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INTRODUCTION

Over the past decade, research in HCI and CSCW has explored using computational tools to manage
workplace stress and well-being. This research agenda, framed as the Quantified Workplace [88], is
timely—burnout is on the rise, especially among healthcare workers, who as a labor force have been
particularly taxed by the demands of the COVID-19 pandemic [19, 30, 87]. Burnout is an attractive
target for computer-supported measurement and intervention: since work-related stress is by
definition the root cause of burnout, managers equipped with knowledge of when their workers
are nearing burnout can act to ameliorate it by creating more supportive workplace structures.
Such knowledge is also made newly possible by the growing fields of ubiquitous computing and
mobile health sensing, coined as personal sensing, in which researchers have developed techniques
for measuring behaviors associated with workplace stress via novel data streams from technologies
like smartphones, wearables, and personal computers [15, 47, 73]. While research is still exploring
the validity and technical feasibility of these measurement techniques, their proliferation raises
a range of sociotechnical questions around how these systems might be used to improve worker
well-being in practice. For example, what data best represents workers’ well-being and burnout,
and how can that data be visualized and communicated? Who should be held accountable for the
management of this data and consequently, workers’ mental health? How can these programs be
built to ensure workers’ best interests are served?
In this study, we examine these questions through a design provocation set in one particularly
stressful workplace: a U.S. physician residency program. Developed historically as a form of
apprenticeship, a residency can be a grueling experience, requiring doctors-in-training to work long,
unpredictable, and taxing shifts during which they can face many life-or-death decisions. Resident
physicians (“residents”) are a vital labor force within the hospital, rotating quickly through different
clinical settings and working with many different supervising attending physicians (“attendings”).
At the same time, residents are students within a postgraduate educational program, in which
senior doctors simultaneously train them and evaluate their suitability for a career in medicine.
Stressors during a residency often seriously affect residents’ own health and well-being: in some
programs, residents may work on shifts requiring them to stay awake seeing patients for upwards
of 24 hours at a time [8]. The cumulative stress and physical toll of residency may contribute to
residents experiencing depression at twice the rate (25-33%) [49] of other young adults (8-15%) [29].
Faced with long-brewing challenges around residents’ stress and rising burnout throughout the
medical profession, the Accreditation Council for Graduate Medical Education (ACGME), which
governs American residency programs, issued in 2017 a new mandate adding attention to wellbeing as a core program requirement. In this, ACGME places responsibility on programs to not
only train residents on well-being self-management, but also to create structural supports, e.g.
managing work hours and intensity, attending to workplace safety, and identifying and ameliorating
burnout [4]. The mandate represents a major shift in the relationship between residents and their
residencies, which was previously understood to be one of teaching and supervision. Residents’
direct supervisors trained them day-to-day and ensured their patients received high-quality care,
and residency program directors ensured residents had a quality educational experience. But neither
party was responsible for residents’ health, as this was viewed as a conflict of interest—e.g., residents
experiencing mental health difficulties were to seek treatment elsewhere.
With this mandate, ACGME created a new type of relation, one that strains traditional boundaries
in workplace supervision and educational mentorship—but remains distinct from the treatment
relationship between a patient and their doctor. This new relation begs the question: What are
the responsibilities of a supervisor to their workers’ well-being, particularly in mixed educational
and supervisory contexts like residencies? ACGME’s mandate stops short of offering programs
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specific implementation guidance, opening the door for residency programs to experiment with
novel methods for enshrining this new relation in curriculum, practice, and evaluation.
We therefore studied how personal sensing technologies might be integrated into a workplace
well-being program for resident physicians, as an exploratory step towards how Quantified Workplace ideas might be used to realize these new relations. This paper reports a qualitative design
study with a psychiatry residency program at an urban hospital system in New York City. Through
formative interviews with 11 residents, followed by design provocation sessions with 5 residents and
5 supervising attendings, we sought to examine how well-being management driven by personal
data might be enacted in this setting. Drawing inspiration from literature in HCI and CSCW on
design probes and speculative data work [10, 31], we presented participants with a medium-fidelity
mockup of a dashboard depicting (a) real-time behavioral data on residents’ sleep, activity and
productivity; (b) self-reported data on residents’ levels of burnout; and (c) free text boxes where
residents could contextualize or comment on their own well-being. We used semi-structured interviewing to elicit participants’ reactions to the provocation and two potential scenarios for its use:
(1) a self-reflection tool for residents, and (2) a data sharing tool giving residents’ supervisors and
program directors a data-driven perspective on their well-being.
Our findings illuminate the design space around the use of personal sensing for workplace wellbeing (summarized in Table 2). Residents were less interested in using the tool for self-reflection,
but saw potential in the data sharing use case as a way to encourage their programs to manage their
well-being. Across both use cases, participants described tensions around how resident well-being
can and should be measured (Section 4.1), the need for supervisors to be held accountable to act on
well-being data (Section 4.2), and how the introduction of such tools might remake the boundaries of
appropriate information flows between residents and their programs (Section 4.3). We conclude by
charting future work confronting these tensions (Section 5), to ensure personal sensing is leveraged
to truly improve well-being in high-stress workplaces.
2

RELATED WORK

Our work lies at the intersection of three lines of inquiry: worker health monitoring and the
“Quantified Workplace” (Section 2.1), theories of privacy in personal sensing (Section 2.2), and
empirical work to confront the problem of burnout in medical residencies (Section 2.3).
2.1 Worker Well-being and the Quantified Workplace
A growing line of research has collected and processed data from ubiquitous, everyday technologies,
including sensors embedded in a smartphones, wearables, and other networked devices, to create
near-continuous measures of behaviors associated with mental health and well-being [62, 72, 77, 90].
These novel data streams use sensor data including accelerometer and GPS for approximating
behaviors such as sleep duration, physical activity, and sociality, or interactions such as computer
scrolling or typing speed, to identify novel digital biomarkers associated with mental health and
well-being from the fabric of individuals’ lives. This area of research has taken many names,
including digital phenotyping [33] and behavioral sensing [61]. Following Mohr et al. [60], we will
use the term personal sensing, which highlights the “sensitive form of surveillance” we engage in
when collecting personal data from devices. Personal sensing data can be used in conjunction with
existing self-reported or diagnostic measures of mental health and well-being to provide a more
complete picture of individuals’ health [17, 41].
As researchers have developed the technical methods to enable personal sensing, they have in
parallel explored how these techniques can be used to improve workplace well-being by identifying
sources of stress, or by creating real-time tools to assist workers in stressful situations and enhance
productivity. A CSCW workshop held in 2016 coined the term Quantified Workplace to describe
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these efforts, defining the field as a paradigm “in which the dynamics and health of organisations can
be quantified through ubicomp technologies and visualised in order to offer collective intelligence to the
managerial stakeholders and act as individual triggers for self-reflection and behavioural change” [48].
This work has only accelerated as more and more of work becomes digitally mediated. For example,
the Tesserae project has collected wearable sensor and social media data from over 700 information
workers throughout the United States to investigate how sensor data and online social interactions
can measure characteristics including job performance and psychological traits [51]. Kaur et al.
used facial features collected from a worker’s webcam, heart rate, eye movement, software logs, and
task progress to detect affect, which was then integrated into a productivity stress score that could
be used to recommend work breaks [38]. Zakaria et al. used in-office WiFi-sensed location data to
measure movement and group interaction patterns associated with worker stress and depression
[101]. Lastly, a body of work has explored how passively sensed stress and affect detection can be
integrated into virtual collaboration tools, for example Zoom or Microsoft Teams, to give presenters
feedback on audience reactions, or to gauge meeting productivity [63, 78].
As research explores the technical feasibility of the Quantified Workplace, scholars have also
noted the limited frame of mental health assumed by the underlying technologies which power
personal sensing. As Semel notes, personal sensing is anchored to a line of inquiry which posits
there are “biological mechanisms driving the observable symptoms of mental illness and are
therefore more objective indicators than a person’s self-report” [79]. This frame, of mental health
as a biological phenomena and of personal sensing data as a “more objective” indicator for lived
experience, has motivated further debate within psychology and psychiatry, as well as in computer
and information science. Not all clinicians and scholars agree that observable symptoms are
a reflection of underlying mental health, questioning the validity of personal sensing to track
symptoms compared to self-reports and patient interviews [85]. Our study extends this debate by
prompting reflection on a personal sensing dashboard to explore whether and how well-being and
burnout might be reflected in passively sensed behaviors.
2.2

Privacy in Personal Sensing for Well-being

Amidst debate around the extent to which passively measured behavioral signals map to mental
health and well-being, scholars across the spectrum agree: collecting and analyzing personal sensing
data poses real challenges to extant norms around privacy, especially in the relationship between
workers and their supervisors. As Mohr et al. [60] highlight in their work arguing for adoption of
the term personal sensing for this field, such data are highly intimate, especially when captured in
real time. The inferences possible from raw personal sensing can also have material consequences
for individuals: consider, for example, the use of activity data to set life insurance premiums [32].
Quantified Workplace researchers argue that informed consent is one tool to remediate concerns
surrounding data sharing and privacy [101]. While the motivation for consent is well-intentioned,
there are practical limitations to using informed consent as an agreement for long-term data sharing.
First, from a historical perspective, the purpose of informed consent was to authorize a specific
doctor to perform a specific treatment, on a specific patient [65]. Consent is not an ongoing data
use agreement between two parties, particularly where the individuals involved in the agreement
may change over time, and the understanding of what could be uncovered within the data, or how
the data could be used and re-used, is ambiguous [59, 96].
Researchers in machine learning and computer security and privacy have investigated methods
like differential privacy and federated learning [3, 100] to enable ongoing data sharing and re-use
without exposing sensitive attributes at the individual level. These techniques are built to enable
population-level summary statistics or model development, for example understanding commuting
patterns or conducting the U.S. Census, without exposing sensitive information about an individual
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who was part of the population. It is tempting to imagine that Quantified Workplaces might similarly
allow supervisors to manage workplace well-being at a structural level without compromising
individual workers’ privacy—however, individual-level data may hold the most utility for stress
management, as it creates an opportunity to target interventions for those most in need.
If personal sensing is most useful to well-being intervention at the individual level, then we must
turn to understanding how data sharing can occur without harming a person by compromising
their privacy. Such sharing requires clear enforcement of norms around appropriate data collection
and use, to ensure it is used for well-being improvement only. Nicholas et al. [66] explored these
sensitivities in their survey of attitudes towards sharing personal sensing data in and around
health contexts. This work used Nissenbaum’s theory of privacy as contextual integrity [67] as
an analytical framework for the contextual factors that might influence a person’s willingness to
share intimate data, delineated as the data subject, the data type (including its sensitivity, in the
well-being case), the sender, the recipient, and the transmission principle, or the set of constraints
on information flow set by the norms of the context. Ultimately, their work found that people are
most comfortable sharing personal sensing data with clinicians who have a formal role in health
management, but less comfortable sharing data with others, including family and friends [66].
This finding points to the idea that sharing personal sensing data may be appropriate given
established contextual norms ensuring the recipient uses it only to directly improve the data subject’s
health and well-being. However, this definition of appropriate information flow is insufficient for
the challenges of worker well-being in the Quantified Workplace. What are the norms to be
enacted around the role of workers’ supervisors in managing their work-related stress? Of course,
workers could choose to independently collect personal sensing data, and review it themselves
or with a clinician to make decisions about well-being—and indeed, the Quantified Self [88]
movement and associated research into self-tracking has developed numerous tools for personal
health management. But when it comes to measuring and intervening in burnout and workplacerelated stress, self-tracking places the burden of stress management directly on the worker, instead
of on managers who have more power to change systemic factors that affect worker well-being.
These tensions around the appropriate flow of personal sensing information motivated the
two use cases presented in our provocation: self-reflection and data sharing (see Section 3.1 for
elaboration). Our study contributes to this growing literature by confronting how data flows in
either case might exacerbate the power asymmetries between worker and supervisor, or resident
and attending. In this, we provide an empirical case amplifying the need for what McDonald and
Forte articulate as a theory of privacy as attention to vulnerability, rather than privacy as a matter
of aligning information flow to dominant social norms [54].
2.3

