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ABSTRACT
Workplace stress-reduction interventions have produced mixed
results due to engagement and adherence barriers. Leveraging
technology to integrate such interventions into the workday may
address these barriers and help mitigate the mental, physical, and
monetary effects of workplace stress. To inform the design of a
workplace stress-reduction intervention system, we conducted a
four-week longitudinal study with 86 participants, examining the
effects of intervention type and timing on usage, stress reduction
impact, and user preferences. We compared three intervention
types and two delivery timing conditions: Pre-scheduled (PS) by
users and Just-in-time (JIT) prompted by the system-identified user
stress-levels. We found JIT participants completed significantly
more interventions than PS participants, but post-intervention and
study-long stress reduction was not significantly different between
conditions. Participants rated low-effort interventions highest, but
high-effort interventions reduced the most stress. Participants felt
JIT provided accountability but desired partial agency over timing.
We present type and timing implications.

CCS CONCEPTS
•Human-centered computing→ Empirical studies in HCI;
Empirical studies in ubiquitous and mobile computing; Field studies;
• Applied computing→ Health informatics.
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1 INTRODUCTION
Stress is prevalent and costly: Over 83% of Americans suffer from
work-related stress [43] and over half experience stress throughout
most of the day [48]. Work-related stress increases the risk of
mental and physical health disorders, decreases productivity due
to absenteeism and burnout, decreases overall job satisfaction and
increases rates of stress-related accidents and employee medical,
legal, and insurance costs [5, 8, 12, 63]. Workplace stress can also
spillover into life outside of work, disrupting the overall well-
being of workers [20]. Workplace stress intervention strategies
such as organizational changes, individual stress management
skills training, and therapeutic counseling have been recommended
and evaluated as important components of long-term stress
reduction [13]. Individual-based stress management interventions
(e.g., cognitive-behavioral skills training, meditation, exercise, etc.)
have been shown effective on psychological, physiological, and
organizational outcome measures [50].

However, integrating individual-based stress management
interventions into the workday and actively engaging with them
can be challenging in workplace cultures with psychologically
unsafe climates [15] or where there are high task demands but
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taking personal time for stress management is not supported [22].
Furthermore, while employees may learn about stress management
strategies via in-person stress-reduction workshops or individual
therapy, shifting from understanding evidence-based strategies
to using these strategies when they are most needed (i.e., in
moments of high stress) can be quite difficult psychologically,
even in healthy workplace contexts that value employee well-
being [21]. Smartphone-based mental health apps have gained
popularity because they are always available (unlike a therapist),
and can be used without drawing attention to the user or disrupting
a work environment. However, most available mental health
apps are not evidence based [24, 44], and those that have been
rigorously studied – although shown to be effective in improving
relevant outcomes [29, 32] – also have high attrition and low
adherence [18, 31]. Therefore, promoting active engagement in
interventions over time is an important step to improving user
engagement and long-term outcomes for technology-delivered
interventions [42, 45].

Recent efforts to improve user engagement over time
for technology-delivered interventions have been focused on
improving usability, delivery timing and content selection factors.
Bite-sized, “digital micro-interventions” have been a promising
content design approach to lowering the barrier to entry and to
reducing the effort needed to engage with the content [1]. Because
such interventions can be accessible via computers at employee
workstations (i.e., do not require context switching), they may be
easily integrated into the workday. To further improve engagement,
adaptive or personalized micro-intervention delivery systems can
incorporate individual preferences and contexts to choose the
appropriate intervention content and delivery timing [14, 28, 45, 54].
For example, just-in-time, adaptive interventions (JITAI), powered
by ubiquitous sensing technologies, promise to deliver the right
interventions at the right opportunistic or vulnerable times to
minimize disruptions and optimize efficiency [42, 52]. Just as
therapists select the most appropriate intervention for a given
moment, users could benefit from the personalization promised by
JITAI systems [42]. Although JITAI have the potential to become
more intelligent over time and improve their predictive ability to
identify opportune moments for intervening [52] and the ideal
content, most conceptualizations of this approach do not include
opportunities for individuals to proactively engage in and exercise
control over their stress management processes, which has been
shown to improve long-term psychological outcomes in individual
psychotherapy [11, 25] and to lead to health behavior change [58].
Accordingly, our research examines the role of system- and user-
controlled intervention timing and content selection in promoting
engagement and improving stress-reduction impact.

In this paper, we present a four-week, between-subjects study
with 86 information workers. Our aimwas to understand the impact
of digital micro-intervention delivery timing and content on usage
patterns and stress reduction throughout the workday to inform
the design of effective and engaging workplace stress reduction
intervention systems. Leveraging a desktop application to facilitate
passive data collection and a Teams chatbot for intervention
delivery, our study compared three categories of intervention
content and two delivery timing conditions: Pre-scheduled (PS)

by users and Just-in-time (JIT) according to passively-sensed and
user-reported stress-levels.

We found our interventions to significantly reduce momentary
stress. Although we found no significant difference between JIT
and PS conditions in study-long or momentary stress reduction,
participants preferred automated “nudges” over scheduling their
own interventions, while simultaneously desiring control over
their schedule with system assistance for intelligent planning.
While our users rated the shorter, “easier” interventions as more
enjoyable, we found that the longer, more difficult to perform
interventions were in fact significantly more effective. Our findings
suggest that both system-initiated intervention delivery and user-
initiated intervention scheduling are promising directions for
integrating stress-reduction interventions at work. In fact, users
may benefit from a combination of the two, wherein system-
initiated interventions offer ease and increase overall usage and
user-initiated, pre-scheduled interventions promote a sense of
control and could lead to healthy behavior change. In both cases,
our findings suggest users benefit from having access to a healthy
balance between easy-to-do and effective interventions. Based on
these findings, we present opportunities to guide the design of
personalized JITAI and planned intervention systems to reduce
stress and enhance well-being in the workplace.

2 RELATEDWORK
2.1 Workplace Stress Interventions
Intervention strategies for workplace stress are commonly grouped
into three categories: primary, secondary, and tertiary [13, 49, 50,
55]. Primary strategies refer to action taken to directly change or
eliminate stressors; these strategies often involve organizational-
level changes (i.e., a culture shift), which might be difficult to
achieve or even study because such changes are costly and may
cause high-profile disruptions to the organization [13]. Secondary
strategies are the most common; they target the individual
experiencing stress and aim to detect and reduce their stress to
prevent the development of chronic, stress-related mental and
physical health issues. Individual talk-therapy, workshops teaching
stress reduction and time-management, as well as mindfulness or
meditation applications like HeadSpace are all popular examples
of secondary strategies. Tertiary prevention concerns treatment
for and recovery from stress-related mental and physical health
issues through counseling or supportive services such as Employee
Assistance Programs (EAPs). Some argue that addressing the source
of stress through organizational changes, rather than assisting
individuals, is necessary for long-term beneficial effects [13],
and ample evidence points to the benefit of individual-focused
interventions which are easier to implement and study [50].
Others suggest that such distinctions are not an important area
for focus because individuals trained with stress management
skills can bring about organization-level changes [7]. Furthermore,
it has been shown that people perceive individual-level stress
management techniques to be more effective than organization-
level interventions [27]. While we acknowledge the importance of
directly modifying or eliminating stressors, our study focuses on
workplace stress interventions that empower individuals to manage
their own stress responses (i.e., secondary strategies).
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2.2 Technology-Delivered Mental Health
Interventions

In the past decade, mental health and well-being innovators,
researchers and therapists have explored the potential for new
technology to overcome key barriers to mental health care access
and to improve overall mental health and well-being outcomes
for all. In particular, smartphone-based products have garnered
attention for their ability to offer direct, real-time support to
individuals trying to change their thoughts, feelings, and behaviors
– changes which are typically discussed in therapy but for which
individuals are usually responsible for making on their own, in
between sessions. Such products are designed to capitalize on near-
continuous access to users to create an opportunity for individuals
to have support whenever they want – for example, while stressed
at work. Given the potential for significant impact, many innovators
and researchers have created and studied the efficacy of smartphone-
delivered mental health interventions via randomized clinical
trials [29, 32] and a myriad of consumer-oriented mental health
applications exist to provide a range of support online, such as
self-guided meditation or symptom management (e.g., Headspace1,
Calm2, or Noom3), peer-support (e.g., Talklife4, Supportiv5), or
counseling (e.g., Talkspace6, Sanvello7). However, despite the large
number of academic and industry efforts in this area, significant
room for improvement exists, specifically regarding user adherence
in academic efforts, empirical testing in industry efforts, and
intervention tailoring to person and context across both [44].

