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Abstract

Background: The occupationa burnout epidemic is a growing issue, and in the United States, up to 60% of medical students,
residents, physicians, and registered nurses experience symptoms. Wearable technol ogies may provide an opportunity to predict
the onset of burnout and other forms of distress using physiological markers.

Objective: This study aims to identify physiological biomarkers of burnout, and establish what gaps are currently present in
the use of wearable technologies for burnout prediction among health care professionals (HCPs).

Methods: A comprehensive search of several databases was performed on June 7, 2022. No date limits were set for the search.
The databases were Ovid: MEDLINE(R), Embase, Healthstar, APA Psyclnfo, Cochrane Central Register of Controlled Trials,
Cochrane Database of Systematic Reviews, Web of Science Core Collection via Clarivate Analytics, Scopus via Elsevier,
EBSCOhost: Academic Search Premier, CINAHL with Full Text, and Business Source Premier. Studies observing anxiety,
burnout, stress, and depression using a wearable device worn by an HCP were included, with HCP defined as medical students,
residents, physicians, and nurses. Bias was assessed using the Newcastle Ottawa Quality Assessment Form for Cohort Studies.

Results: Theinitial search yielded 505 papers, from which 10 (1.95%) studies were included in this review. The majority (n=9)
used wrist-worn biosensors and described observational cohort studies (n=8), with alow risk of bias. While no physiological
measures were reliably associated with burnout or anxiety, step count and time in bed were associated with depressive symptoms,
and heart rate and heart rate variability were associated with acute stress. Studies were limited with long-term observations (eg,
>12 months) and | arge sampl e sizes, with limited integration of wearable datawith system-level information (eg, acuity) to predict
burnout. Reporting standards were al so insufficient, particularly in device adherence and sampling frequency used for physiological
measurements.

Conclusions: With wearables offering promisefor digital health assessments of human functioning, it is possible to see wearables
asafrontier for predicting burnout. Future digital health studies exploring the utility of wearable technologiesfor burnout prediction
should address the limitations of data standardization and strategies to improve adherence and inclusivity in study participation.
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Introduction

Burnout isan occupational syndrome characterized by emotional
exhaustion, depersonalization, and feelings of reduced personal
accomplishment caused by chronic, unmitigated high levels of
job-related stress [1]. Burnout is common among health care
professionals (HCPs, also referred to as health care workers),
impacting an estimated 35% to 54% of nurses and physicians,
and between 45% and 60% of medical students and resident
physicians in the United States [2]. Several studies also reveal
a high prevalence of depression and anxiety in HCPs that
preceded the coronavirus pandemic [3-9]. Datafurther suggests
that burnout and other forms of distress have increased among
HCPs as aresult of the COVID-19 pandemic [10-12].

Thisis concerning because the well-being of HCPsimpactsthe
quality of patient care and patients access to care. Several
meta-analyses and systematic reviews have reported associations
between burnout and negative impacts on the quality of care
provided to patients, including increasing the risk of medical
errors[13], malpractice claims[14], nosocomial infections[15],
and mortality [16]. Additionally, other studies have found that
HCPswho report experiencing burnout are morelikely to reduce
their time taking care of patients and quit, al of which
negatively impact patient’s access to care and add a burden to

the global health care system [2]. The impacts of burnout go
beyond the workplace, as HCPs with reported burnout are at
increased risk of cardiovascular diseases [17,18], suicidal
ideation [13,19], substance use disorders [20], uncontrolled
stress [21], car accidents [22], and quality of life [23].

Contributors of burnout in HCPs are multifactorial and complex.
While most factors contributing to burnout originate from
system-level factors within the work environment, some risk
factors originate from the personal domain or challengesin the
personal-professional interface, such as work-home conflict
(Figure 1). Due to the complexity of the factors involved, no
model exists for predicting when an individual HCP or group
of HCPs are at risk for developing burnout or other forms of
distress. In response to the negative outcomes of burnout for
HCPs and patients, the National Academies of Science,
Engineering, and Medicine recommends health care
organizations monitor (through frequent surveys) and respond
to burnout. This approach is retrospective, as the time required
for health care organizations to administer surveys, HCPs to
complete them, and the additional time needed to analyze and
interpret results all delay any response to burnout. A better
approach would be a proactive one, where organizations or
individual HCPs could predict and respond to high levels of job
stress before the manifestation of burnout and associated
personal and professional consequences result.

Figure 1. Wearable-augmented burnout management capturing the interplay of physiological and workplace factors.

Physiological Data
Collection

Machine Learning
Prediction Model

Workplace
Factors

Previous studies and reviews suggest heart rate (HR) [24], heart
rate variability (HRV) [24], sleep [25], and skin temperature
[26] vary in response to stress. Additionally, sleep or fatigue
also relates to the risk of burnout [27], depression [28], and
other related conditions [29]. These types of data can be
collected passively from wearable devices. Over the past 5 years,
the adoption of wearable devices worldwide has more than
doubled [30]. Therefore, data collected passively from wearable
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devices could potentialy provide an avenue for detecting
individuals at risk for high job stress, burnout, depression, and
other related conditions. If predictive, such rea-timeinformation
obtained passively from wearable devices could dramatically
shift the current reactive paradigm to aproactive one, potentially
leading to meaningful intervention before patients and HCPs
experience adverse health consequences of burnout.
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Previous systematic reviews suggest wearable devices may have
some utility in predicting depression severity and stress levels
[31]. To our knowledge, thereisno review that investigatesthis
relationship among HCPs or explores the ability of wearable
devices to detect burnout risk. Hence, a scoping review was
conducted to identify and summarize studies exploring
associations between burnout, anxiety, depression, and stress,
with data obtained from wearable devices in cohorts of HCPs.

Methods

Data Sources and Search Strategy

A comprehensive search of several databases was performed
on June 7, 2022. No date limits were set for the search. The
databases (and their coverage periods) were Ovid: MEDLINE
(1946 to Present and Epub Ahead of Print, | n-Process and Other
Non-Indexed Citations and Daily), Embase (1974+), Healthstar
(1966+), APA Psyclnfo (1987+), Cochrane Central Register of
Controlled Trials (1991+), Cochrane Database of Systematic
Reviews (2005+), Web of Science Core Collection viaClarivate
Analytics (1975+), Scopus via Elsevier (1788+), EBSCOhost:
Academic Search Premier, CINAHL with Full Text (1981+),
and Business Source Premier.

The search strategy was designed and conducted by a medical
librarian (L CH) with input from the study’s investigators (APA
and LND). Controlled vocabulary supplemented with keywords
was used. Theactual strategieslisting al search terms used and
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how they are combined are available in the Multimedia
Appendix 1.

Review Strategy

Theinitia search yielded 505 papers. Two reviewers (MB and
SS) independently identified and screened thetitlesand abstracts
of potentially eligible papers. Theinclusion criteriaof theinitial
round of screening were as follows: the study must include a
validated measure of burnout, stress, anxiety, or depression and
the study must include only data from a wearable device worn
by an HCP. For this work, we defined HCP as being a medical
student, resident, practicing physician, or registered nursein a
hospital or outpatient clinical setting. The full-text reviews of
the papers that resulted from the initial screening, data
extraction, and quality assessment were also performed
independently and in pairsby 2 reviewers (MB and SS). Papers
were not excluded due to their calculated quality score. During
this process, 475 papers were omitted because they did not
satisfy the inclusion criteria (n=472) or were duplicates (n=3).
After theinitial screening, thefull text of 30 paperswas assessed
for eligibility. Any disagreement was resolved by consensus
with other senior reviewers (APA and LND) and thefinal source
list was created, with senior reviewers blinded to reviews of
each other and primary reviewers (MB and SS). The study
selection process is illustrated in Figure 2. Tables 1 and 2
provide descriptions of thefinal 10 papers published from April
2017 to December 2021 included in this review.