Resident Physicians and Burnout

The stressors of the ongoing COVID-19 pandemic have exacerbated concerns about burnout within
the global healthcare workforce. Burnout is a syndrome characterized by emotional depletion and
maladaptive detachment that develops after prolonged occupational stress [91]. Burnout is occurring
among healthcare workers in the U.S. en masse: a survey of healthcare workers by the American
Medical Association found that 49% of physicians, 57% of nurses, 50% of non-physician clinical
staff (e.g, social workers), 52% of clinical support staff (e.g. lab technicians), and 46% of non-clinical
support staff (e.g. housekeepers) reported experiencing some level of burnout between April 2020
and April 2021 [7]. This alarming trend has the potential to devastate society, as the very workers
tasked with caring for us leave their profession in droves. In response, researchers in medicine and
public health have sought to characterize and intervene in burnout, in not only physicians but also
the many roles within U.S. healthcare where workers are afforded less compensation and power
(e.g. nurses, non-physician clinical staff, and support staff) [21, 26, 56, 92].
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We contribute a study towards one segment of the healthcare workforce with unique burnout concerns: resident physicians. In medicine, a residency is the postgraduate training for individuals who
have finished medical school, and is a requirement to obtain board certification to practice medicine
in the U.S. Physicians enrolled in a residency program are called resident physicians, or informally,
residents. Day-to-day, residents treat patients under the supervision of board-certified physicians,
called attending physicians, or informally, attendings. Residents are additionally supervised by
program directors, attending physicians who lead residency programs. Residency programs are
designed as apprenticeships: Though attendings and program directors supervise residents’ work,
the educational nature of residency means they simultaneously hold a teacher-student relationship
with residents. Good supervisors are role models for their residents, balancing workloads with
opportunities for teaching and learning, and supporting them as not just workers or doctors-intraining, but also as people [83]. This constant fluctuation between teacher and supervisor makes
the resident-attending relationship complex, particularly in high-stakes medical environments
where established hierarchies and power dynamics dictate accountability and communication
norms amongst clinical team members [11, 24].
Organizationally, residency programs are specific to a specialty (e.g., cardiology, internal medicine,
or psychiatry), which determines the length and structure of post-graduate training required to
become board-certified. Within a given year, residents will participate in multiple rotations, which
expose them to different areas within their specialty. For example, in a general surgery residency,
first-year residents might spend four weeks in a pediatric surgery rotation, followed by four weeks
in thoracic surgery rotation [55]. Residency programs are accredited by the Accreditation Council
for Graduate Medical Education (ACGME), which sets requirements for training programs [1].
Even prior to the COVID-19 pandemic, residents were known to work long hours and experience
many emotional stressors, often resulting in burnout. Among physicians and physicians-in-training,
burnout occurs at higher rates among residents (40-80%) compared to medical students (43-45%)
and practicing specialists and general practitioners (22-60%) [52]. Burnout is dangerous not only for
residents but also for their patients: for example, internal medicine residents experiencing burnout
are >2x as likely to self-report suboptimal patient care, and are at increased risk for depression and
substance abuse during their residency [80].
Interventions to reduce burnout and improve well-being among residents have taken many
forms, including program-level structural interventions, the introduction of workplace well-being
programs, and the promotion of individual self-care [19]. One of the more notable structural
interventions occurred in 2004, when the ACGME capped resident work hours at 80 hours per
week [44]. Prior to this change, residents often self-reported working up to 140 hours per week [8].
The reduction in work hours improved sleep and reduced attentional failures [44], but burnout
still remains prevalent, and work hours may remain under-reported. Other attempted structural
interventions include reducing rotation or shift lengths [46, 70], and hiring medical assistants to
complete data entry tasks that previously took residents’ time away from patient care [42].
Programs may also institute workplace well-being programs, e.g. stress management and spirituality workshops [50, 69], as well as protected time for small-group discussion sessions [98].
These workshops are associated with short-term improvements in some components of burnout
within-subjects [53], as well as potential long-term improvements [98], but the scalability of these
sessions has not been assessed [14], and effects are mediated by continued adherence [69]. Lastly,
self-interventions for burnout have focused on meditation and targeted behavior change [94, 97].
Alongside these workplace interventions, research shows only a small percentage of residents
choose to seek mental health support [2]. Residents’ perceived barriers to mental healthcare include
not only society-wide concerns like a lack of time and an aversion to the cost of care, but also
concerns specific to the challenges around seeking care within the medical profession [2]. Physicians
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in training perceive lowered career prospects for those who seek support for mental health concerns
[99], and physicians encounter discrimination by medical license boards and malpractice insurers
for disclosing mental health diagnoses and/or treatment on re-licensing questionnaires [16, 58].
Motivated by these challenges, recent research has explored how residents’ stress might be
measured through personal sensing data, with the goal of enabling more convenient and lower-cost
tools for handling mental health. Kalmbach et al. found associations between sleep and activity
data collected from a wearable device and daily mood [37]. Adler et al. predicted wearable sensing
behavior changes associated with increased depression symptoms during the first year of a residency
[5]. While this literature has shown these measurements might be feasible, there remain open
questions around how personal sensing can be implemented for resident well-being management,
e.g., how the data can or should be interpreted, who within the program should be accountable
to act on it, and how the data can be used appropriately. Our study takes a formative first step
towards addressing these questions.
3

METHODS

We conducted a qualitative study of how residents and their supervising attendings might react to
a design provocation suggesting a possible future in which supervisors are equipped with intimate
knowledge of their residents’ well-being. Methodologically, we draw on interpretive inquiry methods like design probes [10], speculative dashboards, and data work [31], which have been used in
HCI and CSCW to study potential futures for our era of data-driven sociotechnical systems. The goal
of this study, in line with the design provocation tradition, was to explore and interpret participants’
reactions to a suggestion of this future, to understand tensions that need to be addressed should
technologists seek to realize it. In this section, we detail our methodology, including the design
of our provocation (Section 3.1). We then describe the study procedures we employed to ensure
our research activities protected our participants to the best of our ability (Section 3.2). All study
procedures were approved by the coauthors’ institutional review boards (IRBs).
3.1

Provocation Design

We began with a set of formative interviews and focus groups with residents to better understand
the complex challenges they faced in managing their workplace well-being (See Appendix A for
the interview guide). From these initial interviews and from the literature on burnout and personal
sensing [61], we derived three possible affordances to examine: (a) the provision of quantified data
on residents’ sleep, activity, time working, and level of burnout; (b) the use of anonymization as
an attempt to preserve individual residents’ privacy; and (c) the ability for residents to provide
contextualizing information on their wellness, in the form of written text. We then created mediumfidelity mockups of a dashboard that appears to provide these data streams to residents, their
attendings, and directors in a unified program that includes two intersecting use cases: (1) selfreflection, in which residents view the data themselves as part of a personal well-being management
strategy, and (2) data sharing, in which the same well-being data are provided to their supervising
attendings and program directors for the purpose of intervention. We also added highlighting on
the dashboard that suggests the use of “machine intelligence” to select worrying values, as an
invitation for users to fill in what they would want from such a predictive or explanatory model if
they were to see one in practice.
Our provocation centered on a dashboard depicting an individual resident’s behavioral data, selfreported burnout scores, and written reflections over the last 14 days (Figure 1). Personal sensing
data streams were provided as bar charts of sleep, activity, and time working. These are examples of
behavioral indicators considered to be constitutive of worker well-being and burnout in formative
interviews, and in particular ones for which personal sensing research has sought to develop reliable
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measurements from pervasive data [5, 37]. The presented burnout scores were based upon the
commonly used Maslach Burnout Inventory (MBI), which considers burnout along three dimensions:
emotional exhaustion (EE), depersonalization (D), and sense of personal accomplishment (PA) [68].
MBI scores are shown as single measurements to emphasize they are cross-sectional and likely to
be assessed less frequently. The scale of all measurements was intentionally unspecified to draw
focus on relative comparisons over numerical absolutes, both between-subject (across residents
and rotations, as shown in Figure 2) and within-subject (individual variation, as shown in Figure 1).
We presented these affordances to participants in variant scenarios specifying both the selfreflection and data sharing use cases. We added variant scenarios depicting different anonymization
schemes, namely the use of “Resident A” versus the use of a real name (written as “John Smith” or
“Jane Doe”). We also added variant scenarios including different messages residents might write
in the provided text box adding context for anything in their lives that might have affected their
wellbeing (e.g. “My attending has given me more work than I can possibly complete.” and “I have
been moving my family across town.”).
Additional “screens” depicted aggregated views, including one where the behavioral measures
for each resident in a rotation were placed side-by-side and one where statistics across rotations
were compared (Figure 2). These views also included a small envelope icon similar to an unread
notification on an email inbox, intended to indicate to the viewer that a new written reflection has
been submitted within a specific rotation or on a specific resident’s dashboard.
Resident and attending participants were shown provocations sequenced per their participant
group. The resident provocation session began by depicting the individual dashboard, prompting
participants to reflect on the utility of the tools for their individual well-being first before then

Fig. 1. Medium-fidelity individual tracking dashboard presented in our design provocation sessions. Behavioral
data streams on sleep, activity and time working (bottom) are shown alongside burnout measures—EE
(emotional exhaustion), D (depersonalization), and PA (personal accomplishment), following the Maslach
Burnout Inventory (top left). The resident’s name could be anonymized (top left), and she is given a text box
where she may self-report contextual information that may be affecting her well-being (top right).
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Fig. 2. Between-rotation and within-rotation dashboards presented in the provocation.

depicting the aggregated views. The attending provocation began with the aggregated views,
accompanied with interview prompts on how they imagined leading their teams differently given
the aggregated information, before moving into individual dashboard views to discuss their views
on residents’ privacy. The interview guides used to scaffold resident and attending sessions are in
Appendices C and D respectively.
3.2