Many of the most promising technology-delivered interventions
are narrow in scope and short in length (e.g., 1-minute meditation).
These “digital micro-interventions” leverage technology
affordances to provide individual components of traditional
psychotherapy focused on managing proximal symptoms
(e.g., relaxation for stress) in the hopes of achieving broad,
distal objectives (e.g., overcoming depression) [1]. At best,
systems delivering these interventions can take advantage of
the usage and interaction data for personalization, increasingly
recommending activities that are likely to be effective [53],
used [28], preferred [45], or performed at the right time [42, 51, 56].
The fullest extension of such personalization, termed Just-in-
time adaptive interventions (JITAI) have been introduced to
deliver personalized, contextualized, and adaptable interventions
incorporating the dynamic human behavior data captured through
ubiquitous sensing technologies [42, 52, 57]. Prior studies focused
on one iteration of JITAI, wherein micro-intervention delivery
timing is improved based on ecological momentary assessment
(EMA) or other passively sensed data [52, 56]. However, no
prior work has examined how JITAI could be integrated into the
everyday workflow over time or explored the differences between
JITAI and a manual, planned approach that provides individuals full
control over timing of the interventions. While the JITAI approach
holds great potential for improving adherence and engagement,

1https://www.headspace.com/
2https://www.calm.com/
3https://www.noom.com/
4https://www.talklife.com/
5https://www.supportiv.com/
6https://www.talkspace.com/
7https://www.sanvello.com/

efforts to implement and test JITAI systems in context are still in
their infancy and, as such, their automated features have not been
tested against manual options. Our study aims to examine different
ways of engaging with digital micro-interventions over time,
specifically looking at the timing and the content of interventions
situated in work contexts. To understand the effectiveness of the
different engagement timing and intervention content on stress
management for both the short- and long-term, we measured user
stress levels at multiple time points: (1) using a single item question
regarding stress levels just before and after each intervention use,
as well as five times per day spaced throughout the day, and (2) in
a weekly survey which included a full, validated self-report stress
scale [35].

2.3 Personalizing Technology-Delivered
Interventions

As individual needs and behaviors change over time, how they want
to engage with these technology-delivered stress interventions (i.e.,
whether a technology-initiated intervention or human-initiated
intervention is appropriate or preferred) may depend largely
on that individual’s context, history, and characteristics. One’s
vulnerability to stressors and perception of stress intensity is
influenced by individual differences that tend to be relatively stable
over time (such as personality, demographics (e.g., age, gender), and
past experiences from developmentally-sensitive ages), as well as
variables which may fluctuate more dramatically over time (such as
cognitive appraisal abilities, coping strategies, and available social
support [3, 13, 30, 59, 61]. The effectiveness and user engagement
of stress interventions can also be influenced by individual
characteristics as well as situational factors surrounding the user’s
current stress level [47], current receptivity to interventions [42],
and other mediators of change (e.g., acceptance of undesirable
thoughts and feelings [4]). Incorporating individual preferences
has been shown to improve the engagement and outcomes of stress
interventions [14, 28, 45, 54]. Therefore, our study investigates user
preferences for stress intervention types and timing to improve
intervention engagement and stress reduction impact.

3 METHOD
The goal of this work was to identify design opportunities for
systems that integrate digital micro-interventions into every day
work contexts. Our research questions were:
RQ1. How does intervention timing impact intervention usage,

stress reduction, and user preference?
RQ2. How do different types of interventions impact intervention

usage, stress reduction, and user preferences?
RQ3. What aspects of the intervention timing and content do

participants find most useful or needed?
To examine the impact of different delivery timings (RQ1), we
conducted an experimental study that directly compared two
conditions: Pre-scheduled (PS) by users and Just-in-time (JIT)
according to user stress-levels. We designed and developed an
intervention systemwith a chatbot that facilitated different delivery
timing of stress reduction interventions to information workers
(Section 3.1). In the PS condition, the chatbot helped participants
browse through the catalog of interventions and schedule them
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in their calendars; in the JIT condition, the chatbot nudged
participants to perform interventions when it detected high stress
levels. To examine the impact of different intervention types
(RQ2), we adapted evidence-based psychotherapy interventions into
digital micro-interventions and categorized them into three types
according to their function and required user effort (Section 3.2).
Participants selected from the three intervention types throughout
the study. Finally, to solicit user feedback from in-vivo usage of
the system (RQ3), we deployed this intervention system to 86
information workers and conducted a longitudinal study with four
weeks of observation that compared two delivery timings and three
intervention content types (Section 3.3).

3.1 System Design
We designed and developed an intervention system that composed
of (1) a stress score component, (2) a JIT component, and (3) a
chatbot component. Our stress score component computes the user’s
current level of stress based on passively sensed data. Then a JIT
component leverages the stress scores and the user’s self-reported
stress levels to determine when to nudge users to perform stress-
reduction interventions. Finally, a chatbot component proactively
sends messages to the user and facilitates the delivery of ecological
momentary assessments (EMAs), surveys, and intervention content.
We designed our system to capture salient signals in people’s work
context where they are more likely to be in front of their computers,
but offered flexibility through the chatbot so that they could utilize
their computers or mobile devices for engaging in EMAs, surveys,
or interventions as needed.

3.1.1 Stress Score Component. The stress score component is
responsible for inferring user’s stress level based on passively-
sensed information. Sano et al. [52] has highlighted that computer
usage, calendar and email usage, intervention history, activity and
heart rate variability are together useful features for predicting
intervention timing. Our stress score component uses similar
features but optimizes for detecting moments of high stress, such
that interventions can be delivered at moments of need (i.e., reduce
momentary high stress).

We capture contextual and behavioral information about people
through custom logging software that runs on their primary work
computer. From this logged information that includes computer
activity (e.g., window switching, keyboard usage), behavioral and
physiological signals (e.g., facial expression, breathing rate), we
compute a stress score. Specifically, the logging software has
three main capabilities. The first is to capture email, calendar and
application data from the users’ desktop applications usage (all
participants used Microsoft Outlook as their primary email and
calendar software). The second is to use their webcam to capture
their position and facial actions while they are in front of their
workstation. The third is to use their webcam to capture their
heart rate and breathing rate using a non-contact measurement
technique [34].

We designed the stress score to capture five components that
previous work has identified as sources of stress. They are defined
as follows:

• Email (w1): The volume of emails received in a given day has
been linked to higher stress in information workers [38, 39].

The email component (w1) at X hours into the day was
computed as the number of emails received until that time
of day / 2400.

• Calendar (w2): The lack of breaks and number of
appointments in a work day (e.g., meetings) is a known
stressor for information workers [37]. The calendar
component (w2) of the score was computed as the total
number of appointments in a given day / 15.