Figure2. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) diagram.
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Table 1. Summary of included studies.
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Author Sample characteristics ~ Wearable-derived mea-  Validated anxiety, burnout, Other measure included
surements stress, or depression measures

Feng et a [32] 113 Nurses HR?2 Sleep, and STC®  STAIC Positive and Negative Affect Sched-
ule, Satisfaction with Life Scale,
Pittsburgh Sleep Quality Index, Af-
fect EMAd, Big Five Inventory-2, and
Anxiety and Stress EMA®

Adler et d [33] 775 Residents HR, Sleep, and STC PHQ-9f Mood EMA

Jevsevar et al [34] 21 Resident and Physi- HRVg, RHRh, RRi, and MBI-Abbreviated _

cians

Sleep

Silvaet a [35] 83 Medical students (19 HR and HRV PSS-4X —
had compl ete data)
Mendelsohn et al [36] 59 Residents Sleep and STC MBI-HsS Short-Form Health Survey, Epworth
Sleepiness Scale, Satisfaction with
Medicine Scale, and International
Physical Activity Questionnaire
Marek et al [37] 28 Residents RHR, Sleep, and STC Single-item burnout measure —
Sochacki et al [38] 21 Physicians Sleep MBI-HSS, PROMIS-29™ —
(Depression and Anxiety)
Chaukos et a [39] 75 Residents (26 had Activity level and Sleep  MBI-HSS, PSS-10, and Functional Assessment of Chronic
complete data) PHQ-9 IlIness Therapy-Fatigue, Penn State
Worry Questionnaire, Revised Life
Orientation Test, Interpersona Reac-
tivity Index Perspective-Taking sub-
scale, Measure of Current Status-Part
A, and Cognitive Affective Mindful-
ness Scale
de Looff et al [40] 114 Nurses sch MBI-HSS (modified Dutch —
version)
Weenk et a [41] 20 Residentsand Physi- HR and HRV STAl-short version —
cians
3HR: heart rate.

bsrc: step count.

CSTAI: State-Trait Anxiety Inventory.
4EDA.: electrodermal activity.

®EMA: ecological momentary assessment.
fPHQ-9: Patient Health Questionnaire.
9HRV: heart rate variability.

PRHR: resting heart rate.

IRR: respiratory rate.
)Not available.

Kpss: Perceived Stress Scale.
IMBI-HSS: Masiach Burnout | nventory—Human Services Survey.
MPROMIS: Performance of the Patient-Reported Outcomes.

NSC: skin conductance.
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Table 2. Primary findings and biasin studies using wearable devices in health care professionals.

Barac et d

Author Device Lengthof data Primary findings Newcastle Ot-

collection tawa Scale Score

Feng et a [32] Fitbit Charge2 10 weeks Baseline STAI? score did not relate to sensor-measured physical 8
activity or sleep over the ensuing 10 weeks.

Adler et a [33] Fitbit Charge2 14 months Quarterly measurements of change in depressive symptomsrelated 7
to measured STC?, sleep, and HRE.

Jevsevar et al [34] WHOOP 12 weeks Being in the operating room related to the next day HRVY. Device 8
reported sleep related to next-day HRV. Relationship between
baseline burnout score and device measurements not reported.

Silvaet a [35] Microsoft Smart 2 weeks Stress and HRV were both significantly different between the 8

Band 2 baseline and stress condition

Mendelsohn et al [36]  Fithit Charge 14 days Baseline burnout score did not relate to average daily sleep or STC 7
over the ensuing 14 days.

Marek et al [37] Fitbit ChargeHR 16 weeks Average daily sleep and activity level over a2-4-week period did 8
not relate to single-item burnout measure score. Average daily resting
HR over a2-4-week period was higher among residents with burnout
versus those without burnout

Sochacki et al [38] WHOOP 4 weeks No significant association between weekly burnout scoreand device- 8
measured hours of sleep over 4 weeks.

Chaukos et al [39] Basis Hedlth 6 months No association between baseline depressive symptoms or stress 6

Tracker levels and device-measured sleep or activity levels over 30 or 90
days of the study. No association between chronic burnout (burnout
at 2 time points), never burned out, new burnout (burnout at 2nd but
not 1st time point), and unknown burnout status (survey not complet-
ed) and devise measured sleep or activity level aggregated over first
30 days.

de Looff et a [40] Empatica E4 1day or night Skin conductance collected over 1 shift among nursing staff didnot 8

shift correlate with burnout scores collected on questionnaires compl eted
within 2 days of wearing the device (mean 2.4, SD 10 days, range
0-44 days).
Weenk et a [41] HealthPatch Upto3days Stressmeasured by the patch increased during surgery, moreso for 8
(at least 2) less experienced trainees, but did not correlate with changein STAI

score before or after surgery, perhaps due to small sample size or
lack of sensitivity to change.

3STAl: State-Trait Anxiety Inventory.
bsTC: step count.

°HR: heart rate.

9HRV: heart rate variability.

Extraction Strategy

Data extraction was mostly completed by a single researcher
(MB). Other researchers (APA and SS) helped refine data
extraction and review the tables. The following information
was extracted from the papers and isincluded in Tables 1 and
2: sample population (size and occupation), anxiety, burnout,
stress or depression assessment instrument, additional
measurements used, wearable device used, measured
physiological variable, study duration, primary findings, and
the author-determined quality assessment score.

Quality Assessment

Themethodological quality of nonrandomized or observational
studies was assessed by 2 reviewers (MB and SS) using the
Newcastle Ottawa Quality Assessment Form for Cohort Studies
[42]. The Newcastle-Ottawa Scaleis avalidated scale of 8 items
in 3 domains: selection, comparability, and outcome. Studies

https://www.jmir.org/2024/1/e50253
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arerated from 0to 9, with those studiesrating O-2 (poor quality),
3-5 (fair quality), and 6-9 (good or high quality). All 10 studies
received a Newcastle-Ottawa Scale rating of good or high
quality.

Results

Roles of Participating Health Care Professionals

Among the 10 reviewed studies, 8 were conducted in the United
States, 1 study was conducted in Portugal [35], and another one
was conducted in Canada [36]. Seven studies recruited either
resident physicians (postgraduate medical trainees), practicing
physicians, or acombination of both, primarily within the same
specidty (eg, orthopedic surgery and emergency medicine).
Two studies recruited registered nurses [32,40] and 1 study
recruited medical students [35]. Sample sizes ranged from 20
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to 775 participants per study (see Table 1). Only 3 studies had
more than 100 participants [32,33,40].