Study Procedures

Recruitment. We enrolled as participants resident physicians and attendings who work in a
psychiatry residency program in an urban hospital in New York City, NY, USA. We chose a
psychiatry program to take advantage of these mental healthcare providers’ increased familiarity
with stress, burnout, and well-being. Participants were recruited via a combination of convenience
and purposive sampling [25], and were assured their participation would be anonymized, and would
not impact their relationships with their residency programs, or with our research institution.
We sought to conduct an in-depth and interpretive qualitative design study, creating interviewing
environments to allow for on-the-spot question adaptation and probing that would reveal insights
from participants not possible from standardized survey methodologies [9]. Doing so also required
us to balance the burdens that participating in such research would place on our participants.
Physicians work long, intensive hours, and have limited bandwidth to engage in research. This
bandwidth was further reduced during our study period: we recruited in late 2020 and early
2021, during which hospital systems throughout the U.S. were strained by the ongoing COVID-19
pandemic, and many residents and attendings were actively treating COVID-19 patients. Given
the in-depth qualitative nature of our work, and the fact that our study population faced so many
pressures at the time of our study, we spoke with 11 residents in the formative interviewing stage,
followed by provocation sessions with 5 residents and 5 attendings.
Table 1 summarizes the demographic information self-reported by study participants. Because
our study was conducted in the context of a single residency program, we did not take the additional
step of asking participants to report more detailed information about their identities, or to reflect
on how their identities might uniquely influence their responses to the provocation. We elaborate
on this further in the Ethics and Researcher Positionality section below.
Data Collection and Analysis. Interviews and provocation sessions were held via 60-minute
Zoom meetings. In the formative interviews, the two co-first-authors discussed with residents
their experiences with burnout, their opinions on workplace well-being within their residency
program, and their attitudes towards passive health sensing (see Appendix A for the formative
interview guide). For the provocation sessions, the two co-first-authors presented participants with
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Formative interviews (n=11 residents)
Mean (SD) age
Gender
Resident Provocations (n=5)
Mean (SD) age
Gender
Attending Provocations (n=5)
Mean (SD) age
Gender

32 (2)
7 women, 2 men, 2 unreported
31 years (2)
4 women, 1 man
43 (14)
2 women, 3 men

Table 1. Self-reported demographic information of study participants. 2 residents did not complete the study
intake survey, and an additional resident did not self-report their age. SD = standard deviation

the provocations via screen sharing and elicited their reactions via semi-structured interviews (see
Appendices C and D for the provocation interview guides). All study sessions were audio-recorded
with participants’ permission and transcribed using a professional service. The transcriptions were
then manually anonymized by the two co-first-authors.
These transcripts, alongside notes from each session, were analyzed by the two co-first-authors
using a reflexive and constructionist thematic analysis approach adapted from Braun & Clarke
[12]. Guided by the reviewed literature and research questions, the two co-first-authors first opencoded the data to develop both semantic and latent sets of codes. These codes were clustered
and further combined into the topics reported in the codebooks in Appendices B and E. The
topics in these codebooks were then further developed into the themes reported as our findings in
Section 4 and summarized in Table 2. Examples of codes from the formative interviews (Appendix
B) included residents using fitness trackers, utility of program interventions for coping with stress,
privacy implications of program reviewing data. Codes from the resident and attending provocations
(Appendix E) included sleep as a well-being proxy, program shifts well-being responsibility back on
resident, dashboard only useful if supervisors or directors act, whether anonymity is possible.
Ethics and Researcher Positionality. Given the stigmas associated with mental health in the
medical workforce (reviewed in Section 2.3), it was paramount to protect the anonymity of our
participants from their present and future employers.
The two co-first-authors are both graduate students in computer and information science, and
are not employed by the hospital system in our study, though one has an unpaid research affiliation
which does not involve interacting with the participants in our study. These authors conducted
all participant-facing study activities, including recruitment and elicitation sessions, and were
responsible for anonymizing the session transcripts before they were analyzed. The second author,
who is a resident in the same program as our participants, assisted with data analysis, but did not
partake in participant-facing activities or see transcript data before it was anonymized. All other
authors contributed only to the final manuscript and did not see the data. The third and fourth
authors are supervisors of the residency program at the heart of our study, and helped to facilitate
recruitment by sending a mass email, but were not a part of participant-facing sessions and do not
know the identities of our participants. They further contributed only to the presentation of results
in this paper, and did not see data before it was anonymized.
Our efforts to maintain participants’ confidentiality and anonymity also mean we do not report
participants’ identities in this publication beyond the basic age and gender demographics presented
in Table 1. We additionally did not ask them about personal identity in our interviews. Identity
is an incredibly important element of the power relationships we study in this work, and more
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broadly an incredibly important element of privacy [54]. But after careful consideration of diversity
and equity issues in U.S. medical residencies, we avoided specifically studying identity in order to
protect participants who may be minoritized within the small residency program we have studied,
and therefore more identifiable based only on their responses: e.g., there may be just 1-2 Black or
Latinx residents within a given program. After analysis, it was clear that in our data, participants
had not volunteered detailed disclosure of their intersectional identities or reflected on how they
may influence their responses. We leave an identity-focused study to future work that can protect
minoritized participants by, for example, enrolling across multiple sites, and focus the present study
on the specific power asymmetries between a resident and their employer.
Lastly, we took additional care to ensure our research activities did not interfere with participants’
existing pathways for mental health and social support. Discussion of burnout and labor conditions
can be emotionally stirring, and our participants took time out of intensive work schedules to speak
with us. Throughout our sessions, we ensured participants knew they could always pause or stop
the session, decline to answer a specific question, or withdraw from the study completely.
4

FINDINGS

Our analysis finds a rich set of tensions that must be addressed before personal sensing technologies
can be implemented in a Quantified Workplace intervention for resident physician well-being. We
describe these tensions in three overarching themes, which are summarized in Table 2.
At a low level, participants saw the dashboard’s affordances could, with some refinement, provide
the right behavioral and self-reported data to uncover both individual and program-wide resident
well-being changes (Section 4.1). But when asked about how these measurements could be implemented in their workplaces to drive well-being improvement, participants highlighted challenges
in both the self-reflection and data sharing use cases implied in the provocation. Participants were
generally less interested in using the provocation for self-reflection and more interested in the
data sharing use case presented. Many residents felt an extra visual representation of their own
well-being data would not offer new information or help alleviate stress, and instead confirm their
own understanding of their own negative behavioral and well-being trends (Section 4.2). This
sentiment on self-reflection echoes the broader personal sensing literature, in which studies have
shown people are ambivalent towards affordances for self-reflection alone [6, 71, 95].
Participants were more intrigued by the tool’s potential to better enable supervising attendings
and program directors to implement well-being interventions—the ultimate intention of the data
sharing use case implied in the provocation. To realize this potential, however, participants raised
that such a program would need clear and well-enforced accountability measures ensuring supervisors would act to help residents when given the information (Section 4.2). Residents and attendings
also raised concerns around the intrusion into residents’ personal lives that the personal sensing
data would constitute, and voiced that implementing such tools would require remaking notions of
privacy and appropriate information flows (Section 4.3).
We describe each theme in detail in this section per the outline in Table 2, and in Section 5 further
explicate the implications of each theme for research into and implementation of workplace wellbeing programs. Participants are quoted using a participant- and interview-specific identification
number, and a letter specifying whether the quoted participant was an attending (A) or resident (R).
4.1 Refining personal sensing towards legible measures of workplace well-being
The concept of personal sensing for workplace well-being rests on the ability of behavioral data
streams to represent some notion of worker well-being and its inverse, burnout. Participants’ reactions to the provocations yielded valuable insights on how personal sensing measures—independent
of use case—might be refined to better align with their experiences of these constructs.
Proc. ACM Hum.-Comput. Interact., Vol. 6, No. CSCW2, Article 430. Publication date: November 2022.

430:12
Theme
Passive behavior measures must
be refined and accompanied by
self-reports and reference ranges
to better capture lived experiences
of well-being and burnout.

Daniel A. Adler et al.
Finding
Sleep duration is most useful as a low-level
indicator for sleep quality, which better
informs well-being. (Section 4.1.1)
Physical activity might be less useful as a
well-being indicator than a measure of
leisure time. (Section 4.1.1)
Time working is most useful as a low-level
indicator for productivity or overwork,
which would inform well-being. (Section 4.1.1)
Passive tracking is perceived as a less arduous
method to measure behavior, but loses the
contextual information self-reports provide.
(Section 4.1.2)

Implications
Further research is needed to
develop indicators that focus
on sleep quality, available leisure
time, and productivity. Further
research might also consider
better ways to combine self-reported
context with passive measurements
and co-constructed notions of
wellness, in ways that provide
reference ranges for individuals
sensitive to diversity in what is
considered well-being. (Section 5.1)

Passively tracked data requires both
within-subject and between-subject
reference ranges to be useful. (Section 4.1.3)

Workplace well-being measurement
is only useful if the data is used to
ameliorate stress-causing working
conditions, with clear accountability
within the program.

Residents do not want their workplace
well-being to be measured for self-reflection,
but instead to create accountability for those
in power (e.g. supervisors) to improve their
working conditions (Section 4.2)
However, it is not clear who within the
supervisory structure of a residency
program should be held accountable to
institute these improvements. (Section 4.2.1)
Supervisors are much more comfortable using
well-being data to approach residents when
the data show sources of stress considered
exclusively work-related. (Section 4.2.2)
Residents see opportunities for retaliation if
data sharing shifts accountability for
maintaining workplace mental health from
the program to the resident. (Section 4.2.3)

Under current norms, sharing
workplace well-being data with
supervisors poses major risks to
residents’ privacy and autonomy.

Sharing personal sensing data with
supervisors blurs the boundaries between
residents’ work and personal lives, thereby
violating residents’ privacy. (Section 4.3.1)
Passive data sharing violates data
subjects’ control over disclosure, and
may cast residents as patients rather
than as trainees or junior colleagues
of their supervisors. (Section 4.3.2)
Within tightly knit residency programs,
anonymity is perceived as impossible,
hampering the group participation required
for guarantees like k-anonymity. (Section 4.3.3)

Prior to implementation of
personal sensing for workplace
well-being, workplaces should
develop policy mechanisms that
hold supervisors accountable for
resolving employees’ stress in
response to data shared about
their well-being. Frameworks
for responsible data usage must
be integrated with worker
protections to prevent retaliation
and ensure these programs truly
steward worker well-being.
(Section 5.2)

Existing approaches to privacy
preservation, e.g. anonymization,
are insufficient to address the
challenges to autonomy created
by personal sensing in the Quantified
Workplace. New relational norms
that prevent abuse of the power
differential between data subjects and
recipients must be created and
enforced if this technology is to
be widely used. (Section 5.3)