• Time (w3): People are also more likely to experience
negative emotional states (such as stress) later in the day, in
general [41]. The percentage into the day (w3), was the time
component of the stress score.

• Facial (w4): Previous work has identified that facial
expressions during information work can capture changes in
affect [40, 41]. To describe facial behaivor we use the Facial
Action Coding System (FACS) [17], the most commonly
used and descriptive taxonomy. The facial component (w4)
was computed as corrugator (AU04) and lip depressor
(AU15) activity minus zygomatic major (AU12). Corrugator
(i.e., brow furrowing) and lip depressor (i.e., frowning) are
typically linked to negative experience (e.g., confusion,
frustration, displeasure), where are zygomatic major (i.e.,
smiling) is typically linked to positive experience (e.g., joy,
pleasure) [26].

• Physiological (w5): Changes in heart rate are also
associated with increased stress during computer based
work [23, 60]. The physiological component of the stress
score (w5) was computed as the current heart rate (in
beats/min) divided by 100 beats/min.

We normalize each component of the stress score to create a
value between 0 and 1. If any of these numbers was greater than 1, it
was rounded to 1. We combined and normalized these components
to compute the stress score as:

𝑆 =
𝑤1 +𝑤2 +𝑤3 +𝑤4 +𝑤5

5
(1)

This stress score was stored in the database for retrieval by the JIT
component.

Our stress score includes aspects of work demand (i.e., email
volume, calendar volume) and available resource (i.e., time into the
day) as well as behavioral and/or physiological changes in reaction
to stress (i.e., facial expression, heart rate). These components
were designed based on insights from prior work and crafted
to create a simple and explainable continuous estimate of how
likely an individual was to be experiencing stress. Although a
more elaborate “machine-learned” stress score could be used in
the future, for the purposes of our study, we found that this was a
practical estimate of stress. We ran a retrospective analysis of the
correlation between our stress scores and participants’ self-reported
ratings on their momentary stress levels via EMAs (1=Not at all
stressed; 3=Moderately stressed; 5=Extremely stressed), we found a
significant positive correlation between the two (N=1318, Pearson
𝑟=0.2, p<0.01).We note that the stress scorewas not always available
at the time participants reported their momentary stress levels
because the participant may have disabled the sensing software
temporarily or responded to the EMAs when they are not at their
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Figure 1: Users can browse the intervention catalog to choose fromdifferent intervention types (a) and navigate to an intervention
to view its details (b). Users can choose to launch the intervention at that moment (c) or copy relevant information about the
intervention, including a link to launch the intervention, to perform the intervention at a later time (d). Users can paste this
information into a calendar event to schedule it at a desired future time (e).

desk. Therefore, we rely on both stress scores and self-reported
stress levels for the JIT component, which we discuss next.

3.1.2 JIT Component. Our JIT component is responsible for
determining if the system should nudge the user to perform a stress-
reduction intervention at that time. We leverage the computed
stress score and also apply heuristics that incorporate users’ self-
reported stress levels to maximize potential efficacy of the stress
interventions [56]. Self-reported stress levels are obtained from
EMAs or at the end of an intervention usage.

Based on the data from the first week of using the system
during the four-week observation period, we compute each user’s
average for computed stress scores and self-reported stress levels.
We then use these averages as individual baselines (week one of
four) and as thresholds for delineating high-stress from low-stress
during the subsequent weeks (weeks two to four). Our logic for JIT
interventions also checks historical intervention usage and system
nudges to ensure that the system does not aggressively prompt for
engagement. Our system will send a nudge to engage in a stress
intervention if and only if:

• Computed stress score is greater than or equal to the user’s
baseline (or 0.5) in the past 5 minutes or self-reported stress
level is greater than or equal to the user’s baseline (or
Moderately Stressed) in the past 30 minutes,

• It is during the weekday and the user’s working hours,
• There is no scheduled stress interventions during the
remainder of the day,

• The user has not completed an intervention in the past hour,
• There has not been a system-initiated nudge in the past two
hours, and

• There has not been four or more nudges so far that day.
These nudges are sent as messages from the chatbot, which

we describe next. Our system is configurable such that the JIT
component can be active for a subset of users.

3.1.3 Chatbot Component. We use the Microsoft Teams chatbot8
as a platform to maximize success in delivering and interacting with

8https://docs.microsoft.com/en-us/microsoftteams/platform/bots/what-are-bots

EMAs, surveys, and intervention content because all of our users
regularly used Teams for work-related communication and had
Teams clients readily available on desktops and mobile phones.
We designed our chatbot, named Huey, to proactively initiate
conversations with the users, where it would remind users to
complete EMAs or surveys or to help them engage in stress-
reducing interventions. Most prompts are presented as Adaptive
Cards9, either with predefined response options (e.g., scales for
stress levels) or a button to open a task module dialog that hosted
web-based contents (e.g., videos, surveys). We implemented Huey
using Microsoft’s Bot Framework10.

Huey provides seamlessly integrated experiences for browsing
the intervention catalog or consuming the stress interventions
through Teams task modules (i.e., embedded web controls) so that
the users can achieve all tasks within the Teams app. Users can
browse the intervention catalog to drill into different intervention
types (Figure 1a), navigate to an intervention they like (Figure 1b),
and launch the intervention within the same dialog flow (Figure 1c).
If the users want to perform the intervention at a later time,
they can copy intervention metadata, which includes a link to
launch the intervention at any time (Figure 1d). This information
can be easily pasted into a calendar event and scheduled at a
time that works better for them (Figure 1e). When Huey nudges
users to perform an intervention, users can choose to perform the
intervention at that moment or to postpone it to a later time that
day (Figure 2a). When the users opt to perform interventions at that
moment, they can choose an intervention type they are interested
in performing (Figure 2b). Then Huey selects a random intervention
from that category that is used the least frequently. Or users can
opt to postpone the intervention and select a later time for Huey to
check back in (Figure 2c).

Just before the users perform their intervention, Huey asks
them to rate their momentary stress using a 5-level stress rating
(1=Not at all stressed; 3=Moderately stressed; 5=Extremely stressed;
Figure 3a). After performing the intervention, Huey asks users to

9https://adaptivecards.io/
10https://dev.botframework.com/

https://docs.microsoft.com/en-us/microsoftteams/platform/bots/what-are-bots
https://adaptivecards.io/
https://dev.botframework.com/
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a

b

c

Figure 2: When the system determines that an intervention is needed at the moment, Huey sends a nudge to users to perform
an intervention (a). When the users opt to perform interventions at that moment, they can choose an intervention type they are
interested in performing (b). Or they can opt to postpone the intervention and select a later time for Huey to check back in (c).

reflect on how the intervention went and to rate the intervention
(1=Very poor; 3=Acceptable; 5=Very good; Figure 3d,e). Finally,
Huey concludes the intervention by asking users to rate their
momentary stress and comments on the changes in stress levels
from before performing the intervention (Figure 3f,g). Figure 3
shows an example of this intervention consumption flow.

Huey supports three different intervention modalities: (1) A
video-based intervention provides a brief description of the content,
followed by a task module dialog that played the video (Figure 4a);
(2) A single-turn text prompt intervention provides a brief
instruction for the users to engage in an activity, followed by
a prompt to answer a reflective question (Figure 4b); (3) A
conversation-based intervention provides a dialog that guides users
through a series of prompts (Figure 4c).