Wear able Devices, Physiological Variables Collected,
and Duration of Observation

Table 1 summarizes the sample population, sample size,
physiological variables collected from wearable devices, and
psychometrics used in the 10 studies. The devices used, length
of data collection, and primary findings are listed in Table 2.
Out of the 10 studies, 9 used wrist-worn biosensors, such asthe
Fitbit Charge (n=4) [32,33,35,40] WHOOP (n=2) [ 34,38], Basis
B1 (n=1) [35], EmpaticaE4 (n=1) [40], and the Microsoft Smart
Band 2 (n=1) [35]. Sensors embedded within wrist-worn
biosensors included optical heart sensors, electrical heart
sensors, accelerometers, and skin temperature sensors. The other
device used was a HealthPatch, an adhesive patch with 2 ECG
electrodes used to measure HR and HRV. A variety of
physiological variables were collected, with sleep being the
most common, measured in 7 studies. Studies ranged in length
of data collection, from a single 12-hour shift to a 14-month
period. Only 5 studies collected data for more than 10 weeks
[32-34,37,39].

M ethodological Wear able Data Reporting

Only 2 studies explicitly stated the sampling frequency used
when processing data from the wearable device [33,39]. Four
of the studies discussed how the data were processed; however,
the level of detail varied [32,33,35,40]. Three of the studies
indicated the cutoff values for physiological variables or
explained how outliers were addressed [32,33,40]. Only 4
studies explicitly stated how much raw datawereretrieved from
the devices [32-34,36].

Reported Relationships Among Burnout, Depressive
Symptoms, Stress, and Anxiety With Data Obtained
From Wear able Devices

Burnout

Of the 10 included studies, 6 included a measure of burnout
(Table 1) [34,36-40]. Four of these 6 studies used the Maslach
Burnout Inventory—Human Services Survey (MBI-HSS) [43].
In a cross-sectional study of 114 nurses, no relationship was
found between MBI-HSS score and skin conductance, ameasure
of autonomic nervous activity, collected through an Empatica
E4, for 1 shift [40]. Another study investigated the relationship
between MBI-HSS score, self-reported work hours, physical
activity, and sleep, as measured by a Fitbit, in a cohort of 59
residents [36]. No relationship was found between the change
in burnout score and data collected from the Fitbit over 2 weeks.
Inthethird study, no relationship was found between MBI-HSS
score and sleep, as measured by a WHOORP, over the course of
4 weeks [38]. Last, in a study of 75 medicine and psychiatry
residents, no relationship was found between burnout score and
sleep or activity levels, asmeasured by BasisB1 health-tracking
device, during their first 6 months of residency [39].

Two studies measured burnout using scales other than the
22-item MBI-HSS (widely considered the gold standard)
[34,37]. Inastudy of 21 orthopedic residents and surgeons, no
association was found between baseline abbreviated MBI scores

https://www.jmir.org/2024/1/e50253
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and WHOOP measures collected over 12 weeks[34]. Thefinal
study investigated the association between burnout, as measured
by acommonly used single-item measure, and dleep and activity
level, as measured by a Fitbit. In this study, of 28 emergency
medicine residents, there was no association between burnout
scores and sleep or activity levelsover the course of the 16-week
study [37].

Depressive Symptoms, Stress, and Anxiety

A 14-month study of 775 medical residentsfound arelationship
between depressive symptoms, as measured by the 9-item
Patient Health Questionnaire [44], and step count (STC) and
sleep as measured by a Fithit Charge 2 [33]. Medical residents
whose depressive symptoms worsened over the period of the
study had a significantly higher skew in their hourly STC
distributions and spent less time in bed than those whose
symptoms did not worsen. In a study of 83 medical students,
Perceived Stress Scale-4 scores related to HR and HRV, were
measured by a Microsoft Smartband 2, at baseline and during
an examination [35].

In a 10-week study of 113 nurses led by Feng et al [32], no
relationship wasfound between thelevel of anxiety, asmeasured
by the State-Trait Anxiety Inventory (STAI) [45], and wearable
sensor data (eg, sleep and HR) collected using Fithit Charge 2
smartwatch. Weenk et al [41] conducted a study of 20 surgeons
and surgical residents who completed an abbreviated version
of the STAI before and after performing surgery, and wore a
HealthPatch. This adhesive patch cal culates stressusing an HR
and HRV-dependent algorithm for 48 to 72 hours [41]. There
was no correlation found between the STAI score and
HealthPatch data.

Device Use Compliance and Experience

Seven studies reported data on participant adherence or
experience with wearable devices. Chaukos et al [39] reported
that 25 (40%) of their participants wore their device for more
than 50% of the time for the first 3 months of the study, while
another 13 (21%) participants wore the device for more than
75% of the time for the first 3 months. Other studies, such as
one conducted by Sochacki et a [38] reported that of the 26
participants, 5 did not complete the minimum WHOOP
compliance (4 weeks). Surgeonsinvolved in astudy by Jevsevar
et al [34] reported a high percentage of device compliance at
83.2% of the total collection window, similar to the 93%
compliancerate reported by Mendel sohn et a [36] and Sochacki
et al [38]. Weenk et al [41] reported that 6 of 20 individuals
experienced problemswith their HealthPatch, similar to Marek
et a [37] who reported 1 of 30 participants dropped out due to
fitnesstracker intolerance. Problemsincluded connection failure
(n=2), loss of skin contact (n=2), and skinirritation (n=2). Feng
et a [32] noted similar compliance between day-shift
participants and night-shift participants (number of recordings
day-shift: mean 44.6, SD 3.1 sessions; night-shift: mean 45, SD
20.2 sessions).

Risk of Bias

A risk of bias of assessment was completed for the 8 cohort
studies and 1 cross-sectional study (Figure 3). While the risk
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of bias was generally low across the studies, none included a

Figure 3. Risk of bias assessment for observational cohort studies.
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Discussion differed substantially from the onesincluded in thisreview. For

To our knowledge, thisisthefirst scoping review to investigate
the use of wearable technologies for the prediction of burnout,
anxiety, depression, and stress in HCPs. Among the 10 studies
identified, a range of wearables collected data on HR, HRV,
respiratory rate, skin temperature, seep, and activity levelsfrom
asingle shift of work and up to 14 months of data collectionin
relatively small samples of physicians, medical students, and
nurses. In these studies, no relationships were found between
collected physiological data from wearables and burnout or
anxiety. One study reported a relationship between STC, time
in bed, and depressive symptoms, and another between HR,
HRV, and acute stress (during an examination). Identified
studies had methodol ogical limitations, including short duration
which limits the capture of naturalistic variations in the
workplace stressors.

In this review, 3 studies measured HRV [34,35,41] and only 1
found a significant relationship between HRV and acute stress.
A previous systematic review involving non-HCPs identified
2 studies demonstrating relationships between HRV and acute
stress-induced conditions and 1 study demonstrating a
relationship between HRV and stress levels measured by
catecholaminelevels[31]. Thisprevious systematic review also
identified 1 study wherein asetting of |aboratory-induced stress,
HRV parametersrelated to STAI score. These studies, however,

https://www.jmir.org/2024/1/e50253
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example, none of them collected physiological datalonger than
24 minutes, stress was induced in a laboratory setting (vs
occurring naturally in a work setting), and only 1 study
compared physiological datawith aself-reported stress measure
(ie, STAI score).