Table 2. Summary of major themes, supporting findings, and implications of our study for the research and
implementation of Quantified Workplace technologies.
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At a high level, participants appreciated the idea of having visualizations of behavioral data for
well-being management purposes—even if some data streams were less useful to some than others.
As one resident described:
“I’m someone who loves visuals. I don’t know if time working is useful for me because I
have an acute awareness of how much I’m working, but I think putting activity and sleep
into a quantifiable visual is [helpful towards understanding well-being].” (R13)
Other participants suggested many improvements that might make a tool like the provocation
better reflect their intrinsic notions of well-being. Drawing on their lived experience with their
own well-being and burnout, as well as their clinical experience as psychiatrists, our participants
considered how best to measure well-being and burnout along three overarching themes. They first
described that these data streams must be refined with context to encapsulate their intrinsic notions
of well-being. Still, they reported that the gold-standard ways to provide adequate context might
create additional burdens in their lives and workflows. Lastly, they grappled with the need for
reference ranges to help them further contextualize individual well-being data, and any potential
relationship with burnout.
4.1.1 Refining well-being measurements with necessary context. At each level of the provocation,
participants described refinements that might help align the provocation’s implied data streams
more closely with their experiences of well-being and burnout. Some of this arose from their own
training as psychiatrists: most participants agreed that sleep may be a “good proxy for well-being”
because in psychiatry “the first place you look for concerns are sleep disturbances” (A01). In accordance
with existing scholarship on sleep sensing for mental wellness [75], several participants stated that
sleep numbers would be more useful as an indicator of well-being if they reflected on not simply
the duration of sleep but instead a more subjective notion of sleep quality: a daily feeling of energy
or sense of renewal, which may be a product of consistent or otherwise high-quality sleep.
Similarly, participants felt activity measurement might be refined as specifically leisure activity,
to reflect whether a resident had “time to decompress, reflect, and do things that aren’t work related”
(R13). Such a refined measure would avoid the pitfalls of more raw behavioral interpretations of
activity like step counts, which participants also described would be easily biased by whether a
resident was on a more sedentary rotation, e.g., on outpatient versus inpatient. It would also align
with a more positive definition of well-being, as not only the lack of overwork but also the ability
to best make use of time off of work.
Participants had the most refinements for the time working measure implied in the provocation.
First, following concerns around working hours described in Section 2.3, many asked if this measure
was intended to reflect actual hours on the job or reported “duty hours”, the latter of which were a
reporting requirement set by the ACGME [44]. For well-being purposes, residents described that
recorded duty hours would be an imperfect proxy as they typically underreported total hours
worked, not accounting for time spent on administrative tasks or scholarly activities, and it was this
totality of working hours that might be most indicative of (a lack of) well-being. As one alternative,
several floated the potential for a “productivity” measure, and offered that their program already
tracked this for each resident—however, they were unsure of how, precisely, these metrics were
calculated. Participants’ lack of clarity around how productivity can be measured echoes literature
grappling with how best to define resident productivity—e.g., a metric tracking patients seen
per hour is potentially inappropriate for psychiatry residents, because it focuses on volume and
not service quality, and ignores the longer-term nature of psychiatric care [13, 34, 35]. Beyond
refinements for what precisely might be measured in this construct, residents also worried about
“the belief that time working is synonymous with productivity” allowing “programs to milk us for as
much work as we can possibly do in four years” (R14). (We unpack this tension in Section 4.2.)
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Refinements to better incorporate context extended beyond the behavioral data streams into
the self-reported burnout scores. Most participants were unfamiliar with the Maslach Burnout
Inventory, the validated scale reported on the dashboard [68] and summarized in Section 3.1. One
participant found the polarity differences between the components confusing, specifically, that
higher emotional exhaustion (EE) and depersonalization (D) indicated higher burnout, but higher
personal accomplishment (PA) indicated lower burnout. While they were unfamiliar with the scale,
most agreed at face value that it did seem to capture constructs that could be construed as burnout.
Interestingly, several attendings stated that in their work, they preferred simpler methods for
assessing burnout, such as off-the-cuff Likert scales. Attendings and residents alike also shared
that work satisfaction was another potentially useful subjective measure of burnout, potentially as
a subcomponent of PA.
4.1.2 For well-being measurement, self-reported and passively collected data must be considered
complementary. In contrast to the numerical data streams described above, residents agreed that the
free text field, offering a written well-being report in response to the prompt “Is there anything
you have been experiencing in the last 14 days that may be affecting your wellbeing?”, did have the
potential to offer sufficiently contextualized information on well-being. Residents described that
this field better aligned with how they would assess patients for burnout, in which they would “not
use scales when talking to patients, and be conversational” (R03) to understand “what it is specifically
that’s causing the burnout” and “find out exactly what it is that patient is experiencing” (R11). Along
these lines, residents described the written well-being report provided an opportunity to add
contextual information supporting the personal nature of burnout, its potential causes, and effects.
However, residents also immediately latched onto the burdens this form of measurement would
create. One resident highlighted that despite this data stream capturing “the most nuanced information, it also requires the most mentally” (R14). Several offered that they were already bombarded
with survey instruments as-is, and would be unlikely to engage with an even more time-consuming
wellness measure despite its ability to provide sufficient context.
Issues of burden in self-report extended beyond the written well-being comments to behavioral
data streams as well. Participants compared and contrasted two potential methods of behavioral
data collection: gathering data passively using devices (e.g. a wearable or smartphone), vs. selfreport. Generally, residents believed that behavioral self-reports would be arduous: as one resident
stated, “I think people wouldn’t want to [self-report sleep]” (R15).
However, participants in both the resident and attending subgroups stated that passive measurement should be used as a well-being indicator not in place of but in concert with some form
of self-report. Part of this concern was due to the limited accessibility of wearables: one resident
suggested that a smartphone may be a more reliable device for passive measurement because the
phone was “more universal” and “not everyone has a wearable” (R02). In addition, several supervising attendings also affirmed that self-reports hold fundamentally different meaning than passive
behavioral data, and that both types of information would complement each other to provide a
more complete picture of well-being. As an example, one offered:
“I think both [self-report and passive measurement] would be great because you’d be able
to see if they confirm or don’t confirm your experience. Let’s say according to your tracker,
you slept plenty, but according to how you feel, you haven’t slept enough. Is it because
you were preoccupied with work, or is it because you really did not sleep well?” (A01)
Providing this complete picture, with two reinforcing data streams, was seen as potentially useful
to the overall goal of understanding and championing residents’ well-being—still, one resident
cautioned that in using both sensed behavioral data and self-reported well-being, the program must
take care to not imply the supremacy of one data source over the other. As they described:
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“If I were really feeling overwhelmed by a person giving me more work than I could possibly
do, I would hope that in a program who cares a lot about me, if I went to the trouble of
making a meeting with my program director to be like, ‘I cannot do this. This person is
making my life too hard’—I would hope they would take my self-report as seriously as
they would weight seeing the actual numbers of me not sleeping.” (R14)
4.1.3 The need for comparison and reference ranges to capture well-being. Many of the attendings
in our study noted they would want to understand where residents fell with respect to a reference
range—a set of values for a given measure understood to indicate normal functioning. As one
attending described, they needed “some standard to compare to” (A01). As shown in the highlighting
feature of the provocation, participants imagined an alarm that triggered upon deviation outside
this range, akin to vitals monitoring used in hospitals.
Participants offered many different ideas for where they felt these reference ranges ought to
be drawn from—what behaviors or well-being measures might be seen as deviating from the
norm. Some residents jumped straight to the need to identify individual baselines, perhaps via
a screening survey taken when a resident could be verified as not yet burnt out, to account for
within-resident changes. But while the utility of individual fluctuations in well-being was clear,
participants described it was not clear when an individual’s baseline well-being might be assessed.
As one resident described:
“I think you could have underlying chronic burnout in a way, so maybe then [deviation
would be] harder to pick up on. At the same time, if you’re living really, really good, what
state do you assess against? I mean, I just came back from vacation, so I feel good.” (R10)
Others identified that reference ranges might be drawn from between-resident comparisons
(implying use case 2 - data sharing), setting the expectation that well-being and burnout might be
defined as deviations from your cohort’s norm. One attending posited:
“Different rotations are going to have very different activities. That makes me feel like
there’s too much confounding for behavior to be useful as a well-being indicator, unless
it’s comparing your value to the average value [within a rotation], and I see that you’re
an outlier within your cohort.” (A05)
Participants also saw utility for well-being to be managed as deviations from the norm at a
program level, looking across rotations. One attending identified that between-resident well-being
data could be used to identify problems with a rotation, or even with one attending supervising
multiple burnt out residents.
“If I see [multiple residents with alarming values], and I can tell if they’re [residents] on
the same rotation and the same unit, I can tell that maybe there was a problem with the
unit. Maybe there’s something that’s beyond just the individual. Maybe there’s a problem
between the residents or with the attending supervising those residents.” (A03)
4.2

Well-being measurement must be accompanied by accountability for supervisors to
intervene