3.2 Intervention Design
We designed interventions based on components of Cognitive
Behavioral Therapy (CBT) and Dialectical Behavioral Therapy
(DBT), two empirically supported front-line psychotherapy
modalities that are used to flexibly treat a wide range of mental
health and well-being concerns [9, 36]). We created all interventions
to take under fiveminutes, and theywere comprised of either a short
video, a single-turn text prompt, or a brief therapeutic conversation
with Huey. We then categorized the interventions depending on
the function served for users as well as approximate effort required.

• Get my mind off work (Low effort): ‘Get my mind off
work’ interventions are translations of the DBT pleasant
activities schedule, a list of positive activities that help
individuals regulate their emotions by becoming engaged
with something that elicits positive feelings [33]. Examples
include watching a short video of penguins playing in
Antarctica or listening to a favorite song. These interventions
are simple and likely similar to activities many individuals
do naturally throughout the day when attempting to take a
break at work. However, they steer clear of activities which
may feel pleasant in the moment but research shows may
lead to more distress in the long-term, such as scrolling on

social media or eating a high quantity of sugary food. These
interventions are intended to capture users’ attention with
low levels of user effort and investment, and are deployed
using the single-turn text prompt and video formats.

• Feel calm and present (Medium effort): ‘Feel calm
and present’ interventions draw inspiration from the
mindfulness practices taught in CBT and DBT, which help
individuals re-focus on the present moment in order to gain
perspective and increase control over their thoughts, feelings,
and behaviors. Examples include using the five senses to
notice and name components of the immediate environment
or writing a self-affirming statement ten times with one’s
non-dominant hand – an activity which takes a substantial
amount of focus and tends to bring individuals in states of
stress into the present moment. These interventions typically
require moderate levels of user effort but have significant
empirical support as stand-alone interventions capable of
decreasing stress [33]. They are deployed using the single-
turn text prompt and video formats.

• Think through my stress (High effort): ‘Think through
my stress’ interventions help users directly address and
problem solve stress-inducing components of their lives
using strategies from CBT and DBT, such as cognitive re-
framing, pros and cons lists, and reaching out to a friend or
co-worker for help with emotional processing or getting
productive [62]. These interventions require the highest
amount of user effort as they necessitate direct engagement
with stressful content. They are delivered via single-turn
text prompts and therapeutic conversations with Huey.

3.3 Study Design
We conducted a four-week, between-subjects user study, where our
participants engaged with our system through the Huey chatbot,
which delivered stress-reducing micro-intervention content and
facilitated different study requirements and protocols.
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Figure 3: An example dialog flow of how Huey facilitates intervention consumption. Huey first asks users to rate their current
stress level (a) before presenting the intervention content to the users (b). The intervention may ask the users to respond to
a prompt (c). After completing the intervention, Huey asks users to reflect on the intervention (d) and provide a rating (e).
Finally, Huey asks users to rate their stress level (f) and comments on the changes in stress levels (g).

3.3.1 Participants. We recruited information workers from a
large technology organization by sending email advertisements
about the study to a randomly sampled set of employees from
the organization’s employee database. Interested participants
completed a brief screener survey about their demographics
(e.g., age, gender, role) and work set up (e.g., primary device
specification and OS, web camera availability). Eligible participants,
whose primary device specification met our sensing software
requirements, were asked to install and run the study software
for 30 minutes to confirm system compatibility. We then enrolled
participants on a first-come, first-served basis. In total, we
enrolled 87 participants into the study. Participants were randomly
assigned to one of the two conditions while maintaining equal
gender distribution between the conditions, as prior work shows
women report higher overall workplace stress than men [22].
One participant dropped out and another participant switched
conditions during week one of the four-week observation period,
both due to unforeseen technical issues.

Of the final set of 86 participants who successfully completed
the study, 65.1% identified as male and 32.6% as female. 38.4% were
in the age range of 36-45 years old, 23.3% in 26-35 and 23.3% in
46-55 year old ranges. 54.7% worked in Engineering/Development
roles, 22.1% in Sales and Marketing roles, 8.1% in Operations and
Services roles, 5.8% in Business Development and Strategy roles,
and 4.7% in Administrative Assistant or Human Resources roles.
86.2% of the participants worked remotely from home.

Huey also supports special commands to allow accessing study-
related instructions (via “help”) or on-demand interventions (via
“hi”) at any time. Messaging “hi” to Huey would initiate dialogs for
browsing the intervention catalog and performing interventions
on demand. The timing of reminders for EMAs and surveys as well
as which dialog flows are available are configurable per user.

We were unable to capture webcam-based signals from 16
of 86 participants (eight in each condition) due to unforeseen
performance issues with the sensing software that interfered with
their daily work. However, our stress score component is robust to
missing data such that this was not an issue for the study.

3.3.2 Procedure. The study procedure included one week of on-
boarding, four weeks of observation of intervention usage and
engagement, and one week of off-boarding (Figure 5).

During the preparation week, participants were asked to install
the required sensing software and the chatbot and to complete an
intake survey. The intake survey asked for the participant’s local
time zone and their typical start and end times of the work day,
which were used to configure the system’s interaction with the
participants. The intake survey included the Depression, Anxiety,
and Stress Scale 21 (DASS-21), a 21-item self-report questionnaire
designed to assess for clinical levels of depression, anxiety, and
stress [35], and the Emotional Regulation Questionnaire (ERQ), a 10-
item scale designed to measure respondents’ tendency to regulate
their emotions through cognitive reappraisal and expressive
suppression [19]. We asked participants to report their current



CHI ’22, April 29-May 5, 2022, New Orleans, LA, USA Howe and Suh, et al.

ca b

Figure 4: Huey supports three interventionmodalities: (a) A video-based intervention provides a brief description of the content,
followed by a task module dialog that played the video; (b) A single-turn text prompt intervention provides a brief instruction
for the users to engage in an activity, with an open-ended prompt to answer a reflective question; (c) A conversation-based
intervention provided a dialog that guides engage through a series of prompts.

stage of behavior change to reduce stress at work from four
stages of behavior change (Stage 1: Pre-contemplation, Stage 2:
Contemplation, Stage 3: Taking action, Stage 4: Maintenance)
adapted from the Transtheoretical Model [46] The intake survey
also included questions for personality style, stressful life events,
emotional resilience, and self-care style.

During the four-week observation period, participants were
asked to interact with Huey to engage in stress-reducing
interventions, where we configured the intervention system to
enable features specific to their assigned conditions:

• Pre-scheduled Engagement (PS): In this condition,
participants were asked to plan their interventions in
advance. On Fridays prior to each study week, Huey
asked participants to browse the catalog of stress-reducing
interventions, choose specific interventions they would
like to try, and schedule at least one intervention for the
upcoming week into their work calendar (Figure 1). From the
intervention catalog, participants could copy intervention-
specific information into their calendars with a link to launch
the intervention. These participants leveraged the calendar’s
built-in reminder functionality for the interventions. On
Mondays of each study week, Huey reminded participants
to review their scheduled interventions and to adjust them
appropriately. When the scheduled time arrived, participants
clicked on the link in the calendar event to engage with Huey
to carry out the intervention. Participants in this condition
could also access the intervention catalog on demand, where
they could launch a selected intervention at that moment or
copy intervention-specific information into their calendar.

• Just-in-time Engagement (JIT): In this condition,
participants were asked to engagewith an intervention based
on our system’s JIT component (Section 3.1.2). When our JIT

component determined that a stress-reducing intervention
is needed and appropriate for the participant, Huey sent a
message to the participant, presenting an option to perform
the intervention at that moment or to postpone it to a later
time that day (Figure 2). When the participants opted to
perform interventions at that moment, Huey asked them
to choose between one of three intervention categories
we described in Section 3.2. Once a category was selected,
Huey chose a random intervention from that category that
was used the least frequently. Participants then engaged
with Huey to carry out the intervention. As in the PS
condition, participants in the JIT condition could also access
interventions on demand, where they could perform the
intervention at that moment or schedule it to a later time
that day.