Given these early findings, further research focusing on the
following elements of rigor are warranted. First, the length of
observation should be long enough (at least 2 or 3 consecutive
quarters of a calendar year) to allow sufficient quanta of
wearable data to capture fluctuations in and chronicity of
workplace stress. Studies should systematically collect data
using validated instruments measuring burnout (eg, MBI-HSS
[43]), depression (eg, Center for Epidemiologic Studies
Depression Scale [46] and Patient Health Questionnaire-9 [44]),
and anxiety (eg, General Anxiety Disorder-7[47]). Investigators
may also want to consider designing cohorts comprising groups
of HCPs defined by their type of medical specialty or practice
location. For example, it is possible that workplace stressors,
patient acuity, and job demand fluctuate between primary care
and surgical specialties and between outpatient practices and
hospital-based practices. Hence, the burnout biomarkers may
vary between practices. Considering that burnout is defined as
when job demands exceed job resources, it is possible that the
workplace (eg, patient acuity and hospital bed size) and related
staffing factors (eg, workload, shift length, and availability of
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support staff) impact physiological biomarkers collected from
wearables. Hence, future studies should consider collecting
organizational variables to better understand the systemic
contributors of burnout. Additionally, given the era of
decentralized health care practice (eg, nontraditional shift
days/hours and remote care with augmented reality), studies
engaging with HCPs may benefit from no-contact passive
monitoring and a digital app interface for survey collection (ie,
decentralized trail). Finaly, there is a bioethics component to
understand how wearables can be successfully integrated into
workforces' burnout management. Greater attention needs to
be paid to participant engagement, including addressing comfort
with wearing the device, resolving discrepancies in
wearable-derived data versus self-reported data, and
understanding factors that influence perceptions of fatigue but
not recorded sleep [37,48,49].

The use of wearablesto detect the functioning states of human
beings is an active and rapidly evolving field. Several
wearable-based studies have been shown to aid in the detection
of mental health conditions or resilience in quality of life [50]
through mindfulness practices including physical activity [51]
and sleep [52-54] monitoring. Prior work has demonstrated that
aspects of physical functioning when combined with dataduring
the day could predict variations in aspects of QoL and mental
well-being [55-58]. Work by Campbell et a [59-64] has
demonstrated the ability of daily journaling, wearables, and
mobile assessments to detect depressive symptoms and mental
states in patients with schizophrenia. These prior effortsin the
field of mental health and the work summarized in this scoping
review demonstrate the promise of wearablesin predicting states
of one’s functioning, including burnout. However, a consensus
islacking on the best approaches to collecting, processing, and
reporting physiological data, much like CONSORT
(Consolidated Standards of Reporting Trials) [65] for reporting
randomized trials and STROBE (Strengthening the Reporting
of Observational Studiesin Epidemiology) [66] guidelines for
reporting observational studies. Standardization of variables
should include the creation of a guideline for reporting the
sampling frequency, device adherence, and other information
regarding device parameters that impact data collection. Such
standardization would assist with generalizing findings,
validating predictive algorithms, informing meta-analysis, and
the use of data for retraining predictive models regardless of
the wearable’s make and model. Additionally, there needs to
be consensus around approaches to address bioethics, privacy,
and confidentiality concerns of participants [67,68]. Predictive
technologies, informed by persona biometric or physiologic
data, may help improve work conditions but could also place
individuals' privacy or perhaps even their job security at risk.

Acknowledgments

Barac et d

Thisstudy haslimitations. Only studiesthat included physicians,
resident physicians, medical students, and nurses and were
published in English were included. Following the 2019
pandemic, physiciansidentifying as2 or more races experienced
the highest levels of burnout onset, according to areport by the
American Medical Association [69]. Furthermore, there are
known disparitiesin the accessto, and the use of digital health
technol ogiesin underrepresented minorities[70,71]. Therefore,
it isvital to understand the factors that cause burnout in these
groups of professionals and remove barriers to access to
personalized wellness technologies using wearables that may
help understand and mitigate burnout. In the context of the use
and access of digital health for burnout, 8 of the 10 studies
reported the gender breakdown of participants, and only 1 study
reported the race of their participants. With the urgent need to
broaden access to digital health solutions to study and
understand burnout, future efforts should (1) follow reporting
guidelines (eg, set by National Ingtitutes of Health in the Human
Subjects sections) to report on participant characteristics by
ethnicity, race, and gender, and (2) innovate study procedures
(eg, decentralized protocols) that improve the recruitment and
engagement of underrepresented minorities in digital health
studies of burnout. Although we sought to include validated
measures of burnout, stress, depression, and anxiety, the
instruments used in the studies varied in their psychometric
strengths. Finally, most studies lacked power calculations,
making findings, effect sizes, or impact of dropouts difficult to
interpret from the perspective of the generalizability of
biomarkers.

Degspite the popul arity of wearable devices, only 10 studieswere
identified that explored relationships between physiological
dataand burnout, depressive symptoms, stress, or anxiety. Most
of these studies had substantial methodological limitations, and
nearly all reported limited data collection and processing
information, participant experience with the wearable device,
and device compliance. Standardizing study procedures,
common data elements, and reporting of wearable data are
needed to strengthen the rigor of digital health studies.
Addressing these limitations will result in improvements in
wearable device research, including data standardization and
reporting, that will validate their use in providing early
intervention for HCPwellness. Additional researchiswarranted
to explorethe potential of wearable devices, perhaps augmented
with other system-level data (eg, work shift lengths and
absenteeism), to predict burnout and other forms of distress,
hopefully leading to meaningful action beforeit has an adverse
impact on HCPs and patient care.

Thisstudy was partially supported by the Mayo Clinic Summer Undergraduate Research Fellowship, National Science Foundation
(grant 2041339); Nationa Institutes of Health (grant RO1 NR020362); the Mayo Clinic Center for Individualized Medicine, and
the Mayo Clinic Center for Clinical and Trandational Science. Any opinions, findings, conclusions, or recommendations expressed
in this material are those of the authors and do not necessarily reflect the views of the National Science Foundation or National

Institutes of Health.

https://www.jmir.org/2024/1/e50253

JMed Internet Res 2024 | vol. 26 | €50253 | p. 8
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Barac et d

Authors Contributions
APA and LND contributed equally as co-Corresponding Authors. APA may be contacted at athreya.arjun@mayo.edu.

Conflictsof I nterest

PC has received research support from the National Institutes of Health (NIH), National Science Foundation (NSF), Brain and
Behavior Research Foundation, and the Mayo Clinic Foundation. PC has received research support from Pfizer, Inc. He has
received equipment support from Neuronetics, Inc, and MagVenture, Inc. He received grant-in-kind supplies and genotyping
from Assurex Health, Inc for an investigator-initiated study. He served as the primary investigator for a multicenter study funded
by Neuronetics, Inc and asite primary investigator for a study funded by NeoSync, Inc. PC served asapaid consultant for Engrail
Therapeutics, Sunovion, Procter and Gamble Company, Meta Platforms, Inc, and Myriad Neuroscience. PC is employed by the
Mayo Clinic. LD is a coinventor of the Well-Being Index and its derivatives which Mayo Clinic has licensed. LD receives
royalties. WB’s research has been supported by the NIMH, NINR, NSF, the Blue Gator Foundation, the Watzinger Foundation,
and the Mayo Foundation for Medical Education and Research. He has contributed chapters to UpToDate concerning the
pharmacological management of patients with bipolar spectrum disorders. MCs research has been supported by NSF and the
Mayo Foundation for Medical Education and Research.

Multimedia Appendix 1

Search strategy.
[DOCX File, 44 KB-Multimedia Appendix 1]

Multimedia Appendix 2

PRISMA-ScR checklist.
[PDE File (Adobe PDF Fil€), 499 KB-Multimedia Appendix 2]

References

1.  ICD-11for mortality and morbidity statistics. World Health Organization. 2023. URL: http://id.who.int/icd/entity/129180281
[accessed 2024-04-10]

2. Taking Action Against Clinician Burnout: A Systems Approach to Professional Well-Being. Washington, DC. National
Academies Press; 2019.