Our findings in Section 4.1 show that, with refinement, the dashboard could offer residents and
their supervisors program new behavioral and contextual information to measure resident wellbeing. Given refined measures, residents and supervisors speculated on the utility within the two
intersecting use cases: as a tool for (1) self-reflection, for residents to self-manage their well-being,
and as a (2) data sharing platform, in which residents could share their data with supervising
attendings and program directors to better enable program-level well-being interventions.
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Many residents were ultimately disinterested in the dashboard as a tool for well-being selfreflection and self-management (use case 1). Those who did have some interest were already
motivated by health tracking tools like FitBits in their daily lives, but others were resistant to the
behavior change that self-reflection implied. As one resident described, “I know I’m very sedentary
so I don’t want it to confirm things I already know I should do more of.” (R11). Part of this reluctance
was historical: the residency program had given out pedometers in a previous year, and one resident
observed, “I haven’t actually used mine since the challenge ended” (R01).
On use case 2, the data sharing program, participants in our study agreed on one central idea: that
sharing well-being data might give supervising attendings and program directors substantial power
to ameliorate residents’ burnout and suffering. But, residents were skeptical that the information,
if centralized in a tool like the dashboard, would lead to any meaningful changes in their program.
In past experiences, residents described, when they raised concerns about well-being, their
program had responded by providing “emotional support in the moment, [...] but then they don’t
really change anything”. This made residents question, “what’s the point of sharing these things?”
(R15). One resident stated that residents already “get a lot of surveys [on well-being]”, and that “if
the program is assessing burnout and they’re not going to listen to our suggestions, [personal sensing]
would actually be more annoying.” (R10). Thus, if the program were to institute a new data collection
program, there would need to be some amount of accountability on the program to make changes
that improve well-being. Otherwise, as one resident stated, tracking this information could be
viewed as an additional stressor:
“I think if I were truly burnt out and feeling burnt out, having a number to put on it may
just make me feel worse, and think, ‘Well, what do you want me to do to fix this? Are you
going to give me a vacation or something like that?’ ” (R16)
In this section, we further unpack tensions around the use of passively sensed behavioral data in
the data sharing use case. Specifically, we describe findings surrounding (1) who within the program
should be held accountable to residents’ well-being, (2) how perceptions of accountability differed
by the source of resident stress, and (3) residents’ fear of shifting accountability and retaliation.
4.2.1 Who in the program should be held accountable? Given residents’ hesitancy to share data,
we probed residents on who within the program was accountable for well-being—e.g. attendings,
program directors, or some other third-party auditor. Residents stated that since program directors
supervised residents throughout the entirety of their programs, and not in a single rotation, having
well-being information across residents available in a centralized location could help program
directors understand resident well-being year-by-year, and potentially instigate systemic changes.
Supervising attendings, on the other hand, only worked with individual residents during short-term
(e.g. 2-week) rotations, and did not have the same level of awareness or connection with residents.
As one resident expressed:
“You’re working with attendings for a brief period of time. And attendings’ goals are ‘have
the resident work and learn.’ I am having trouble thinking of many attendings who would
really care about things outside of those two spheres in the resident’s life.” (R12)
Many residents in our study agreed that the degree to which individual attendings might want
to attend to their residents’ well-being was highly variable, even within their program. For those
attendings who did care, however, residents observed that the introduction of well-being data into
their relationship might actually subvert their bond:
“The supervisor that I value the most, she really only supervises me. So, if she got this
data, I don’t know if it would be valuable. We would both be like, ‘Isn’t it weird that I’m
giving you all of my sleep numbers instead of us talking about how I’m doing?’ ” (R14)
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Though we expected that supervising attendings had an implied expectation to maintain dayto-day resident well-being, our attending participants were sometimes hesitant to take on this
role. Several observed that being provided with well-being data seemed to fundamentally alter
their relationships with their residents in unwanted ways. (We further elaborate on the tensions
surrounding new relational norms in Section 4.3, and unpack the issues raised by these alterations
in Section 5.3). As one described:
“I don’t know how I would feel. I would be happy to do this maybe more on an ad hoc
basis with someone who may be struggling or may need the help, but then you’re taking
the role of a caregiver, which is different from the role that we [attendings] have with
residents.” (A03)
At the same time, another supervisor stated it was often difficult to assess resident well-being
because program directors often did not relay information to attendings about personal issues that
may impact residents’ work. This supervisor stated that if they had a tool like the dashboard, they
may feel more comfortable approaching residents to have a conversation about their mental health.
4.2.2 Perceptions of accountability change with source of stress. Supervisors’ hesitancy to engage
residents on their well-being became particularly apparent when they were asked to reflect on
varying sources of residents’ stress. As described in Section 3.1, we presented a free text box on the
dashboard, and in variant scenarios supplied the box with two different messages: (1) a message
from a resident who wrote that they were stressed because they were “moving their family across
the city”, and (2) a message a resident who stated “my attending has been giving me more work than
I can possibly complete”.
Supervisors appeared much more comfortable approaching residents regarding scenario 2 than
scenario 1. One supervisor directly stated, “maybe in [scenario 2], it’s something that will resolve on
its own.” and “the intervention [for scenario 2] doesn’t focus on the resident, which allows me to address
the concern that resident has” (A03). In other words, for this attending, they felt more comfortable
intervening when the source of stress was work-related, and not personal. We pressed supervisors
on this further, stating if the dashboard was de-anonymized, and they had the capability to directly
approach the resident from scenario 1, would they take action?
Interviewer: “The resident is de-anonymized. Does that de-anonymization change your
approach?”
A02: “Not really, because in this case I wasn’t really going to intervene much anyway.
Give her boxes maybe, I don’t know.”
That supervisors’ willingness to intervene differed by scenario comes as no surprise. While
personal detail is critical to measuring well-being (cf. Section 4.1) following up with the resident
implies de-anonymization of well-being data, the privacy implications of which we will unpack in
Section 4.3. Indeed, in conversations with residents, one anticipated an approach to sharing the type
of life-stress information described in scenario 1 that may remediate supervisors’ hesitancy to act:
potentially, the dashboard could have a button “to trigger some kind of alert where [the attending]
doesn’t have details but it’s just like, ‘Hey, you should check in with your resident.’ ” (R13).
4.2.3 Datafication of well-being and burnout might lead to retaliation against workers. Residents
were fearful that quantified behavioral data on their well-being could lead their program to retaliate,
by shifting accountability for workplace well-being from the program back to the resident. First, by
sharing data on well-being, residents highlighted the potential for datafication, or the quantification
of subjective aspects of well-being and performance [74]. Most notably in the context of productivity,
residents recalled several past instances in which datafied behavior enabled their programs to
create additional unwanted burdens on residents:
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“Throughout this year, we have had random times where the program told us, ‘Hey, here’s
some news. Your numbers are kind of low, so here’s five more patients for you.’ We don’t
know why these came down, or how these numbers were calculated, but we all fear it
could happen again. ” (R03)
This fear was heightened by the complicated power structures that exist within a residency.
Residency programs are technically educational programs, and indeed hospital systems receive
reimbursements for training residents [57]. Yet residents are held to a similar standard of care as
attendings, despite being paid significantly less [36, 64]. Residents in our study felt these work
conditions meant they were uniquely vulnerable to exploitation, and were concerned that datadriven perspectives on their well-being would only further their vulnerability. As one described:
“If residents had more protection, in terms of being employees, then intervening to help
residents out would be great. But I’m so skeptical of programs solely having that intent at
the heart of what they’re doing or how they would use this data.” (R13)
In summary, residents were hesitant to share their behavioral and mental health data with the
program without assurances of accountability. That being said, who should receive this information
and the context surrounding which type of information should be shared remained unclear. This
resulted in speculation around negative repercussions surrounding data sharing.
4.3 Contending with privacy
Across all interviews and sessions in our study, both resident and attending participants expressed
that various features of the provocation, and the proposition of a data sharing program (use case 2),
violated some notion of residents’ privacy, broadly defined. But residents in our study varied in
their expressions of how much such violations offended their innate sensibilities, or might drive
them to action. As one stated plainly:
Interviewer: “Let’s say there’s something on in the background that collects your heart rate.
How long would you be comfortable with this kind of data being collected and shared?”
R02: “Forever. I don’t care.”
For the residents in our study who shared this sentiment, the privacy violations implied by
sharing their health and activity data with their supervisors were outweighed by the potential
benefits. Some described they were actually already engaging in passive self-tracking for personal
or clinical purposes, for example by wearing a Fitbit, or, in one case, sharing a daily mood log with
their psychotherapist. Extending this personal tracking to their residency program would be fine,
these residents said, if it would help program directors improve the resident experience.
However, not all resident participants shared this permissiveness. For some, the privacy violations
created by allowing the residency program to track residents’ activities and well-being were simply
a non-starter. Such a program would require placing enormous trust in the hands of the program,
which not all participants shared. Even for those participants who did think their specific residency
program could be a trusted receiver of this information, the provocation raised concerns for the
standard it would set in other programs. As one attending reflected:
“Honestly, my first reaction is, this is big brother. This is something that can be used for
good or not. And if you trust that the residency program is looking after their residents,
they can do good with it, but there might be programs that don’t [look after their residents],
that use this to monitor when residents leave or how many patients they see.” (A03)
In addition to expressing their broad preferences around personal data sharing and their levels
of trust (or lack thereof) in residency programs, our data show participants considered the nature
of the implied privacy violation along three interlocking dimensions. Participants were concerned
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that the data would (1) blur boundaries between work and life contexts and (2) inadvertently
cast residents not as attendings’ coworkers, trainees or mentees, but as their patients. In addition,
participants were concerned that (3) anonymity, however enacted, might be functionally impossible
within their workplace.
4.3.1 Blurring work and life. In both the attending and resident groups, participants voiced discomfort with supervisors providing feedback on residents’ personal lives, even under the assumption
that such feedback would be provided to help them manage the demands of their work. Many felt
this discomfort extended across both the behavioral and contextual data streams implied in the
provocation. As one resident described:
“I can only imagine coming in in the morning and having the supervisor be like, ‘You got
two hours of sleep last night? What’s going on?’ That’s the panopticon, your supervisor
watching you at that level. Is there a big difference between the wearable data, versus [a
resident’s answer to] ‘do you feel like you’re losing interest in your work?’ I’d say they’re
actually pretty similar.” (R07)
Attendings, for their part, agreed that sleep data in particular felt “intrusive”, but were able to
imagine using such detailed information to help train residents on how to cope with the demands
of their jobs. As one speculated:
“It might be a good conversation starter. ‘I notice you’re sleeping less.’ I mean, as soon as I
say that, it sounds a little bit intrusive, to put it mildly, for me to be talking to a resident
about their sleep. But in the context of looking at this data together, it could be a useful
prompt. ‘I noticed you’re spending a lot more time working, can we talk about how much
work you have and your ability to organize to get it done properly?’ ” (A05)
Residents also expressed that the provision of detailed wearable data might give their supervisors
license to attribute workplace difficulties to their personal situations, rather than to work-related
challenges over which they might have some control. As one expressed:
“There’s sort of an intrusion there on my personal life, and making my own choices about
what I do with my time, in a way that I fear sort of gives them numbers to blame me for
my own lack of well-being. They’ll be like, ‘well, you slept two hours last night, of course
you hate this patient this morning.’ ” (R14)
4.3.2 Treating residents like patients. For several attendings, the provocation evoked the metaphor
of the resident as a patient. Detailed personal sensing data might be useful in a doctor-patient
relationship, these participants said, for the social contract implied therein, in which patients allow
doctors to track highly personal information for the explicit purpose of diagnosing and treating
medical conditions. But this type of relation was different from the resident-attending relationship,
in which such disclosure would be considered far more invasive. As one attending said, “This is a
lot like monitoring patients, right? Which is part of the intrusiveness of using it with residents” (A05).
Beyond the perceived violation of exposing this information within resident-attending relationships, participants also pointed out that the passive nature of the real-time sensing specifically
violated additional sensibilities around privacy. At issue was the tendency of passively sensed data
to violate the data subjects’ ability to control which data was shared, and for what purpose—in any
type of relationship, under any type of distributional norm. As one attending participant described:
“To me, the concern is about the patient’s—I mean, the resident’s autonomy. If they’re
willing to disclose this to me explicitly as a tool for me to help them in a particular scenario,
then yes, it may be helpful. But just to have this information out of that context makes me
uncomfortable.” (A03)
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That this participant accidentally refers to the hypothetical resident as a patient highlights the
slippage between these roles created by the provocation. What’s more, this participant’s framing
of the dashboard as a violation of autonomy echoed some residents’ observations of how passive
tracking might also subvert distributional norms within doctor-patient relationships. Asked for
their impressions of the use of this type of highly personal and passively tracked data in mental
health and well-being generally, one participant said it violated a core tenet of mental healthcare:
the patient’s right to “self-presentation”, or the ability to talk about oneself in the way that one
wants. Elaborating on the necessity of self-presentation in psychotherapy, this participant said:
“My patient has the right to lie to me. It’s part of the process for them to feel comfortable,
to get to a point where they feel they can tell me the truth. Sometimes people don’t tell
me something for months, but then they get to a point that they can tell me. And that’s
important for the therapeutic relationship. But if you already know what’s going on, it
interferes with that relationship.” (R10)
The right to self-presentation, this participant described, was key to the therapeutic relationship
in a doctor-patient interaction—and the use of passively tracked data constituted nothing less than
“giving up your right to talk about yourself in the way that you want” (R10). We further unpack this
finding in Section 5.
4.3.3 Anonymity is not possible, realistically. Lastly, participants contended with whether anonymity
measures might offer a way to retain the benefits of the provocation for improving residents’ wellbeing, while still affording them some measure of privacy. Averaging the data for attendings’ and
program directors’ views might achieve anonymity, but participants were quick to point out that
reporting only average values for a rotation or service would defeat the purpose of helping residents’
supervisors identify that individuals were struggling relative to their peers. Turning to the problem
of reporting individual values, participants considered whether anonymization might be possible
by removing identifying information (blinding), or by aggregating and sanitizing the data such that
a single resident in a table of residents was no longer identifiable. Pressing participants further on
how these measures might be actualized, however, revealed that most participants had significant
qualms over whether anonymization was possible at all within the constraints of their program.
For individual-level reports, participants considered anonymization to be impossible given that
their program was small and closely knit. Names could be easily removed, but the personal nature
of both the behavioral data and the textual self-reports was such that participants felt they could
easily figure out which data belonged to whom. One attending pointed out that on some services,
they might only supervise one or two residents at a time, thus making it very simple to map the shift
schedule implied in the sleep numbers for “Resident A” to the resident’s actual identity. Another
pointed out that the written contextual self-reports were by definition difficult to sanitize, especially
when presented in conjunction with an individual’s behavioral data. As one attending described:
“To me, there’s not a good way of blinding this. It is going to be difficult to keep it
anonymized in such a closed system where everybody knows each other, more or less. It
may actually be a misleading assumption to think that you’re going to type something
there and no one’s going to recognize you.” (A03)
If individual-level reports could not be realistically blinded, could aggregation be used to retain
the benefits of the dashboard for program-level intervention while affording residents anonymity?
Following the principle of k-anonymity set out by Sweeney [89], anonymity-via-aggregation could
be achieved by reporting only values that had been abstracted to less specific categories (e.g.
reporting an age bucket rather than a specific age) and removing very sensitive attributes altogether
— sanitization techniques called generalization and suppression in the literature. Such measures
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could be used to ensure that a single resident could not be uniquely identifiable within a set of k
residents. But regardless of the blinding or sanitizing techniques used, one resident was skeptical
that a sufficiently large pool of residents would consent to the program to create such guarantees.
As one resident described:
“There is still, unfortunately, this mindset of, ‘I don’t want to appear somehow weak, or
incapable of holding up my portion of the work.’ Asking for accommodations is somehow
adding to that, and admitting that you have outside obligations is still contributing to
that. So if only some residents are participating in this, then it becomes even weirder to do
it or not do it. Then it just becomes very skewed. You almost need everyone’s buy-in, and I
really think you would struggle to get that to broadcast this data to everyone.” (R13)
As this resident highlights, the provocation implied a well-being tracking program with such farreaching consequences for the residency program overall that there could be no partial participation.
The broadcasting required to retain the benefits of the program—specifically, using transparent and
(hopefully) anonymized reporting to fight stigmas around well-being and burnout—would, in this
resident’s view, be too large of a hurdle for some to overcome. Assuming that some residents would
participate and others would not, mathematical guarantees of privacy would be degraded for the
entire pool—and what’s more, the data visible to program directors and supervisors would only
represent those residents most comfortable with sharing or broadcasting their discomfort, creating
bias or skew that might ultimately doom any downstream attempts at data-driven intervention.
5