Based on each participant’s reported work hours, Huey asked
participants to complete five EMAs per day during the weekday,
roughly equally spaced apart to be on the hour or half-hour (e.g., at
9 AM, 11 AM, 12:30 PM, 2:30 PM, and 4 PM if work hours span 9 AM
to 5PM), and to complete two optional EMAs during the weekends
(e.g., at 11 AM and 3 PM). Each EMA consisted of two parts. The first
part was required for the study and asked participants to rate their
stress level during the past 30 minutes using the same 5-level stress
rating. The second part included questions about work demands,
available resources, arousal, valence, food consumption, and social
interactions. EMA questions can be found in the Supplementary
Information. Participants were also asked to complete morning
surveys 15 minutes before the start of each work day, evening
surveys 15 minutes before the end of each work day, and weekly
surveys during the afternoon on Fridays. The morning survey
included questions from the Census Sleep Diary [10], and the
evening survey captured food and beverage intake throughout
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Figure 5: Our study procedure included on-boarding with
software install and intake survey, four weeks of observation
of intervention usage, surveys, and EMAs, and off-boarding
with software uninstall and exit survey.

the day. On Fridays of the first three weeks, participants were asked
to complete weekly surveys which included questions from the
DASS-21 and the stages of behavior change.

After the four-week observation period, participants were asked
to complete an exit survey that included scales for DASS-21,
stressful life events, emotional resilience, and the stages of behavior
change. The exit survey presented 8 questions probing the usability
of the assigned conditions including ease of use, satisfaction,
and frustration. The exit survey also included condition-specific
and open-ended questions probing their preferences for engaging
with the interventions, appropriate timing of interventions, and
how participants compared accessing interventions on-demand, to
scheduling interventions in advance, or to being nudged to do an
intervention by a system. It also solicited comments about the
intervention content, what factors motivated them to perform
the interventions, and any perceived helpfulness or impact of
the interventions on stress reduction. These questions were the
identical for both conditions. Exit survey questions can be found in
the Supplementary Information.

Each participant was compensated with a $400 Amazon gift card
for their participation and data. Our study was approved by the
Microsoft Research Institutional Review Board (IRB).

3.4 Data Processing & Analysis
We combined data from the system usage logs and survey
responses to understand engagement patterns, intervention usage,
and outcomes. We leveraged the system usage logs for our
analysis of intervention usage. Each intervention use instance was
associated with one of three intervention categories (Section 3.2),
whether or not it was used on-demand, timestamps of when
it was started and completed, stress levels immediately before
and after the intervention use, user ratings, and any free-form
comments the participants wanted to provide. We extracted 1651
unique intervention attempts during our study. 28.9% (477/1651)
of those were started but never completed. 96.5% (1133/1174) of
the completed interventions were followed by user ratings, and
92.4% (1085/1174) of the completed interventions had both pre-
intervention and post-intervention stress levels. We collected 6685
stress levels from EMAs, 1174 from pre-intervention use, and 1085
from post-intervention use, for a total of 8944 stress levels. We
had both intake and exit DASS-21 measures for each of the 86
participants and 217 DASS-21 measures from weekly surveys, for
a total of 389 DASS-21 measures. We computed momentary stress

reduction by subtracting the pre-intervention stress levels from the
post-intervention stress levels and study-long stress reduction by
subtracting the DASS-21 stress sub-scale responses from the intake
surveys from that of the exit surveys, where positive values indicate
higher stress reduction. We aggregated the intervention usage and
stress level data for each participant for analysis. We mapped the
participants’ reported stages of behavior change to numerical values
based on their reported stage (Stage 1: Pre-contemplation, Stage
2: Contemplation, Stage 3: Taking action, Stage 4: Maintenance)
and examined the change in the stages of behavior change between
the study start and end. Additional data we collected from surveys
around depression/anxiety, personality, life events, resilience, sleep,
food and beverage intake, etc. and from the sensing software are
out of the scope of analysis for this paper due to lack of time for
the analysis.

For comparing the means of the two conditions (JIT vs. Pre-
scheduled), we used the Welch Two Sample t-test. Wherever
applicable, we used Benjamini-Hochberg procedure [2] on the t-
test results to correct for multiple comparisons. For comparing
differences within participants, we used paired t-tests. We used
one-way analysis of variance (ANOVA) tests to examine differences
in outcome variables (e.g., stress reduction) with multi-level factors
(e.g., intervention categories). When we found significant results,
we then investigated pairwise differences, employing Tukey’s HSD
procedure to correct for the increased risk of Type I error due to
unplanned comparisons. We used linear mixed-effects models to
investigate the relationship between per-participant characteristics
and outcome variables, again investigating any pairwise differences
using Tukey’s HSD procedure to adjust for repeated testing. When
we included gender as a variable, we included the subset of
participants (N=84) who identified themselves as male or female,
due to the small sample size of other gender identity categories
(N=2). For correlation analyses, we used Pearson’s correlation.
We used Python and R for processing the data and for statistical
analyses.

Two researchers qualitatively coded the open-ended survey
responses using inductive thematic analysis [6]. We identified
several topics of interest (e.g., the timing and frequency of
engagement with the bot, motivating factors, preferences for
engagement and interventions, desired functionalities), categorized
participant responses into themes within each topic, and quantified
their occurrence.

4 FINDINGS
We first describe the temporal trajectory of participants’ self-
reported stress throughout the study to contextualize the overall
impact of the study (Section 4.1). Then we organize our findings
according to our research questions. We first address RQ1,
presenting the impact of the two engagement timing conditions on
the overall intervention usage, momentary and study-long stress
reduction, and user ratings (Section 4.2). We also include the impact
of on-demand intervention usage. We then address RQ2 and present
the impact of the three intervention types on usage, stress reduction,
and ratings (Section 4.3). Finally, we address RQ3 and summarize
participants’ feedback on overall system usability, engagement
timing, and interventions (Section 4.4).
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(b) Daily momentary stress level
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Figure 6: Self-reported stress levels throughout the study. (a) shows average DASS-21 stress subscale from intake, weekly, and
exit surveys. DASS-21 stress scores of 0-14 indicates ‘Normal’ stress range. (b) shows average momentary stress levels per day
from EMAs and pre-/post-intervention uses. Vertical grey bands denote weekends to highlight daily patterns on momentary
stress levels. (c) shows average momentary stress levels across all pre-intervention uses (Pre), post-intervention uses (Post), and
EMAs. All error bands and bars indicate 95% confidence intervals.

4.1 Stress over Time
Study-long stress. Overall, the present sample did not experience
extreme levels of stress or statistically significant changes in stress
levels from study start to study finish. Average participant stress at
study start was within a non-clinical range (i.e., within normal
limits; 𝑥=9.47, 𝜎=6.96 at study start) and remained within this
range throughout the study with little variation (Figure 6a), as
measured by the stress sub-scale of DASS-21 [35]. Stress levels at
study start and stress levels at study end (𝑥=10.42, 𝜎=7.23) indicated
no statistically significant study-long change in stress levels.

Short-term stress. Momentary stress levels, as assessed via
EMAs and pre-/post-intervention stress levels, were relatively stable
throughout the course of the study as well. Participants reported
an average of 104 momentary stress levels over the course of the
four-week observation (𝑥=4.19, 𝜎=2.39 per day per participant).
Average momentary stress level was 1.87 (𝜎=0.91), between ‘1=Not
at all stressed’ and ‘2=Slightly stressed,’ with minimal variation
over the course of the study. We also saw lower stress levels during
the weekends (Figure 6b). Average EMA stress level was generally
below pre-intervention and above post-intervention stress levels
(Figure 6c).

