements and instruments of each
dependent variables.

4.3 Participants

4.3.1 Recruitment. Participants were primarily recruited from AMT
and Facebook online advertisements. The inclusion criteria in-
cluded: (1) use of the Chrome web browser on a daily basis for
work or school related tasks; (2) must be a healthy individual; (3)
be aged 18 and older; (4) fluent in the English language; and (5)
able to provide informed consent. Participants who were willing
to join this study were first asked to fill out a screening survey
containing their basic demographic information. We filtered out
people who did not meet our inclusion criteria and reached out
to the rest of the participants via emails with our pre-study sur-
vey and detailed study procedures and instructions. The research
protocol used in this study was approved by Stanford University’s
Institutional Review Board (IRB).

4.3.2 Filtering and Selection. Intervention Data from the Back-
End. Upon a closer examination on the intervention data, we found
a technical glitch in assigning participants to different groups. Some
participants in the three HSO groups only received the HSO-Self
intervention in the first 2-7 days and then they were re-categorized
into a specific group (either HSO-Self, HSO-Random, or HSO-Bandit).
A total of 2,258 interventions were recorded in HSO’s applica-
tion logs. Among all, 476 interventions were removed because of
missing intervention IDs (preventing them from being matched
with specific intervention content); 93 interventions were removed
because of missing stress ratings; 257 interventions were removed
due to missing completion times. Next, 390 more interventions
were removed because some users were added to a different group
for the first few days of the study before being re-assigned to a new
group. Thus, we removed their initial intervention logs. We fur-
ther removed 18 interventions of participants that completed less
than three interventions in total (since the first three interventions
were used to initialize the bandit algorithm’s recommendations
in the HSO-Bandit group). Finally, 1,016 completed interventions
remained for analysis, completed by 58 participants in total, 31
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participants from the HSO-Self group, 13 from the HSO-Random
group, and 14 from the HSO-Bandit group.

Survey Data. A total of 462 participants filled out the initial
pre-study survey, and 104 completed the post-study surveys (31
from the Control group, 24 from HSO-Self, 26 from HSO-Random,
and 23 from HSO-Bandit). Based on the intervention data contained
in our application logs, we further filtered out the participants’
survey data based on the following conditions:

e No matching interventions found for the participant. This
means that the participant filled out the pre- and post-surveys,
but did not perform any interventions.

e Not part of the 58 participants who completed valid inter-
ventions. This refers to when participants filled out the pre-
and post-surveys, but did not have any valid or completed
more than three interventions during the entire four weeks.

o No valid entries for the PROMIS scales in either the pre- or
the post surveys.

As a result of this filtering, there were 69 participants’ survey
results included, 23 in the control group, 24 in the HSO-Self group,
13 in the HSO-Random group, and 9 in the HSO-Bandit group.

Groups Gender Age Ranges

Control F: 10, M: 13 | 18-30 (9), 30-55 (12), 55+ (2)
HSO-Self F: 13, M: 11 | 18-30 (10), 30-55 (13), 55+ (1)
HSO-Random | F:7,M: 6 | 18-30 (3), 30-55 (8), 55+ (2)
HSO-Bandit | F: 4, M:5 | 18-30 (2), 30-55 (5), 55+ (1)

Table 1: Survey Respondents’ Demographics Information

4.3.3 Demographics. Table 1 showed participants’ gender and age
information and Supplementary Table 2 demonstrated more demo-
graphics. Participants from both the Control and the three HSO
groups were compensated with $10 USD Amazon gift cards after
completing at least the pre- and post surveys, and they also received
25 raffle tickets for completing each survey. Moreover, participants
from the three HSO groups received one raffle ticket per day for
four weeks if they completed at least one stress intervention per
day. At the end of the study, ten raffle awards were available for
ticket-holding participants, including six $100 and two $200 USD
Amazon gift cards, and a smartphone worth approx. $1000 USD.

4.4 Procedures

First, interested participants from AMT and other sources filled out
our contact form. After participants received the pre-study survey
from us via email, they were informed about the study goals and
procedures, and our consent and intake procedure. In the same
email, participants were also provided with detailed instructions on
how to install, setup, and then use the HSO Chrome plugin for four
consecutive weeks. During the study, participants were asked to
try their best to complete at least one HSO stress intervention per
day, with no limit to the number of stress interventions they could
perform. They evaluated their stress levels before and after each
HSO intervention within the plugin. At the end of Week 1, Week
2, and Week 3, participants were asked to fill out a weekly survey.
Finally, after four weeks, participants were asked to fill the post-
study survey. Figure 4 illustrated the detailed study procedures.
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4.5 Instruments

We collected participants feedback and performances from three
approaches: (1) the pre-, weekly, and post surveys (with the PROMIS
scale); (2) browser intervention data; and (3) qualitative open-ended
questions. In this section, we introduce data collected from each of
these instruments.