DISCUSSION

Our study has highlighted a range of sociotechnical challenges in the design space around using
personal sensing technologies for Quantified Workplace well-being interventions. While datadriven “solutions” for well-being and burnout may be appealing to well-intentioned researchers and
managers, our findings demonstrate that their implementation must be accompanied by guardrails
to prevent them from instead reifying existing power asymmetries, or exacerbating potential for
abuse. We see urgent need for further work establishing new norms around data-driven workplace
well-being management solutions that better center workers’ needs, and provide protections for
the workers they intend to support. Such work must be a precondition of introducing Quantified Workplace technologies like well-being dashboards into workers’ social arrangements. We
would like to note a benefit of conducting a study to highlight these tensions in the context of a
psychiatry residency program, specifically that experts on treating mental health and well-being
themselves were not sure how to leverage well-being data for meaningful workplace intervention,
and concerned about the privacy implications of doing so. If experts cannot resolve these tensions,
continued research to establish appropriate data sharing norms is of utmost necessity prior to
workplaces more broadly implementing similar systems. We join the strands of work in Quantified
Workplace research that have acknowledged its tensions with privacy [38, 51, 101], and also highlighted how these monitoring systems can feed into the at-times-coercive dynamics of scientifically
managed workplaces, which can optimize for the productivity of the worker over the well-being of
the worker themselves [38, 43]. In this section, we build further on the themes in Table 2 to unpack
additional considerations for researchers and workplaces who, like residency programs, may be
exploring the use of Quantified Workplace technologies to improve worker well-being.
5.1

Triangulating behavior, biology, and perception in ground truths for well-being
measurement

Our study has highlighted not only problems in how Quantified Workplace ideas can be implemented
(which we unpack in subsequent sections 5.2 and 5.3), but also in how personal sensing itself can
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be refined to better measure well-being and burnout. Section 4.1 highlights the trade-offs our
participants described for including low-level behavioral (e.g. sleep duration), high-level behavioral
(e.g, sleep quality), and self-reported contextual information (e.g. written well-being reports) within
a resident well-being management dashboard. Residents generally appreciated that passive tracking
via personal devices provided a less burdensome way to understand behavior. However, residents
and attendings also acknowledged that passively tracked data may offer conflicting information
about resident mental health when compared to self-reports, and that the gap between these two
types of data may itself be cause for concern. As one attending summarized, a wearable tracker may
show a resident is sleeping well even as a residents’ perceived sleep quality remains poor—and that
perception may lend itself to the resident’s felt experience of burnout. This attending continued
that a follow-up conversation with the resident might provide the necessary contextual information
to interpret these differences, as it might give the attending the chance to help the resident make
sense of their experience. This additional step we see as a form of co-construction and collaborative
sensemaking, and this anecdote highlights how passively sensed, self-reported, and co-constructed
information complement each other to provide a fuller and more actionable approach to measuring
resident well-being.
This finding on the role of co-construction also calls attention to epistemological problems in the
measurement of well-being and burnout— problems that chart ample ground for future research.
In the ubiquitous computing and digital phenotyping communities, researchers often calculate
low-level behavioral features from passive sensing data, and then evaluate these features against
more traditional mental health rating scales [5, 76, 93]. However, these rating scales often also
contain questions on higher-level behavioral and well-being constructs [39, 84]: e.g. the PHQ9 depression questionnaire asks respondents to rate how often within the last two weeks they
experienced “feeling bad about yourself ” or “little interest or pleasure in doing things”. Thus these
rating scales may be an inappropriate ground truth for personal sensing, and as demonstrated by
Das Swain et al. [20], we should not expect this higher-level information to always align with the
lower-level, machine-observable signals on which personal sensing is based. This approach, which
has evolved in line with recent trends in machine learning, reifies the quantification-focused and
neurobiologically essentialist perspective on mental health, which scholars including Stark [85, 86],
Semel [79], and Docherty & Biega [22] highlight is contested within psychological science as the
singular approach to understanding the nuanced human experience of well-being.
As an alternative to developing measurements against these ground truths, we urge the research
communities around measurement of mental health to expand methodologically, towards a broader
conception of well-being. A full understanding of the complex phenomena that is a person’s
mental health and well-being requires triangulating behavioral signals alongside self-reports,
biological indicators, and their cultural, relational and sociotechnical environment. What’s more,
as scholars including Stark [85] and Ruckenstein and Schull [74] observe, the datafication of health
has matured to the point where it has become important to consider how algorithmic categorization
itself affects individuals’ self-regard. If we understand that the phenomena we are attempting
to understand—a person’s mental health and well-being—is grounded not only in behavior but
also in perception and self-regard, biology and genetics, and their relationships to social and
technical infrastructures, we open avenues for collaborative inquiry between researchers trained
in computational and interpretive methods. An expanded view of what it means to be well or
unwell might also help account for the diversity of human experiences, and ensure we do not force
one normative conception of well-being onto society, but rather appreciate well-being in its many
forms. Such inquiry might help us all drive towards better measurement of mental health.
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The catch-22 between engagement, utility, and accountability

In addition to the problems in measurement discussed in Section 5.1, we see that our study highlights
fundamental tensions in the implementation of measurements in well-being improvement programs.
We observe a feedback loop between residents’ engagement in data sharing, and the utility they
perceive in such data being used for well-being management. As shown in Section 4.2, residents
were hesitant to share their personal sensing data without assurances that their participation would
result in supervisors acting to improve their well-being. But these possibilities were contingent
on mass participation in data sharing. Maintaining any illusion of privacy also depended on mass
participation: as Section 4.3 highlights, anonymity was more likely if a sufficiently large pool of
residents participated in the program. Yet, at the same time, anonymity was seen to decrease the
potential utility of the program for individual-level well-being improvement, since supervisors
would have no way to identify which individuals, precisely, were struggling relative to others.
This conundrum is tightly related to a common issue in technology-mediated health programs
more broadly: people must engage in these programs to experience their benefits, yet they are often
reluctant to engage before they perceive they would benefit. To address this, remote measurement
programs often use social incentives to increase motivation for engagement, including social
sharing, creating competition among program participants, and gamification techniques that tie
participation to monetary rewards [71, 82]. These engagement techniques are integral to many
workplace well-being programs [18], but their use is often dependent on the sensitivity of the
information shared—e.g. workers may be more willing to share step counts versus detailed data
on their sleep. Thus these types of incentives may not be ideal within a residency, where workers
have limited bandwidth for well-being management [2], or in workplaces where there is pervasive
stigma towards seeking mental health support [16, 58, 99].
Sharing health data with supervisors who can contextualize the information and encourage
sustained use may be a more promising incentive for engagement that simultaneously demonstrates
utility [6, 95]. But our study shows this source of incentive to engage is absent in our context:
as shown in Section 4.2, residents were skeptical that personal sensing data would incentivize
supervisory attendings and program directors to act to improve their well-being. Supervising
attendings, for their part, were reluctant to take accountability for residents’ burnout, stating they
were not a “caregiver”, and that a caregiving relationship is “different from the role that we have
with residents” (A03). Residents in our study also voiced that ample prior experience had convinced
them program-level change would be hard to come by.
Taken together, if residents’ engagement is contingent upon their program’s accountability,
how do we create incentives for programs to rise to the occasion? For residency programs, one
would think that the ACGME well-being competency could create such an incentive [4], but this
assumption may be flawed. For example, despite the ACGME imposing a work limit of 80 hours
per week [27], many residents continue to work beyond this limit [23, 40], suggesting that the duty
hours reported to the ACGME are inaccurate. There is a possible future where the ACGME acts
as a third-party auditor and uses personal sensing as an “objective” measurement tool to directly
track residents’ hours worked and well-being. This direct line might have the effect of forcing
transparency and accountability in a medical culture that has encouraged overwork. Of course,
resident protections would need to be in place if the ACGME penalizes programs as a result of data
shared, and sharing data with the ACGME could be viewed as an additional form of unwanted
surveillance into residents’ lives. Any data sharing program also risks inviting misinterpretation,
reducing mental health and well-being to data streams which may or may not capture the intended
constructs of interest [74]. Finally, the ACGME as a third-party auditor still infringes upon residents’
right to “self-presentation”, which we will further describe in the following section. Despite these
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obstacles, a personal sensing equipped ACGME could support worker well-being and incentivize
workplace change. Broadening this idea to personal sensing as a whole calls for continued research
into closed-loop systems where workers experience direct benefits for engaging in well-being
programs driven by personal sensing.
5.3