Pre-/post-intervention stress. Pre-intervention (𝑥=2.16,
𝜎=0.95) and post-intervention (𝑥=1.82, 𝜎=0.87) stress levels indicate
that interventions resulted in a statistically significant momentary
decrease in stress levels (t(1084)=18.113, p≪0.001).

4.2 RQ1: Engagement Timing Impact
Quantity of interventions used. Participants completed an
average of 13.65 interventions over the four-week study (𝑥=10.39,
min=2, max=55). We found a statistically significant difference in
number of interventions completed between the two conditions;
JIT participants completed significantly more interventions than

PS participants (19.74 vs. 7.56 per participant, t(63.633)=-6.696,
p≪0.001), but this is likely due to the study design, wherein JIT
participants were prompted throughout the day.

Stress reduction. Despite differences in completed usage of
interventions, we found no statistically significant difference in
both momentary and study-long stress reduction between the
two conditions. We also found no correlation between the total
number of completed interventions and study-long stress reduction
(Pearson r=-0.06).

User ratings. Participants had a generally positive reaction
to the interventions, giving them an average rating of 3.65,
between ‘3=Acceptable’ and ‘4=Good’ (𝜎=0.98). We found that
JIT participants rated interventions significantly lower than PS
participants by about 0.256 points (𝜒2(1)=5.962, p<0.05).

Behavior change stage. At the beginning of the study,
48.8% of participants were in ‘Stage 3: Taking action’ stage of
behavior change, with 32.6% in ‘Stage 2: Contemplation’, 15.1%
in ‘Stage 4: Maintenance’, and 3.5% in ‘Stage 1: Pre-contemplation’
stages. Controlling for behavior change stage at study start, we
found statistically significant difference in advancement through
the behavior change stages between conditions: PS participants
reported significantly more advancement through the behavior
change stages compared to JIT participants (F (1)=6.834, p<0.05)
and no statistically significant interaction effect between the intake
stage and condition.

On-demand usage. Although users could access on-demand
interventions in both conditions, PS participants completed
statistically significantly more on-demand interventions compared
to JIT participants (2.63 vs. 0.02; t(42.125)=7.552, p≪0.001). On
average, PS participants completed interventions on-demand 38.2%
of the time (𝜎=0.33). 46.5% of PS participants completed on-demand
50% of the time or more. For PS participants, interventions used on
demand reduced statistically significantly more stress than those
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used at pre-scheduled times (𝜒2(1)=10.587, p<0.01) by about 0.23
points. Again, this could have been an artifact of the study design,
as PS participants might have wanted interventions at different
times than for which they had scheduled them. According to their
pre-intervention stress levels, we found that PS participants used
on-demand interventions when they were slightly more stressed
than at pre-scheduled times (2.23 vs 2.06), but the effects were
not statistically significant (t(229.81)=-1.862, p=0.064). We found
no statistically significant difference in subjective ratings between
interventions used on-demand versus those used at pre-scheduled
times.

4.3 RQ2: Intervention Type Impact
In both PS and JIT conditions, participants were able to choose from
the three intervention types whenever completing an intervention.

Quantity of interventions used by type. On average,
participants selected ‘Get my mind off work’ interventions 36.8%
(𝜎=0.254) of the time and completed 71.6% of those selected.
They selected ‘Feel calm and present’ 45.5% (𝜎=0.251) of the
time and completed 72.7% of those selected, and selected ‘Think
through my stress’ 17.7% (𝜎=0.201) of the time and completed
100% of those selected. JIT participants completed statistically
significantly more ‘Feel calm and present’ interventions (t(82.631)=-
2.978, p<0.01) and statistically significantly fewer ‘Get my mind
off work’ interventions (t(80.364)=-2.073, p<0.05) compared to
PS participants. There were no statistically significant usage
differences between JIT and PS for the ‘Think through my stress’
intervention type. We modeled the impact of baseline DASS-21
stress, emotion regulation strategies, behavior change stage, age,
and gender on the completion rate per intervention type and found
the baseline DASS-21 stress to have a statistically significant effect
on the completion rate of ‘Feel calm and present’ interventions
(F (1)=5.630, p<0.05). We found no other statistically significant
effects.

Stress reduction by type. When we examined the impact
of the completion rate per intervention type on study-long
stress reduction, we found that a higher rate of completed uses
of ‘Get my mind off work’ among all completed uses had a
statistically significant improvement on study-long stress reduction
(F (1,83)=6.055, p<0.05). Of the 1085 completed intervention uses
with pre- and post-intervention stress levels, ‘Think through
my stress’ reduced momentary stress by 0.41 points on average
(𝜎=0.61), ‘Get my mind off work’ reduced momentary stress by
0.32 points on average (𝜎=0.55), and ‘Feel calm and present’
reduced momentary stress by 0.26 points on average (𝜎=0.53;
Figure 7a). Intervention type had a statistically significant effect
on momentary stress reduction (𝜒2(1)=9.77, p<0.01). Pairwise
comparisons of intervention type revealed that ‘Get my mind off
work’ interventions reduced momentary stress more than ‘Feel
calm and present’ interventions, and ‘Think through my stress’
interventions reduced momentary stress more than ‘Feel calm and
present’–both to a statistically significant extent. There was no
statistically significant difference in momentary stress reduction
between ‘Think through my stress’ and ‘Get my mind off work.’
We found similar results when controlling for condition (JIT/PS),

0.0 0.2 0.4
Momentary Stress Reduction

Get my mind off work
Feel calm and present

Think through my stress

(a) Momentary stress level across intervention types

1 2 3 4 5
User Rating

Get my mind off work
Feel calm and present

Think through my stress

(b) User rating across intervention types

Figure 7: Average momentary stress reduction (a) and
user rating (b) across three intervention types. Positive
stress reduction indicates that stress is reduced after
intervention use on a 5-point scale (1=Not at all stressed;
3=Moderately stressed; 5=Extremely stressed). Higher user
rating on a 5-point scale (1=Very poor; 3=Acceptable; 5=Very
good) indicates that the user liked the intervention after
intervention use. The error bars indicate 95% confidence
intervals across all intervention uses.

baseline stress, emotion regulation style, behavior change stage,
gender, and age.

User ratings by type. On average, participants’ subjective
ratings of the interventions were 3.67, between ‘3=Acceptable’
and ‘4=Good,’ for ‘Get my mind off work’ (𝜎=1.02), 3.67 for
‘Feel calm and present’ (𝜎=0.96), and 3.52 for ‘Think through my
stress’ (𝜎=0.96; Figure 7b). Intervention category had a statistically
significant effect on user rating (𝜒2(1)=7.44, p<0.05), such that ‘Get
your mind off stress’ interventions were rated significantly higher
than ‘Think through my stress’ interventions.

4.4 RQ3: User Feedback on Intervention Timing
and Types

Pre-scheduled participant feedback. PS participants (N=43) used
a variety of factors for determining when they would choose to
place interventions on their calendars. Some participants chose
beginning of the day or end of the day (N=24), and several chose
to space them throughout the week (N=7). Many looked for free
spots on their calendar (N=13), after several back-to-back meetings
when they knew they would be stressed, or afternoons when they
knew they would be tired.

PS participants liked that having interventions on the calendar
held them accountable (N=13): “I didn’t forget because it was on
the calendar”; “it calmed me seeing it was there.” There was a
subgroup (N=13) that especially liked to plan interventions out
or make them recur, while others specifically mentioned their
ease of use (N=5), that they could use them on demand if they
needed to (N=3), and that they liked having breaks in the calendar
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to learn something new (N=6). Although some users complained
that the chatbot did not schedule interventions automatically for
them based on their availability, others noted that free times were
not necessarily indicative of stressful moments, meaning a chatbot
might not pick the best time based on a simple free time algorithm.