3. GolonkaK, Mojsa-Kgja J, Blukacz M, Gawtowska M, Marek T. Occupational burnout and its overlapping effect with
depression and anxiety. Int J Occup Med Environ Health. 2019;32(2):229-244. [FREE Full text] [doi:
10.13075/ijomeh.1896.01323] [Medline: 30855601]

4. MaaDA, Ramos MA, Bansa N, Khan R, Guille C, Di Angelantonio E, et a. Prevalence of depression and depressive
symptoms among resident physicians: a systematic review and meta-analysis. JAMA. 2015;314(22):2373-2383. [FREE
Full text] [doi: 10.1001/jama.2015.15845] [Medline: 26647259]

5. Menyk BM, Kelly SA, Stephens J, Dhakal K, McGovern C, Tucker S, et al. Interventions to improve mental health,
well-being, physical health, and lifestyle behaviorsin physicians and nurses: a systematic review. Am JHealth Promot.
2020;34(8):929-941. [FREE Full text] [doi: 10.1177/0890117120920451] [Medline: 32338522]

6. ErnstJ, Jordan KD, Weilenmann S, Sazpinar O, Gehrke S, Paolercio F, et al. Burnout, depression and anxiety among Swiss
medical students—a network analysis. J Psychiatr Res. 2021;143:196-201. [FREE Full text] [doi:
10.1016/j.jpsychires.2021.09.017] [Medline: 34500349]

7.  Appiani FJ, Cairoli FR, Sarotto L, Yaryour C, Basile ME, Duarte JM. Prevalence of stress, burnout syndrome, anxiety and
depression among physicians of ateaching hospital during the COVID-19 pandemic. [prevalencia de estrés, sindrome de
desgaste profesional, ansiedad y depresion en médicos de un hospital universitario durante la pandemiade COVID-19].
Arch Argent Pediatr. 2021;119(5):317-324. [FREE Full text] [doi: 10.5546/aap.2021.eng.317] [Medline: 34569739]

8.  Colville GA, Smith JG, Brierley J, Citron K, Nguru NM, Shaunak PD, et al. Coping with staff burnout and work-rel ated
posttraumatic stressin intensive care. Pediatr Crit Care Med. 2017;18(7):€267-€273. [doi: 10.1097/PCC.0000000000001179]
[Medline: 28459762]

9. Misiolek-Marin A, Soto-Rubio A, Misiolek H, Gil-Monte PR. Influence of burnout and feelings of guilt on depression and
health in anesthesiologists. Int JEnviron Res Public Health. 2020;17(24):9267. [FREE Full text] [doi:
10.3390/ijerph17249267] [Medline; 33322399]

10. Shanafelt TD, West CP, Dyrbye LN, Trockel M, Tutty M, Wang H, et a. Changesin burnout and satisfaction with work-life
integration in physicians during the first 2 years of the COVID-19 pandemic. Mayo Clin Proc. 2022;97(12):2248-2258.
[FREE Full text] [doi: 10.1016/].mayocp.2022.09.002] [Medline: 36229269]

11. Sexton JB, Adair KC, Proulx J, Profit J, Cui X, Bae J, et a. Emotional exhaustion among US health care workers before
and during the COVID-19 pandemic, 2019-2021. JAMA Netw Open. 2022;5(9):e2232748. [ FREE Full text] [doi:
10.1001/jamanetworkopen.2022.32748] [Medline: 36129705]

https://www.jmir.org/2024/1/e50253 JMed Internet Res 2024 | vol. 26 | €50253 | p. 9
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v26i1e50253_app1.docx&filename=df50aefbf667223a5c906cc574e7067b.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e50253_app1.docx&filename=df50aefbf667223a5c906cc574e7067b.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e50253_app2.pdf&filename=2a0327ba2db8599867eb9a0437a0490a.pdf
https://jmir.org/api/download?alt_name=jmir_v26i1e50253_app2.pdf&filename=2a0327ba2db8599867eb9a0437a0490a.pdf
http://id.who.int/icd/entity/129180281
https://doi.org/10.13075/ijomeh.1896.01323
http://dx.doi.org/10.13075/ijomeh.1896.01323
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30855601&dopt=Abstract
https://europepmc.org/abstract/MED/26647259
https://europepmc.org/abstract/MED/26647259
http://dx.doi.org/10.1001/jama.2015.15845
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26647259&dopt=Abstract
https://europepmc.org/abstract/MED/32338522
http://dx.doi.org/10.1177/0890117120920451
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32338522&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0022-3956(21)00556-2
http://dx.doi.org/10.1016/j.jpsychires.2021.09.017
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34500349&dopt=Abstract
https://doi.org/10.5546/aap.2021.eng.317
http://dx.doi.org/10.5546/aap.2021.eng.317
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34569739&dopt=Abstract
http://dx.doi.org/10.1097/PCC.0000000000001179
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28459762&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph17249267
http://dx.doi.org/10.3390/ijerph17249267
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33322399&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0025-6196(22)00515-8
http://dx.doi.org/10.1016/j.mayocp.2022.09.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36229269&dopt=Abstract
https://europepmc.org/abstract/MED/36129705
http://dx.doi.org/10.1001/jamanetworkopen.2022.32748
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36129705&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Barac et d

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

Jaconia GD, Lynch LR, Miller LK, Hines RL, Pinyavat T. COVID-19 impact on resident mental health and well-being. J
Neurosurg Anesthesiol. 2022;34(1):122-126. [doi: 10.1097/ANA.0000000000000806] [Medline: 34870634]

Menon NK, Shanafelt TD, Sinsky CA, Linzer M, Carlasare L, Brady KJS, et al. Association of physician burnout with
suicidal ideation and medical errors. JAMA Netw Open. 2020;3(12):€2028780. [FREE Full text] [doi:
10.1001/jamanetworkopen.2020.28780] [Medline: 33295977]

Austin EE, Do V, Nullwala R, Pulido DF, Hibbert PD, Braithwaite J, et al. Systematic review of the factors and the key
indicators that identify doctors at risk of complaints, malpractice claims or impaired performance. BMJ Open.
2021;11(8):e050377. [FREE Full text] [doi: 10.1136/bmjopen-2021-050377] [Medline: 34429317]

Noah N, Potas N. Association between nursing work stress, burnout and nosocomial infection rate in a neonatal intensive
care unit in Hargeisa, Somaliland. Trop Doct. 2022;52(1):46-52. [FREE Full text] [doi: 10.1177/00494755211055250]
[Medline: 34806491]

Schlak AE, Aiken LH, Chittams J, Poghosyan L, McHugh M. Leveraging the work environment to minimize the negative
impact of nurse burnout on patient outcomes. Int J Environ Res Public Health. 2021;18(2):610. [FREE Full text] [doi:
10.3390/ijerph18020610] [Medline: 33445764]

Melamed S, Shirom A, Toker S, Berliner S, Shapiral. Burnout and risk of cardiovascular disease: evidence, possible causal
paths, and promising research directions. Psychol Bull. 2006;132(3):327-353. [doi: 10.1037/0033-2909.132.3.327] [Medline:
16719565]

Melamed S, Kushnir T, Shirom A. Burnout and risk factors for cardiovascular diseases. Behav Med. 1992;18(2):53-60.
[doi: 10.1080/08964289.1992.9935172] [Medline: 1392214]