Privacy, the Quantified Workplace, and “the right to self-presentation”

Beneath the problems in measurement discussed in Section 5.1 and the challenges of accountability
in Section 5.2 sits the persistent problem of privacy. As Section 4.3 demonstrates, participants were
consistently sensitive to how the implementation of personal sensing in well-being management
might rearrange current boundaries in the relationship between residents and their supervisors,
and therefore their notions of appropriate information flows, or privacy. Participants’ uncertainties
naturally reflect the ambiguity created by the ACGME’s guidance, which mandates that programs
attend to resident well-being, but gives little specific guidance on how residencies should go about
it. Notably, these problems are not localized to the use of well-being data in workplace contexts: as
one resident physician observed, the introduction of such tools into a doctor-patient relationship
also constitutes the removal of the patient’s “right to self-presentation” (R10). Following Mohr et al.
[60], we consider that personal sensing may be so disruptive a paradigm that to reap its purported
benefits—the ability to drive structural improvements for well-being—requires a fundamental
reworking of the relation between the data subject, the receiver, and those with the authority to
drive structural change. What, then, should we strive for in these new relations? In the absence
of established norms for the insertion of well-being management into supervisory or teaching
relations, what extant norms should we look to—and how do we ensure the new norms are built to
protect against abuses of power?
Our findings hint that extant relational norms in mental healthcare may not be the right analogues
for the new norms for workplace well-being management—in part because at present, they do
not sufficiently account for the new affordances brought by personal sensing. As our participant
describes, monitoring well-being via personal sensing challenges our current conception of a
clinician-patient relationship by altering the process of forming and maintaining the therapeutic
alliance: “if you already know what’s going on, it interferes with that relationship” (R10). We see this
finding as an expression of what the psychotherapy literature describes as the therapeutic frame:
the set of expectations and boundaries that guides psychotherapeutic practice [28, 45]. Key to the
frame is the notion that what happens in the time-bounded interaction of a session is the primary
material for the therapy. Our finding opens the possibility that the introduction of external tools,
like personal sensing data tracked in between sessions, expands the boundaries of the frame to the
detriment of the intense interpersonal exchange necessary for a successful therapeutic alliance: in
R10’s words, the patient’s “right to lie”, and the work it takes for a clinician to develop their trust.
Notably, the therapeutic frame in psychotherapy is not the only kind of norm through which
clinicians and patients might interact. Approaches to mental healthcare that draw less on the
therapy tradition and more on medical treatment, for example remote patient monitoring, may
be the extant relations that are more instructive for personal sensing. Yet here, too, we find
discomfort. As we have described in Section 5.1, personal sensing can, at worst, organize the
care of fundamentally subjective human experiences like well-being into statistical rearranging
of observable behaviors, removing the human interpretation critical to care in favor of what is
machine-legible. Unlike illnesses solidly grounded in biological mechanisms, mental health and
well-being is so fluid, psychosocial, and personal a construct that its indicators are necessarily up
to individual interpretation—to monitor sleep and sociality in a potentially depressed person is
not to monitor blood glucose in a person with diabetes. Removing a patient’s ability to provide
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interpretation—their “right to self-presentation”—risks endorsing a fully data-centric perspective on
well-being, one that might flatten necessary subjectivity.
If the use of personal sensing in psychodynamic therapy and in medical treatment requires
such careful guardrails, the use of personal sensing in workplace well-being requires even further
scrutiny. We contend that our findings complicate the idea that personal sensing data might be
appropriately shared for well-being management if it is simply provided to a third-party auditor
operating under the norms of clinical care, e.g. an independent well-being officer. Such audits
have the potential to provide a check on programs or supervisors that are harming residents,
if the accountability structure posited in the previous section came to fruition. Still, to enable
such changemaking while protecting data subjects from downstream abuse, we need the novel
relation between the well-being manager and the data subject to ensure their data are collected and
processed in ways that allow for “self-presentation” and intervention—e.g. through mechanisms
for data subjects to voluntarily disclose specific slices of sensed data, while foreclosing the ability
for continuous monitoring, and giving data subjects voice in how their data are interpreted. Such
novel relational norms must also emphasize the guardrails of current clinical relationships, e.g.
clinician-patient confidentiality. In apprenticeship contexts like the residency program in our study,
we emphasize protections for data subjects are even more necessary to create proper balance in the
teaching or supervisory relationships that can determine the course of a resident’s life and career.
These discomforts are fruitful and necessary ground for future research not only in the Quantified
Workplace, but also broadly in personal sensing for mental health. We urge the ubiquitous computing
community to work not only with clinical experts from both medical and allied health disciplines,
but also with ethicists, privacy scholars, and researchers in information science, to establish these
new relational norms in ways that center the data subject’s agency first and foremost. These efforts
might draw lessons from broader work to make data science more trustworthy by incorporating
reflexive analyses of power, and better connecting with affected communities [81]. Doing so can help
us ensure that the allied fields of psychiatry, psychotherapy, counseling, and workplace well-being
can truly use this technology to improve conditions for those who are suffering.
5.4

Limitations & Future Work

Our study used a design provocation to elicit formative insights towards the development of
workplace well-being interventions for resident physicians; as such, it faces the inherent limitations
of all such methodologies. Our results should not be understood as broadly generalizable to all
workers or all healthcare providers. We studied these tensions in the context of one small residency,
and concerns around data anonymization may be amplified relative to larger programs. We worked
with participants during the fall and winter of 2020 and the spring of 2021, during which the
pressures of being a healthcare worker in New York City during the COVID-19 pandemic may
have amplified participants’ sensitivities to stress and burnout and, in turn, their reactions to the
provocation. Future research should examine well-being and burnout in temporal and geographic
contexts impacted by the pandemic in different ways.
There is considerable future work to be done examining these tensions in other contexts entirely,
e.g. in surgery residencies or other physician training programs with significant burnout challenges.
Across the healthcare workforce, we also see considerable future research addressing burnout
in roles that draw less attention than physicians and physicians-in-training, e.g. nursing staff,
social workers, home health workers, therapists, orderlies and janitorial staff, and much more.
Additionally, while our study examined problems in vulnerability and privacy for residents in
their roles as workers and trainees, we did not take the additional step of studying what other
identity-related factors might contribute to participants’ reactions to personal sensing. We leave
a fully intersectional approach to future work. Future research might also consider triangulating
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our results against results from alternate methodologies, e.g. randomized trials of intervention
programs, for a fuller picture of the tensions at play.
6

CONCLUSION

We report a qualitative study of how personal sensing might be used in a psychiatric residency
program in the United States for the management of medical residents’ well-being. Our findings
highlight that the use of the data for this purpose raised three fundamental tensions: (1) how
best to measure well-being and burnout; (2) how best to hold residency programs accountable for
using this knowledge to actually improve resident well-being; (3) navigating privacy when sharing
behavioral and well-being data between worker and workplace. We discuss paths forward for future
work establishing the new caring relations that might ensure personal sensing is leveraged to truly
improve well-being, in the workplace context and beyond.
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EXPLORATORY INTERVIEW GUIDE

We would like to start with a few questions to learn a little bit about burnout.
(1) First, in your own words, how would you define burnout?
(2) In broad strokes, without telling us anything specific or identifying, what’s an example of
a case where you have encountered burnout – in yourself, in a colleague? What was the
situation?
(3) What is the difference between burnout and demoralization or depression?
(4) Again, without telling us anything specific or identifying, have you noticed burnout in
people you work with? Co-residents, supervisors, training program staff, others in your work
environment?
(a) Probe: How did you know?
(b) Probe: When you’ve seen someone that’s burnt out, what are they likely to do? How are
they likely to behave?
(5) If you were taking care of a patient who showed signs of burnout, what kinds of things would
you track to see if they were getting better or worse?
(a) Probe: Do you think this is adequately captured in the screens you regularly use?
(b) Probe: Are there any specific assessments you use for burnout?
(6) What scales or measures would you use to assess resident well-being (e.g., PHQ-9/GAD-7)?
(7) Are there signs of burnout that would be specific to residents?
(8) How frequently do you believe one would need to be assessed for these measures, in order to
get an accurate picture of resident well-being?
(9) Would you respond to a smartphone survey that asked you for these measures of stress,
burnout, emotional well-being, and recorded them, at this frequency? Is there a better method
of delivery?
We’re also interested in your thoughts and experiences around technologies you may or may
not use to assess your own health and well-being.
(1) Do you have a wearable (e.g. Fitbit, Apple Watch), or any device other than a smartphone,
that you use to track daily behaviors (e.g. steps, exercise, heart rate, sleep)?
(2) If so, what device(s)?
(a) Do you integrate the information together (e.g. using Apple HealthKit or Google Fit)? If so,
when you look at it, what do you specifically focus on?
(b) In what ways do you use this information? Have you ever used it to change your behavior?
(3) If you do not use this information, why not?
(4) How would you feel if you had a smartphone application, or wearable, that tracked your
behaviors (e.g. sleep, physical activity, phone usage) specifically to measure stress, burnout
and psychological well-being?
(a) Probe: Which behavioral information, if any, would be helpful for you, to actively prevent
or manage burnout?
(5) How long would you be comfortable with this data being collected?
(a) How long do you think you’d actually comply with data collection?
(b) Would compliance be device dependent (e.g. smartphone vs. wearable)?
(6) If we wanted to understand when burnout occurs throughout a residency, how long do you
think we should collect this data to get an accurate representation?
(a) Are there specific time periods within your residency (e.g. rotations) that contribute more
to burnout?
(b) When do these occur?
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(7) Would you want data collected on your well-being to be shared with a therapist, or other
clinicians that are monitoring your health?
(a) Would you want it to be shared with anyone else?
(b) What would you want them to do with this information?
(8) What care settings do you think would be most benefited by access to this information?
(example - collaborative care setting, psychiatrist, therapist, primary care doctor, other)
How so? (example - promote communication/information sharing among providers, ease of
communication with you, could react to deterioration more quickly)
(9) Under what circumstances would you be willing to have information on your behaviors,
burnout and psychological well-being shared with your supervisors, including the residency
program director?
(a) Probe: What if it were anonymized?
(b) Probe: What if it were aggregated?
(c) Probe: What level of detail would you be comfortable sharing?
(d) Probe: What would you want them to do with this information?
(10) Is there anything else you’d like to tell us today?
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EXPLORATORY INTERVIEWS CODEBOOK
Theme / Code
Burnout definitions

Burnout measurement

Burnout as inadequacy
Burnout as jadedness
Burnout as mood fluctuations
Burnout as persistent fatigue
Burnout vs depression
Difficulty connecting with patients

Frequency
Functional impairment
General indicators for burnout
Internal measurement self-report
Interpretive assessment
Measurement to action
Personalization
Physical indicators
Situational indicators

Individual stress management

Program-level stress intervention

Barriers to clinical support
Clinical support
Creating routines
Drivers of clinical support
Physical activity
Protected space
Resilience
Self-medication
Well-being apps

Program vs individual responsibility
Utility of program interventions
Workplace schedule, flexibility, PTO
Workplace support group
Workplace wellbeing program

Social stress management

Personal data privacy

Connectedness between residents
Family and friend support
Openness between residents

Anonymity helps preserve privacy
Clinician might review data
Invasiveness
Program might review data

Utility of intervention or measurement

Contextual factors

Accuracy
Data perpetuates negative feelings
Passive data for individual use
Passive data for program use
Too cumbersome
Validated clinical scales

Effects of COVID-19 on residents
Program stressors
Program provided fitness trackers

Table 3. The codebook that resulted from our thematic analysis of formative interviews with residents (see
Section 3.1).
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PROVOCATION INTERVIEW GUIDE - RESIDENTS

Thank you for your participation today. We’re part of a research team interested in understanding
how digital technology can support resident well-being. As part of that, today we’re going to
describe to you a tool that could be used to understand and improve resident physician well-being.
We’ll then ask you specific questions regarding your perceptions and usage of this tool, and receive
your feedback on the tool. This session is estimated to take a maximum of one hour. I am now
going to begin the session, and describe the setting for using this tool.
You’re a resident physician. The ACGME has recently given your program the mandate to
incorporate well-being as a Professionalism competency for residents, but program directors don’t
have guidance on what, specifically, to measure.
(1) What are the components of well-being, to you?
(2) How do you self-assess these components, if at all?
We are working on a tool that you could use to better manage your well-being. I am now going
to show you some early prototypes of what it could look like, and then ask you questions to prompt
your feedback on these ideas. Please feel free to ask us questions about the prototypes – we are
happy to explain.