4.5.1 The PROMIS Scale in the Surveys. PROMIS scale [17, 56] is
short for Patient-Reported Outcomes Measurement Information
System, which has been used by clinicians to evaluate people’s
well-being and health. Several clinical studies have validated the
the psychometric properties of PROMIS sub-scales [28, 67]. We col-
lected participants’ responses of the PROMIS’ depression, anxiety,
and sleep subscales in the five surveys (pre-, three weekly, and
post).

4.5.2  Self-Reported Stress Ratings from the HSO Browser Logs. Each
time a participant requested/received an intervention, they would
first have to self-report their stress level from 1 (not stressed at all)
to 10 (very stressed). After completing the intervention, they would
be asked to rate their recent change in stress by selecting one of
five options: much worse, worse, same, better, much better. Prior
work has adopted users’ subjective ratings to evaluate momentary
stress levels and stress delta for measuring post-test changes [53].
Similarly, we collected the stress delta ratings to (i) give participants
clearer options of evaluating their stress changes without letting
them thinking too much about stress after the interventions; and
(ii) minimize their cognitive effort so they do not need to search
their memory and compute stress levels.

4.5.3 HSO Browser Intervention Records. We also recorded each
intervention’s contextual information including the intervention
type and ID, the intervention group (self vs. random vs. bandit), self-
proposed intervention input (for HSO-Self group only), whether the
intervention was completed, intervention Completion Time (CT),
nudge Response Time (RT), active or inactive nudge status, and
participants’ open-ended qualitative feedback towards a specific
intervention. Intervention CT was defined as the duration from
when the participants click on the "Let’s do it" button (Figure 2D),
to when they click on the "Done" button (Figure 2E). Nudge RT
is duration from when the HSO plugin icon is active Figure 1C
to the point when participants click on the "Let’s do it" button.
Active or inactive nudge status refers to the state of the nudge icon
(Figure 1C) at the moment when participants click on the "Let’s
do it" button. Our goal was to measure and evaluate participants’
behaviors using HSO, including the time they devoted to each
intervention and whether the nudges impacted their intervention
decisions and outcomes. We then compared how these behaviors
might be different across three HSO study groups.

4.5.4 Open Questions and Ratings about Usability in the Surveys.
In addition, in the post-test surveys, we also added questions ask-
ing participants about their usability ratings (through a numerical
rating scale) of the HSO system, their general usage of HSO in-
terventions, their preferences about interventions and HSO app
features, and their general feedback (through open-ended ques-
tions). See our Supplementary Material for all survey questions
collected in pre-, weekly, and post tests.
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Figure 4: The study procedure diagram. Upon starting the study, participants were assigned to one of the four groups (Control,
HSO-Self, HSO-Random, and HSO-Bandit) and received either different stress interventions or none at all. All participants
were asked to fill out the pre-, weekly, and post-surveys during the four-week study. In the end, they both received a small

fixed monetary compensation and tickets for a raffle.

4.6 Data Analysis

4.6.1 Quantitative Data Analysis. To examine the effects of the
independent variable on participants stress levels (i.e., PROMIS
subscales and self-reported stress levels), including the interac-
tion effects, a Mauchly’s Test of Sphericity and repeated-measures
ANOVA were performed for each dependent variable. If Mauchly’s
Test of Sphericity was violated, we used a Greenhouse-Geisser cor-
rection for F and p values from ANOVA indicated by F* and p*. If any
independent variable or combinations had statistically significant
effects (p < 0.05), Bonferroni-corrected post-hoc tests were used to
determine which pairs were significantly different. To correct for
the increased risk of Type I error for significant results from pair-
wise differences comparison, we used linear mixed-effects models
to investigate the relationship between per-participant characteris-
tics and outcome variables and then compared pairwise differences
using Tukey’s HSD tests to adjust for repeated testing.

4.6.2 Qualitative Data Analysis. Two researchers used an induc-
tive thematic coding approach to analyze the open-ended questions
from the post-test survey and from participants’ self-input inter-
ventions in the HSO-Self group. Both adhered to the following
coding process: open coding to identify all concepts, axial coding
to establish categories, and finally selective coding to decide on
themes and meaning construction. The refinement of themes was
also done through discussions with the research team. A written
narrative was provided for each theme with relevant quotes from
participants that support these themes.

5 RESULTS

We first report on our quantitative findings from multiple sources
(i.e., surveys and in-situ intervention feedback). The multi-week
mental well-being measures on the surveys includes the PROMIS
scale data (i.e., a standardized scale that measures anxiety, depres-
sion, and sleep quality) were collected from pre-, weekly, and post-
study surveys. Short-term intervention effectiveness from HSO logs

was collected every time participants self-evaluated their before
and after stress levels for an intervention. We also report partici-
pants’ HSO-Self intervention content, along with other qualitative
usability data, and feedback on the HSO system in general.

5.1 Quantitative Findings about Stress Changes

In this section, we report on the effectiveness of HSO interventions
with respect to multi-week (PROMIS data collected from surveys)
and immediate (from application logs) changes. We then compare
the stress change results between the three HSO groups. Thus, with
these intervention effectiveness results, we look to answer RQ1 on
micro-intervention’s effectiveness for stress reduction and the best
kind of recommendation strategy.