Kuhn CM, Flanagan EM. Self-care as a professional imperative: physician burnout, depression, and suicide. [prendre soin
desoi, unimpératif professionnel: I'épuisement professionnel, ladépression et e suicide chez lesmédecing]. Can J Anaesth.
2017;64(2):158-168. [FREE Full text] [doi: 10.1007/s12630-016-0781-0] [Medline: 27910035]

Lacy BE, Chan JL. Physician burnout: the hidden health care crisis. Clin Gastroenterol Hepatol. 2018;16(3):311-317. [FREE
Full text] [doi: 10.1016/j.cgh.2017.06.043] [Medline: 28669661]

Arnsten AFT, Shanafelt T. Physician distress and burnout: the neurobiological perspective. Mayo Clin Proc.
2021;96(3):763-769. [FREE Full text] [doi: 10.1016/j.mayocp.2020.12.027] [Medline: 33673923]

HaGani N, Hershler ME, Ben Shlush E. The relationship between burnout, commuting crashes and drowsy driving among
hospital health care workers. Int Arch Occup Environ Health. 2022;95(6):1357-1367. [FREE Full text] [doi:
10.1007/s00420-022-01855-7] [Medline: 35318536]

Pulcrano M, Evans SRT, Sosin M. Quality of life and burnout rates across surgical specialties: a systematic review. JAMA
Surg. 2016;151(10):970-978. [doi: 10.1001/jamasurg.2016.1647] [Medline: 27410167]

KimHG, Cheon EJ, Bai DS, Lee YH, Koo BH. Stressand heart rate variability: ameta-analysisand review of theliterature.
Psychiatry Investig. 2018;15(3):235-245. [FREE Full text] [doi: 10.30773/pi.2017.08.17] [Medline: 29486547]

Hirotsu C, Tufik S, Andersen ML. Interactions between sleep, stress, and metabolism: from physiological to pathological
conditions. Sleep Sci. 2015;8(3):143-152. [FREE Full text] [doi: 10.1016/j.51sci.2015.09.002] [Medline: 26779321]
Herborn KA, Graves JL, Jerem P, Evans NP, Nager R, McCafferty DJ, et al. Skin temperature reveals the intensity of acute
stress. Physiol Behav. 2015;152(Pt A):225-230. [FREE Full text] [doi: 10.1016/j.physbeh.2015.09.032] [Medline; 26434785]
Membrive-Jiménez MJ, Gémez-Urquiza JL, Suleiman-Martos N, Velando-Soriano A, Ariza T, De la Fuente-Solana El, et
al. Relation between burnout and sleep problems in nurses: a systematic review with meta-analysis. Healthcare (Basdl).
2022;10(5):954. [FREE Full text] [doi: 10.3390/healthcare10050954] [Medline: 35628091]

Dong L, Xie, Zou X. Association between sleep duration and depression in US adults: a cross-sectional study. J Affect
Disord. 2022;296:183-188. [FREE Full text] [doi: 10.1016/j.jad.2021.09.075] [Medline: 34607059]

Cox RC, Olatunji BO. A systematic review of sleep disturbance in anxiety and related disorders. J Anxiety Disord.
2016;37:104-129. [doi: 10.1016/j.janxdis.2015.12.001] [Medline: 26745517]

Cisco visual networking index: global mobile data traffic forecast update, 2017—-2022. The Networking REPORT. 2019.
URL: https://networking.report/whitepapers/

cisco-visual -networking-index-gl obal -mabil e-data-traffi cf orecast-update-201 7%E2%80%932022 [accessed 2024-04-10]
Hickey BA, Chamers T, Newton P, Lin CT, Sibbritt D, McLachlan CS, et al. Smart devices and wearable technologiesto
detect and monitor mental health conditions and stress: a systematic review. Sensors (Basel). 2021;21(10):3461. [FREE
Full text] [doi: 10.3390/s21103461] [Medline: 34065620]

Feng T, Booth BM, Baldwin-Rodriguez B, Osorno F, Narayanan S. A multimodal analysis of physical activity, sleep, and
work shift in nurses with wearable sensor data. Sci Rep. 2021;11(1):8693. [FREE Full text] [doi:
10.1038/s41598-021-87029-w] [Medline: 33888731]

Adler DA, Tseng VWS, Qi G, ScarpaJ, Sen S, Choudhury T. Identifying mobile sensing indicators of stress-resilience.
Proc ACM Interact Mob Wearable Ubiquitous Technol. 2021;5(2):51. [EREE Full text] [doi: 10.1145/3463528] [Medline:
35445162]

Jevsevar DS, Malloy IB, Gitajn IL, Werth PM. Orthopaedic surgeon physiological indicators of strain as measured by a
wearablefitnessdevice. JAm Acad Orthop Surg. 2021;29(24):e1378-e1386. [doi: 10.5435/JAAOS-D-21-00078] [Medline:
33999882]

https://www.jmir.org/2024/1/e50253 JMed Internet Res 2024 | vol. 26 | €50253 | p. 10

(page number not for citation purposes)


http://dx.doi.org/10.1097/ANA.0000000000000806
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34870634&dopt=Abstract
https://europepmc.org/abstract/MED/33295977
http://dx.doi.org/10.1001/jamanetworkopen.2020.28780
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33295977&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=34429317
http://dx.doi.org/10.1136/bmjopen-2021-050377
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34429317&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/00494755211055250
http://dx.doi.org/10.1177/00494755211055250
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34806491&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph18020610
http://dx.doi.org/10.3390/ijerph18020610
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33445764&dopt=Abstract
http://dx.doi.org/10.1037/0033-2909.132.3.327
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16719565&dopt=Abstract
http://dx.doi.org/10.1080/08964289.1992.9935172
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=1392214&dopt=Abstract
https://link.springer.com/article/10.1007/s12630-016-0781-0
http://dx.doi.org/10.1007/s12630-016-0781-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27910035&dopt=Abstract
https://www.cghjournal.org/article/S1542-3565(17)30790-5/fulltext
https://www.cghjournal.org/article/S1542-3565(17)30790-5/fulltext
http://dx.doi.org/10.1016/j.cgh.2017.06.043
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28669661&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0025-6196(20)31500-7
http://dx.doi.org/10.1016/j.mayocp.2020.12.027
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33673923&dopt=Abstract
https://europepmc.org/abstract/MED/35318536
http://dx.doi.org/10.1007/s00420-022-01855-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35318536&dopt=Abstract
http://dx.doi.org/10.1001/jamasurg.2016.1647
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27410167&dopt=Abstract
https://europepmc.org/abstract/MED/29486547
http://dx.doi.org/10.30773/pi.2017.08.17
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29486547&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1984-0063(15)00060-7
http://dx.doi.org/10.1016/j.slsci.2015.09.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26779321&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0031-9384(15)30129-3
http://dx.doi.org/10.1016/j.physbeh.2015.09.032
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26434785&dopt=Abstract
https://www.mdpi.com/resolver?pii=healthcare10050954
http://dx.doi.org/10.3390/healthcare10050954
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35628091&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0165-0327(21)01034-X
http://dx.doi.org/10.1016/j.jad.2021.09.075
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34607059&dopt=Abstract
http://dx.doi.org/10.1016/j.janxdis.2015.12.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26745517&dopt=Abstract
https://networking.report/whitepapers/cisco-visual-networking-index-global-mobile-data-trafficforecast-update-2017%E2%80%932022
https://networking.report/whitepapers/cisco-visual-networking-index-global-mobile-data-trafficforecast-update-2017%E2%80%932022
https://www.mdpi.com/resolver?pii=s21103461
https://www.mdpi.com/resolver?pii=s21103461
http://dx.doi.org/10.3390/s21103461
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34065620&dopt=Abstract
https://doi.org/10.1038/s41598-021-87029-w
http://dx.doi.org/10.1038/s41598-021-87029-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33888731&dopt=Abstract
https://europepmc.org/abstract/MED/35445162
http://dx.doi.org/10.1145/3463528
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35445162&dopt=Abstract
http://dx.doi.org/10.5435/JAAOS-D-21-00078
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33999882&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Barac et d

35.