Let’s say you’re Jane Doe, a second-year resident. Your residency program has given you access
to this dashboard for managing your own well-being.
(1) Please take a look at this screen. What are your first impressions?
(2) Does the information presented capture your understanding of well-being?
(3) What do you think about the sleep and activity data?
(4) What do you think about the productivity data (time working)?
(5) What do you think about the free text box?
(a) Probe: How would you imagine using it? What would you enter, how regularly?
(6) The three numbers under your name are measurements from a self-reported burnout screener
you completed part way through your current rotation. What do you think about those
numbers?
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(7) How would you rank these four types of well-being information (MBI, behavioral, work
productivity, free text) in terms of usefulness to your self-management of well-being?
(a) Probe: What makes these more or less useful to you?
(8) How does this compare to other methods you may currently use to assess your well-being?
(9) Is there anything you would add or remove from this?
(10) Do you have any other comments regarding this screen that we have not covered?
We are now going to show how a screen representing the same information could be seen by an
attending physician who supervises residents.

This is a screen showing how the information from the last screen could be viewed by your
supervising attending. Let’s say you provided context on your sleep numbers by entering into that
free text box that you recently moved.
(1) What do you think about attendings and program directors having access to this screen?
(2) Notice that your name has been anonymized to Resident C. Do you believe Resident C can
be truly anonymous to their supervisors? Does it matter?
(3) Do you think this particular message is helpful for your supervision?
(4) Do you think it’s helpful to Resident C that their supervisor sees this information?
(5) Is there anything you would add to or remove from this screen?
(6) Are there other ways you would want to see your well-being data contextualized for your
supervisors?
Now we are going to show a message for a different resident in the free-text box, which could be
viewed by a supervising attending.
This screen shows similar information to the last screen, for a different resident, “Resident D”.
There is a different message in the free text box describing that this resident’s attending has been
giving them too much work.
(1) What do you think about this message as compared to the last one?
(2) Do you think this particular message is helpful to supervisors?
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(3) Do you think it’s helpful to Resident D that his or her supervisors see this particular message?
Now we are going to show this same screen, but imagine a scenario where the attending physician
sees de-anonymized information.
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Now the supervising attending sees Resident D’s information, and knows Resident D is “John
Smith”.
(1) What do you think about supervising attending physicians and program directors having
access to the de-anonymized screen?
Now we are going to go back and show your screen (Resident C), with your name de-anonymized
as “Jane Doe”.
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We are now seeing your (Resident C’s) comment again, de-anonymized to the supervising
attending, showing that you are Jane Doe.
(1) What do you think about supervising attending physicians and program directors having
access to the de-anonymized screen?
These screens so far have been your view and a supervisor’s view of individual information.
We’ll now show you an aggregated view of your data in context with your peers’.
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This screen shows well-being data from residents within your rotation, which is the Inpatient
General Adult Psychiatry rotation.
(1) Please take a look at this screen. What are your first impressions?
(2) Notice that resident names are anonymized. Do you believe they are truly anonymous to
supervisors? Does it matter?
(3) (If they do not notice C) As you may have noticed, we have highlighted that Residents C and
D are sleeping considerably less than the other two residents. Residents C and D also have
higher emotional exhaustion (EE) scores, compared to other residents. What do you think
about this presentation of within-rotation burnout?
(4) What do you think about supervising attending physicians and program directors having
access to this screen?
(5) Is there any other information not presented on this view, that you would want supervising
attending physicians and program directors to know to understand resident well-being across
residents in the same rotation?
(6) Do you have any other comments regarding this screen that we have not covered?
This is a within-rotation view of aggregated and anonymized data; we’ll now switch to a betweenrotation view.
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This screen shows well-being data averaged across residents from three different rotations:
Inpatient Medicine, Inpatient General Adult Psychiatry, and Outpatient General Adult Psychiatry.
(1) Please take a look at this screen, what are your first impressions?
(2) What do you think about supervising attending physicians and program directors having
access to this screen?
(3) Is there any other information not presented on this view, that you would want supervising
attending physicians and program directors to know to understand resident well-being across
residents in different rotations?
(4) Do you have any other comments regarding this screen that we have not covered?
Thank you for responding to our questions, and for providing feedback on our prototypes. Are
there any more comments you would like to share regarding the tool we presented?
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PROVOCATION INTERVIEW GUIDE - ATTENDINGS

Thank you for your participation today. We’re part of a research team interested in understanding
how digital technology can support well-being. As part of that, today we’re going to show you
prototypes of a tool that could be used to understand and improve resident physician well-being.
We’ll then ask you specific questions regarding your perceptions and usage of this tool, and receive
your feedback on the tool. This session is estimated to take a maximum of one hour. Do you have
any questions before we begin?
I am now going to begin the session, and describe the setting for using this tool. You’re an
attending supervising residents, and the ACGME has recently given your program the mandate to
incorporate well-being as a Professionalism competency for your residents. But you don’t have
guidance on what, specifically, to measure.
(1) What are the components of well-being, to you?
(2) How do you assess these components, if at all?
We have created a tool that could be used to understand resident well-being. I am now going to
describe this tool to you, show you some early prototypes of what it could look like, and then ask
you questions to understand your thoughts and feedback about the prototype. Please feel free to
ask us questions about the prototypes as well.

This would be the first screen that you, as a supervisor, would see using our tool.
(1) Taking a look at this screen, what do you notice?
(2) Does the information presented capture your understanding of well-being?
(3) What do you think about the sleep and activity data?
(4) What do you think about the productivity data (time working)?
(5) The three numbers alongside each rotation name are measurements from a burnout screener
residents took partway through their current rotation. What do you think about those
numbers?
(6) How would you rank these four types of well-being information in terms of usefulness to
assess resident well-being?
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(7) How does this compare to other methods you may currently use to assess resident well-being?
(8) Is there anything you would add or remove from this?
(9) What would you do with this information?
(10) Do you have any other comments regarding this screen that we have not covered?
We are now going to move to another screen to learn more about the well-being of Inpatient
General Adult Psychiatry residents over the past few months. We can move to this screen by clicking
on the area of the screen that contains data on “Inpatient General Adult Psychiatry” residents, and
the data we are interested in, specifically “sleep.”

(1) Looking at the screen, what’s the first thing you notice?
(2) Is there any other information not presented on this screen that you would want to know to
understand individual-level resident well-being?
(3) On this screen, the residents are anonymized. What do you think about this? Is it helpful to
you?
(4) What would you do with this information?
(5) Do you have any other comments regarding this screen that we have not covered?
(6) (If they do not notice C or D) As you may have noticed, the tool has highlighted that Residents
C and D are sleeping considerably less than the other two residents. Residents C and D also
have higher emotional exhaustion (EE) scores, compared to other residents. What would you
do with this information?
We are now going to move to another screen to learn more about Resident C’s well-being,
specifically. We can move to this screen by clicking on the area of the screen that contains data
from Resident C.
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(1) Please take a look at this screen, what do you notice?
(2) Is there any other information not presented on this screen that you would want to know to
understand Resident C’s well-being?
(3) The name “Resident C” is being used instead of the resident’s real name. What do you think
about this anonymity measure? Is it helpful to you?
(4) We have four types of information on this screen: behavioral data, work productivity data, the
burnout measurement, and a message. What do you think about each type of information? Is
one more useful than the others?
(5) What would you do with this information?
(6) Do you have any other comments regarding this screen that we have not covered?
Let’s say instead of Resident C, (CLICK BACK TO LAST SCREEN), we clicked on a different
resident, Resident D (GO FORWARD 2 SCREENS). This is what we would see.
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(1) What do you think about Resident D’s message?
(2) How would you act upon this information?
Now we’ll look at an alternate view of Resident D’s individual well-being tracker.
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Resident D has been de-anonymized, and we found out that Resident D is John Smith.
(1) What do you think about knowing that Resident D is John Smith?
(2) Is it helpful to know that Resident D is John Smith? Why or why not?
(3) How would you act on this message, now that you know Resident D is John Smith?
Now let’s think back to Resident C, and take a look at their de-anonymized individual wellbeing
tracker.
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Resident C has been de-anonymized, and we found out that Resident C is Jane Doe.
(1) How would you act on this message, now that you know Resident C is Jane Doe?
Thank you for responding to our questions, and for providing feedback on our screens. Are there
any more comments you would like to share regarding what we presented?
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PROVOCATION INTERVIEW CODEBOOK
Theme / Code
Design suggestions

Interventions

Explicit requests for help
Prioritization tools for attendings
Reference ranges
Retrospective sharing tools

Check in with resident
Group vs. targeted
No immediate action
Role of program directors vs attendings
Supporting via changes to work conditions
Supporting via life or non-work assistance

Methods for measuring well-being

Refining well-being proxies

Barriers to clinical support
Clinical support
Creating routines
Drivers of clinical support
Physical activity
Protected space
Resilience
Self-medication
Well-being apps

Activity measurement as leisure time
Activity measurement as physical activity
Effects on patients
Internal sense of well-being
Productivity as duty hours vs actual hours
worked
Productivity as sense of work-life balance
Sleep as a well-being proxy
Work satisfaction as a well-being proxy

Negative repercussions

Privacy

Increased workloads
Performatory solutions
Responsibility back on resident
Misrepresentation

Invasiveness of measurement
Residents’ willingness to report
Residents’ willingness to be monitored
Utility to intervention vs. anonymization
Whether anonymity is possible

Utility of dashboard
Centralizing information
Comparing and contrasting well-being
between residents
Conversation-starter
Need all residents’ buy-in
Only useful if supervisors or directors act
Self-reflection
Validating existing inquiry
Table 4. The codebook that resulted from our thematic analysis of design provocation sessions with residents
and attendings (see Section 3.1).
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