5.1.1 Anxiety, Depression, and Sleep Ratings from the PROMIS Scale.
After removing participants with incomplete data, we analyzed
the rating on the PROMIS anxiety, depression, and sleep rating
for all remaining participants in the control group and the three
HSO groups. Figure 5 A-F showed the mean and SE values for
PROMIS anxiety, depression, and sleep ratings collected in pre-,
weekly, and post surveys. Two-Way 4*5 (Groups*Time) Repeated
Measures ANOVA tests were carried out on the three PROMIS
ratings collected in the pre-, three weekly, and post surveys from the
Control (N=23), HSO-Self (N=24), HSO-Random (N=16), and HSO-
Bandit (N=9) groups. We compared the four groups (i.e., Control
and three HSO groups) and the five Time ratings that were collected
(pre-study, week 1, week 2, week 3, and post-study). The Group
was an independent factor and the Time was a within-subjects
factor. However, we did not identify any significant differences
of the interaction effect (F(3, 68) = 2.06 , p = .208, ’7,%: .507), or
Group and Time main effect on participants’ anxiety, depression,
or sleep ratings, which indicated that participants’ self-reported
well-being and stress ratings did not change significantly during
the four weeks. See Figure 5A-F for the mean and SE values of
the self-reported anxiety, depression, and sleep PROMIS ratings
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from the four groups during four weeks. While we did not find
significant multi-week survey results, the Control group remains
relatively flat; and anxiety, sleep and depression are trending down
for the three HSO groups, as shown in Figure 5 A-C.

5.1.2  Descriptive Analysis of the Back-End Stress Data. After fil-
tering, participants had completed 465 interventions in HSO-Self
group (for each participant: Mean #* SE = 16.62 + 20.13), 201 in-
terventions in HSO-Random group (for each participant: Mean =
23.52, SE = 28.45), and 350 in the HSO-Bandit group (for each par-
ticipant: Mean = 42.50, SE = 30.29). The stacked bars in Figure 6A
illustrate the number of the completed interventions’ category dis-
tributions and nudge activity distributions of the three HSO groups.
Participants completed a majority of the interventions when being
nudged by the HSO system with 84.73% interventions in HSO-Self
group, 76.62% in the HSO-Random group, and 67.71% the in HSO-
Bandit group, regardless of the intervention content. As shown
in Figure 6A, participants in the HSO-random group completed
a roughly even number of Somatic (25%), Meta-Cognitive (20%),
and Cognitive-Behavior (23%) interventions, with a slightly higher
amount of Positive-Psychology (32%) interventions. In the HSO-
Bandit group, participants completed more Meta-Cognitive (30%)
and Positive-Psychology (34%) interventions compared to Somatic
(19%) and Cognitive-Behavior (17%) ones.

Figure 5G illustrated the distributions of total daily interventions
completed by participants in the three HSO groups. Since the HSO-
Self group included the most participants, this group showed more
interventions completed by the first week. Participants in HSO-
Random and HSO-Bandit groups completed a similar amount of
interventions at the start, but the HSO-Random group experienced
a drop in completed interventions and showed less interventions
across the four weeks than the HSO-Bandit group. In general, 5G
demonstrated that all three groups’ total daily number of inter-
ventions dropped gradually during the four weeks. However, the
HSO-Bandit group had more completed interventions in most of
the days after week 1 and showed a more stable number of inter-
ventions from week 2 to 4 compared with the other two groups.

Furthermore, figures 5H and 5I showed participants’ self-reported
stress levels before each intervention and their self-reported im-
provements after each intervention. These figures did not present
any tendency in participants’ self-reported stress before or stress
changes after the interventions. Because fewer interventions were
completed in the later half of the study period, both Figure 5H and
Figure 5I show a big turbulence in the later half of the figure.

5.1.3 Inferential Analysis of Stress Data from Application Logs. We
further analyze participants’ self-reported stress before each in-
tervention (SB) and stress changes (SC) after each completed in-
tervention and compared the three HSO groups differences using
Independent One-Way ANOVA analysis. The between-group vari-
able is the Group and the dependent variables were SB and SC.
Figure 6C showed participants self-reported stress levels (numer-
ical ratings from 0 to 10) before the intervention, and Figure 6D
showed the distribution of stress changes in three HSO groups (-2:
much worse, -1: worse, 0: no changes, 1: better, 2: much better).
The analysis revealed significant differences in SB between the
three HSO groups, F (2, 972) = 3.34, p = .036. Tukey’s HSD post-hoc
test revealed that only the HSO-Bandit group (Mean * SE = 4.61
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0.11) had a borderline higher SB compared to the HSO-Self group
(Mean + SE = 4.22 + 0.12), p = .056. The HSO-Random group group
(Mean + SE = 4.16 + 0.18) was not significant different in its SB
compared with the HSO-Self group (p=.954) nor the HSO-Bandit
group (p = .092). Therefore, there were no significant differences of
SB ratings across three HSO groups.
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