36.

37.

38.

39.

40.

41.

42.

43.

45,

46.

47.

48.

49,

50.

51.

52.

53.

55.

56.

SilvaE, Aguiar J, Reis LP, Sa JOE, Gongalves J, Carvalho V. Stress among Portuguese medical students: the EuStress
solution. J Med Syst. 2020;44(2):45. [doi: 10.1007/s10916-019-1520-1] [Medline: 31897774]

Mendelsohn D, Despot |, Gooderham PA, Singhal A, Redekop GJ, ToyotaBD. Impact of work hours and sleep on well-being
and burnout for physicians-in-training: the resident activity tracker evaluation study. Med Educ. 2019;53(3):306-315. [doi:
10.1111/medu.13757] [Medline: 30485496]

Marek AP, Nygaard RM, Liang ET, Roetker NS, Del.aquil M, Gregorich S, et al. The association between
objectively-measured activity, deep, call responsibilities, and burnout in aresident cohort. BMC Med Educ. 2019;19(1):158.
[FREE Full text] [doi: 10.1186/s12909-019-1592-0] [Medline; 31113435]

Sochacki KR, Dong D, Peterson L, McCulloch PC, Harris JD. The measurement of orthopaedic surgeon burnout using a
validated wearable device. Arthrosc Sports Med Rehabil. 2019;1(2):e115-e121. [FREE Full text] [doi:
10.1016/j.asmr.2019.09.004] [Medline: 32266348]

Chaukos D, Chad-Friedman E, Mehta DH, Byerly L, Celik A, McCoy TH, et al. SMART-R: a prospective cohort study of
aresilience curriculum for residents by residents. Acad Psychiatry. 2018;42(1):78-83. [doi: 10.1007/s40596-017-0808-7]
[Medline: 29098597]

de Looff P, Nijman H, Didden R, Embregts P. Burnout symptomsin forensic psychiatric nurses and their associations with
personality, emotional intelligence and client aggression: a cross-sectiona study. J Psychiatr Ment Health Nurs.
2018;25(8):506-516. [FREE Full text] [doi: 10.1111/jpm.12496] [Medline: 30199590]

Weenk M, Alken APB, Engelen LILPG, Bredie SJH, van de Belt TH, van Goor H. Stress measurement in surgeons and
residents using asmart patch. Am J Surg. 2018;216(2):361-368. [doi: 10.1016/j.amjsurg.2017.05.015] [Medline: 28615137]
Stang A. Critical evaluation of the Newcastle-Ottawa scale for the assessment of the quality of nonrandomized studiesin
meta-analyses. Eur J Epidemiol. 2010;25(9):603-605. [doi: 10.1007/s10654-010-9491-7] [Medline: 20652370]

Maslach C, Jackson SE, Leiter MP. Maslach Burnout I nventory Manual, 3rd Edition. Palo Alto, CA. ConsultingPsychol ogists
Press, 1996.

Kroenke K, Spitzer RL, Williams JB. The PHQ-9: validity of a brief depression severity measure. J Gen Intern Med.
2001;16(9):606-613. [FREE Full text] [doi: 10.1046/j.1525-1497.2001.016009606.x] [Medline: 11556941]

Spielberger CD. State-trait anxiety inventory for adults. American Psychological Association. 1983. URL: https://psycnet.
apa.org/doil anding?doi=10.1037%2Ft06496-000 [accessed 2024-04-10]

Vilagut G, Forero CG, Barbaglia G, Alonso J. Screening for depression in the general population with the Center for
Epidemiologic Studies Depression (CES-D): a systematic review with meta-analysis. PLoS One. 2016;11(5):e0155431.
[EREE Full text] [doi: 10.1371/journal.pone.0155431] [Medline: 27182821]

Spitzer RL, Kroenke K, Williams JBW, Léwe B. A brief measure for assessing generalized anxiety disorder: the GAD-7.
Arch Intern Med. 2006;166(10):1092-1097. [FREE Full text] [doi: 10.1001/archinte.166.10.1092] [Medline: 16717171]
Sargent MC, Sotile W, Sotile MO, Rubash H, Barrack RL. Stress and coping among orthopaedic surgery residents and
faculty. J Bone Joint Surg Am. 2004;86(7):1579-1586. [doi: 10.2106/00004623-200407000-00032] [Medline: 15252111]
Sargent MC, SotileW, Sotile MO, Rubash H, Barrack RL. Quality of life during orthopaedic training and academic practice.
part 1: orthopaedic surgery residents and faculty. JBone Joint Surg Am. 2009;91(10):2395-2405. [doi: 10.2106/JBJS.H.00665]
[Medline: 19797575]

Hirten RP, Suprun M, Danieletto M, Zweig M, Golden E, Pyzik R, et a. A machinelearning approach to determineresilience
utilizing wearable device data: analysis of an observational cohort. JAMIA Open. 2023;6(2):00ad029. [FREE Full text]
[doi: 10.1093/jamiaopen/o0ad029] [Medline: 37143859]

Ghosh K, Nanda S, Hurt RT, Schroeder DR, West CP, Fischer KM, et al. Mindfulness using a wearable brain sensing
device for health care professionals during a pandemic: a pilot program. J Prim Care Community Health.
2023;14:21501319231162308. [FREE Full text] [doi: 10.1177/21501319231162308] [Medline: 36960553]

Huberty J, Green J, Glissmann C, Larkey L, PuziaM, Lee C. Efficacy of the mindfulness meditation mobile app "calm"
to reduce stress among college students: randomized controlled trial. IMIR Mhealth Uhealth. 2019;7(6):€14273. [FREE
Full text] [doi: 10.2196/14273] [Medline: 31237569]

Pyrkov TV, Sokolov IS, Fedichev PO. Deep longitudinal phenotyping of wearable sensor data revealsindependent markers
of longevity, stress, and resilience. Aging (Albany NY). 2021;13(6):7900-7913. [FREE Full text] [doi:
10.18632/aging.202816] [Medline: 33735108]

Thota D. Evaluating the relationship between fitbit sleep data and self-reported mood, sleep, and environmental contextual
factorsin healthy adults: pilot observational cohort study. IMIR Form Res. 2020;4(9):€18086. [FREE Full text] [doi:
10.2196/18086] [Medline: 32990631]

Fischer D, McHill AW, Sano A, Picard RW, Barger LK, Czeidler CA, et al. Irregular sleep and event schedules are associated
with poorer self-reported well-being in US college students. Sleep. 2020;43(6):2s2300. [FREE Full text] [doi:
10.1093/sleep/zsz300] [Medline: 31837266]