While 11 out of 43 PS participants told us that they liked pre-
scheduled and on-demand interventions equally, 30 participants
stated a strong preference for on-demand interventions because
they were easy to access and perform when they were stressed
(in the moment) and because it was too hard to predict when they
would be stressed in the future. Though on-demand interventions
were easy to access, it was noted that it was hard to remember to
do them. 33 participants said that they wanted automatic “nudging”
by the bot based on their stress levels.

JIT participant feedback. JIT participants (N=43) thought
that the JIT interventions were a good reminder to take time out
of their day, especially when stressed (N=30). They thought that
the interventions were convenient and helpful (N=17). In terms
of improvements to the design of the system, JIT participants
raised timing and frequency issues: nudges were too frequent and
disruptive of focus (they thought that the system should make them
easier to ignore). Although they wanted automatic detection and
interventions based on stress levels and an overly crowded calendar,
they suggested intelligent timing based on their availability and
task context. Many JIT participants liked the agency to perform
the interventions when they wanted or needed to by using the on-
demand feature, which ended up being less disruptive to workflow
and kept the users in control (N=18).

System feedback. On a 5-point agreement scale (1=Strongly
disagree; 5=Strongly agree), participants in both conditions agreed
that the intervention system they used during the study made
it easier to engage in interventions compared to before the
study (𝑥=4.07, 𝜎=0.98), that the system was easy to use (𝑥=4.03,
𝜎=1.13), that they found themselves engaging in more interventions
compared to before the study (𝑥=3.88, 𝜎=1.12), and that the system
met their requirements for engaging in interventions (𝑥=3.76,
𝜎=1.09). Participants in both conditions also agreed that, if given
the opportunity, they would continue to use the system (𝑥=3.38,
𝜎=1.20), but this had the lowest agreement scale among positive
usability statements. Participants disagreed that using the system
was a frustrating experience (𝑥=2.37, 𝜎=1.18). JIT participants
found that their condition-specific system to be easier to use
than PS participants with statistic significance (4.28 vs. 3.79,
p<0.05). We found the differences between conditions to be not
statistically significant in all other usability ratings. Condition-
specific agreement ratings are illustrated in Figure 8.

Intervention type feedback. Generally, participants had the
most positive reaction to ’Feel calm and present’ and ’Get my mind
off work’ interventions. Across all participants, 30 participants felt
that ‘Feel calm and present’ interventions were most helpful and 26
felt that ‘Get my mind off work’ interventions were most helpful
in immediate stress reduction; only 4 participants felt that ‘Think
through my stress’ interventions were helpful in immediate stress
reduction. 16 and 12 participants felt that ‘Feel calm and present’
and ‘Get my mind off work’ interventions had the biggest impact
on long-term stress reduction, respectively, and only 9 participants

felt that ‘Think through my stress’ interventions had the biggest
impact on long-term stress reduction.

Some participant reactions to specific intervention content
were polarized, according to participant open-response feedback:
one participant perceived ‘Think through my stress’ to be “most
helpful in channeling [their] energy in a new direction” while
another thought that interventions that required introspection,
such as those in the ’Think through my stress’ category, to be least
helpful because “then [they were] stressed about what [they were]
writing.”; one participants perceived watching videos of nature
or an interesting place were “good for getting mind off current
activities of the day that were the contributors to stress” while
another thought “the ones which required that [they] sit at [their]
computer to watch a video” to be least helpful.

Participants indicated an interest in accessing a wide variety of
interventions, expressing an overall preference for interventions
that varied in their physical environment (e.g., being physically
away from the desk vs. doing interventions at the desk), in the level
of focus on stress (e.g., think about stress vs. take mind off stress),
in the social interactions (e.g., involved other people vs. alone), in
familiarity (e.g., surprising and new vs. known and expected), and in
effectiveness (e.g., interventions that I benefited from). Participants
overwhelmingly wanted intervention content that was simple, easy
to do, and required low effort or burden.

5 DISCUSSION
In the four-week, between-subjects study presented herein, we
examined the impact of digital micro-intervention delivery timing
and content type on usage patterns and stress reduction throughout
the workday for N=86 information workers. Through testing
two delivery timing conditions (PS and JIT) and three categories
of intervention content type, we showed that digital micro-
interventions were effective at reducing momentary stress (stress
change from pre- to post-intervention), regardless of intervention
engagement timing and content type. Although delivery timing
did not have a statistically significant impact on momentary
or study-long stress reduction, we did observe noteworthy
differences between user perceptions of delivery timing conditions:
JIT intervention engagement was perceived as easy to do and
motivating, while PS intervention engagement was perceived
as nicely customizable to user work schedules. We also found
that PS intervention engagement was associated with statistically
greater advancement through the stages of behavior change (i.e.,
advancement towards long-term integration of stress-reduction
behaviors into every day life). Lastly, we found that while low-
effort, positive distraction interventions were perceived to be more
helpful, high-effort, problem-solving interventions were indeed
more effective. Understood alongside our qualitative findings,
which suggested user preferences for engagement timing and
content type are versatile and wide ranging both between people
and within individuals over time, we propose stress reduction
intervention systems should support both PS and JIT intervention
use, and offer a wide variety of content type.
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Figure 8: Average agreement on eight statements about the system usability across Pre-scheduled (PS) condition in blue and
Just-in-time (JIT) condition in orange. Agreement was measured using a 5-point scale (1=Strongly disagree; 5=Strongly agree).
The error bars indicate 95% confidence intervals across participants. * indicates that there is a statistically significant difference
between the two conditions.

5.1 Design Considerations and Research Needs
for Workplace Intervention Systems

Extrapolating from our quantitative and qualitative findings, we
offer key design suggestions and opportunities for workplace stress-
reduction intervention systems.

5.1.1 Integrate digital micro-interventions into the workplace. The
present study revealed that using digital micro-interventions
throughout the workday reduces momentary stress, and that this
effect is present across variation in delivery timing (JIT, PS and
on-demand) and content type (low- to high-effort). Digital micro-
intervention systems will continue to be optimized for the greatest
stress-reduction impact, but even without such refinement, simply
having easy access to such interventions may empower employees
to reduce their stress levels within a matter of minutes. Further,
digital micro-interventions were shown to reduce workplace stress
when used as stand-alone individual-level interventions, i.e., as
secondary strategies aimed at targeting the individual to reduce
stress, without employing primary strategies at the organizational
level aimed at eliminating the stressors themselves [13, 49, 50, 55].
Based on these finding, we propose that workplaces provide
digital micro-intervention access to their employees as a first-line
secondary strategy for reducing employee stress when employers
cannot engage with primary strategies or as short-term harm
reduction when primary strategies, such as changing fundamental
components of an organizational structure, take months or even
years to enact. Future research should compare the effectiveness of
digital micro-interventions to other secondary strategies, such as
longer breaks during the workday. Future research should also
investigate whether certain primary strategies, such as overall
workload reduction, could multiply the stress-reducing effects of
digital micro-interventions and whether digital micro-intervention
access could be used as a tertiary strategy for helping employees
recover from stress-related mental and physical health issues.

5.1.2 Provide a personalized balance between automation and
agency. Our findings suggest that digital micro-intervention
systems should offer users multiple levels of control over the
timing and content of interventions, from low-control/high-
automation options to high-control/low-automation. The majority
of participants across both conditions preferred having intervention
timing determined by the automated stress detection system (JIT)
for ease of use – an opinion based either on lived experience from
being assigned to the JIT condition, or on reading a description
of the JIT condition after having completed the study in the PS
condition. Yet participants also requested concurrent access to
interventions on-demand, the ability to pre-schedule interventions
at their discretion, and the ability to “snooze” the entire system. Our
findings also revealed that the JIT system tested was not sufficiently
intelligent for some users due to issues like receiving intervention
nudges while busy. Further, participants in the PS condition
reported more advancement through the stages of behavior change
over the course of the study, compared to those in the JIT condition,
with the majority of participants who advanced shifting from Stage
2: Contemplation to Stage 3: Taking action. In other words, our
results suggest that, despite JIT being the preferred condition,
participating in the PS condition may have shifted users’ self-
perceptions towards being individuals capable of taking action,
while participating in the JIT condition did not change users’ self-
perceptions. Overall, despite user preferences for JIT interventions
and promises of intelligent adaptability and personalization of JITAI
systems [42, 52, 57], there were benefits to user-initiated on-demand
and pre-scheduled options, especially while JIT system metrics are
undergoing refinement. Future research should systematically test
various ratios of system automation versus user control and seek
to establish whether (a) user-initiated intervention engagement
promotes greater advancement through behavior change stages
than future iterations of JIT systems with more sophisticated timing
algorithms, and (b) which type of intervention engagement – user-
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versus system-initiated – is the bestmatch for each stage of behavior
change [46].

Our study also revealed a parallel user interest in system-selected
content. Specifically, participants wanted to be provided with the
“right” intervention for the given moment, i.e., an intervention
they would like and that would address their momentary needs.
Participants also indicated an interest in accessing a wide variety
of interventions, suggesting that novelty in-and-of-itself may be
an important component of user engagement and, secondarily,
intervention impact. Systems delivering digital micro-interventions
should have the ability to intelligently select interventions for
users depending on their momentary needs, including the need for
novelty. Future research should test the frequency with which new
content should be introduced and implement a content-renewal
system at an optimal frequency. These features will likely lead to
more sustained user engagement and stress reduction over time.

5.1.3 Promote self-experimentation on intervention content
that compares effectiveness and effort. Although incorporating
individual preferences has been shown to improve the engagement
and outcomes of stress interventions [14, 28, 45, 54], our findings
suggest that users may not always be aware of which content
helps reduce their stress the most. In our study, the highest-effort
interventions we tested (‘Think through my stress’, i.e. problem
solving) had the largest stress reducing effect over the course of the
full study, across conditions and baseline characteristics. However,
these interventions were selected significantly less frequently than
‘Feel calm and present’ interventions and were rated significantly
lower than ’Get my mind off work’ interventions. Future systems
should offer users feedback and the opportunity to reflect on their
past experiences of stress reduction and content ratings, as this
may prompt different and potentially more effective choices when
selecting intervention content. For example, users could benefit
from a dashboard that summarizes recent trends in self-reported
and passively-sensed stress levels, as well as intervention use,
impact, and rating history. By exploring past behavior, users could
learn about themselves, prompting them to make more informed
decisions when choosing interventions in the future.

5.1.4 Solicit user feedback to adapt intervention timing and content.
Just as the system providing feedback to users may facilitate their
change and growth, users providing feedback to the system can help
the system improve. Participant feedback in our study indicated
that users are eager to provide suggestions and believe it will
improve their user experience. Given the wide range of participant
preferences for timing and content and overwhelming need for
personalization, this hypothesis is likely correct. Offering users
intervention timing and frequency that is “just right” and providing
users with personalized content for each user/context pairing will
require quite sophisticated system intelligence. Opportunities for
the user to train the algorithms to perform optimally will also be
necessary. For example, with the help of the aforementioned user
dashboard that summarizes trends in stress levels and intervention
behavior, users could review their recent activity to identify patterns
the systemmay not otherwise detect. Future research should design
and test dynamic assessment and integration of user preferences
into sensing and intervention delivery systems.

5.2 Limitations
The present study and associated findings have some important
limitations.

Our sample presented with low levels of stress at the beginning
of the study. Users of all stress levels can benefit from stress
reduction interventions, but interventions are likely to be most
effective and beneficial for individuals and organizations when
used by individuals with moderate to high stress. As such,
interventions should be designed for and tested on a higher stress
sample. Additionally, the relative homogeneity of the sample
(all information workers, majority engineers and majority male-
identifying) limits the generalizability of our findings.

Both JIT and PS participants had access to interventions on-
demand, complicating comparisons between the two conditions.
Further, PS participants selected their intervention content days in
advance, while JIT participants selected content only a moment in
advance. Future studies should be designed to clearly separate out
the effects of JIT, PS, on-demand, and the duration between content
selection and completion. While intervention content was inspired
by evidence-based stress reduction strategies and similar to digital
micro-interventions tested elsewhere, the particular content had
not been tested prior to the present study. Future work should test
intervention content and delivery timing separately.

The stress metric employed for the JIT condition was not refined
prior to study implementation, and therefore may have prompted
interventions at inopportune times. For example, although the stress
metric incorporated the number of calendar events per day, it was
not capable of distinguishing between work-related and personal
events. As personal events could have included self-care activities
with stress reducing impacts, the assumption that a greater number
of calendar events per day was associated with greater stress
may not have been fully accurate. Additional system limitations
included: (1) PS participants were required to manually schedule
interventions for themselves without the assistance of a calendar
integration; and (2) eight participants had to turn off their cameras
due to heavy system load, which constrained the stress metric
employed for JIT participants.

5.3 Privacy and Ethics
User privacy is a major concern with any application that tracks
user behavior. Privacy in the context of work related stress is even
more sensitive, since, in a toxic work environment, work stress
related concerns can be stigmatized [16]. Hence, privacy regarding
tracking stress related data is very sensitive, and it must be well
regulated within respective organizations. Note that for inferring
stress, we used high level activity data from each participant
(e.g., total number of emails in a given window, total number of
minutes in meetings, etc.). Such data pose relatively few privacy
challenges. Irrespective of the granularity of such data, strong
regulations need to be established regarding this data collection. In
addition, ethical decisions about when to intervene, the granularity
of intervention (e.g., individual level, community level, etc.) and
how such interventions align with the individual preferences for
receiving interventions needs to be well thought out through user
centered design and ethical review boards within our respective
communities. We intend to embrace all of these challenges in our
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efforts to confront workday stress and all of its adverse side effects
for information workers.

6 FUTUREWORK AND CONCLUSION
Reducing workplace stress is of critical importance for
employees and employers alike. To gather and formulate
design recommendations for the development of workplace
stress reduction intervention systems, we conducted a four-week
longitudinal study testing the delivery timing and content type of
digital micro-interventions in a sample of information workers
at a large technology company. Our findings showed that digital
micro-interventions are effective at reducing short-term workplace
stress, suggesting that these interventions should be integrated
into workplaces now for immediate, positive impact. Further, our
findings suggested that personalization of delivery timing, content
type, and balance between user and system control may improve
user engagement and stress reduction outcomes. Our findings
reveal that people can benefit from experiences that help them
understand the effects of interventions on their stress levels and,
in doing so, bridge differences between perceived and objective
effectiveness. Finally, as noted earlier, despite the large number
of academic and industry efforts in this area, significant room for
improvement exists. Our study provides one step towards bridging
previous work in academia and industry, addressing issues of
adherence, empirical testing and intervention tailoring. Future
work should strive to further develop tools for personalization,
tools for users to reflect on and guide future intervention usage,
and opportunities for users to offer continual feedback for ongoing
system improvement.
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