Sano A, Yu AZ, McHill AW, Phillips AJK, Taylor S, Jaques N, et a. Prediction of happy-sad mood from daily behaviors
and previous sleep history. Annu Int Conf IEEE Eng Med Biol Soc. 2015;2015:6796-6799. [FREE Full text] [doi:
10.1109/EMBC.2015.7319954] [Medline: 26737854]

https://www.jmir.org/2024/1/e50253 JMed Internet Res 2024 | vol. 26 | €50253 | p. 11

(page number not for citation purposes)


http://dx.doi.org/10.1007/s10916-019-1520-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31897774&dopt=Abstract
http://dx.doi.org/10.1111/medu.13757
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30485496&dopt=Abstract
https://bmcmededuc.biomedcentral.com/articles/10.1186/s12909-019-1592-0
http://dx.doi.org/10.1186/s12909-019-1592-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31113435&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2666-061X(19)30019-7
http://dx.doi.org/10.1016/j.asmr.2019.09.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32266348&dopt=Abstract
http://dx.doi.org/10.1007/s40596-017-0808-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29098597&dopt=Abstract
https://core.ac.uk/reader/200776068?utm_source=linkout
http://dx.doi.org/10.1111/jpm.12496
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30199590&dopt=Abstract
http://dx.doi.org/10.1016/j.amjsurg.2017.05.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28615137&dopt=Abstract
http://dx.doi.org/10.1007/s10654-010-9491-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20652370&dopt=Abstract
https://europepmc.org/abstract/MED/11556941
http://dx.doi.org/10.1046/j.1525-1497.2001.016009606.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11556941&dopt=Abstract
https://psycnet.apa.org/doiLanding?doi=10.1037%2Ft06496-000
https://psycnet.apa.org/doiLanding?doi=10.1037%2Ft06496-000
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0155431
http://dx.doi.org/10.1371/journal.pone.0155431
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27182821&dopt=Abstract
https://jamanetwork.com/journals/jamainternalmedicine/fullarticle/410326
http://dx.doi.org/10.1001/archinte.166.10.1092
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16717171&dopt=Abstract
http://dx.doi.org/10.2106/00004623-200407000-00032
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15252111&dopt=Abstract
http://dx.doi.org/10.2106/JBJS.H.00665
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19797575&dopt=Abstract
https://europepmc.org/abstract/MED/37143859
http://dx.doi.org/10.1093/jamiaopen/ooad029
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37143859&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/21501319231162308?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/21501319231162308
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36960553&dopt=Abstract
https://mhealth.jmir.org/2019/6/e14273/
https://mhealth.jmir.org/2019/6/e14273/
http://dx.doi.org/10.2196/14273
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31237569&dopt=Abstract
https://www.aging-us.com/full/202816
http://dx.doi.org/10.18632/aging.202816
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33735108&dopt=Abstract
https://formative.jmir.org/2020/9/e18086/
http://dx.doi.org/10.2196/18086
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32990631&dopt=Abstract
https://europepmc.org/abstract/MED/31837266
http://dx.doi.org/10.1093/sleep/zsz300
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31837266&dopt=Abstract
https://europepmc.org/abstract/MED/26737854
http://dx.doi.org/10.1109/EMBC.2015.7319954
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26737854&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Barac et d

57.

58.

59.

60.

61.

62.

63.

65.

66.

67.

68.

69.

70.

71.

Umematsu T, Sano A, Picard RW. Daytime dataand LSTM can forecast tomorrow's stress, health, and happiness. Annu
Int Conf |[EEE Eng Med Biol Soc. 2019;2019:2186-2190. [doi: 10.1109/EMBC.2019.8856862] [Medline: 31946335]
Umematsu T, Sano A, Taylor S, Tsujikawa M, Picard RW. Forecasting stress, mood, and health from daytime physiology
in office workers and students. Annu Int Conf |IEEE Eng Med Biol Soc. 2020;2020:5953-5957. [doi:
10.1109/EMBC44109.2020.9176706] [Medline: 33019329]

Ben-Zeev D, Scherer EA, Wang R, Xie H, Campbell AT. Next-generation psychiatric assessment: using smartphone sensors
to monitor behavior and mental health. Psychiatr Rehabil J. 2015;38(3):218-226. [FREE Full text] [doi: 10.1037/prj0000130]
[Medline: 25844912]

Buck B, Hallgren KA, Campbell AT, Choudhury T, Kane JM, Ben-Zeev D. mHealth-assisted detection of precursors to
relapse in schizophrenia. Front Psychiatry. 2021;12:642200. [ FREE Full text] [doi: 10.3389/fpsyt.2021.642200] [Medline:
34135781]

daSilva AW, Huckins JF, Wang W, Wang R, Campbell AT, Meyer ML. Daily perceived stress predicts less next day social
interaction: evidence from anaturalistic mobile sensing study. Emotion. 2021;21(8):1760-1770. [doi: 10.1037/emo0000994]
[Medline: 35041440]

Huckins JF, DaSilva AW, Hedlund EL, Murphy EI, Rogers C, Wang W, et al. Causal factors of anxiety and depression in
college students: longitudinal ecological momentary assessment and causal analysis using Peter and Clark momentary
conditional independence. IMIR Ment Health. 2020;7(6):€16684. [ FREE Full text] [doi: 10.2196/16684] [Medline: 32519971]
Huckins JF, daSilva AW, Wang R, Wang W, Hedlund EL, Murphy El, et a. Fusing mobile phone sensing and brain imaging
to assess depression in college students. Front Neurosci. 2019;13:248. [EREE Full text] [doi: 10.3389/fnins.2019.00248]
[Medline: 30949024]

Huckins JF, daSilva AW, Wang W, Hedlund E, Rogers C, Nepal SK, et al. Mental health and behavior of college students
during the early phases of the COVI1D-19 pandemic: longitudinal smartphone and ecological momentary assessment study.
JMed Internet Res. 2020;22(6):€20185. [FREE Full text] [doi: 10.2196/20185] [Medline: 32519963]

Calvert M, Blazeby J, Altman DG, Revicki DA, Moher D, Brundage MD, et al. CONSORT PRO Group. Reporting of
patient-reported outcomesin randomized trials: the CONSORT PRO extension. JAMA. 2013;309(8):814-822. [FREE Full
text] [doi: 10.1001/jama.2013.879] [Medline: 23443445]

von EIm E, Altman DG, Egger M, Pocock SJ, Gatzsche PC, Vandenbroucke JP, et al. STROBE I nitiative. The Strengthening
the Reporting of Observational Studiesin Epidemiology (STROBE) statement: guidelines for reporting observational
studies. Int J Surg. 2014;12(12):1495-1499. [FREE Full text] [doi: 10.1016/].ijsu.2014.07.013] [Medline: 25046131]
Martinez-Martin N, Luo Z, Kaushal A, Adeli E, Haque A, Kelly SS, et al. Ethical issuesin using ambient intelligence in
health-care settings. Lancet Digit Health. 2021;3(2):e115-e123. [FREE Full text] [doi: 10.1016/S2589-7500(20)30275-2]
[Medline: 33358138]

Johansson JV, Bentzen HB, Mascalzoni D. What ethical approaches are used by scientists when sharing health data? an
interview study. BMC Med Ethics. 2022;23(1):41. [FREE Full text] [doi: 10.1186/s12910-022-00779-8] [Medline: 35410285]
Shanafelt TD, West CP, Sinsky C, Trockel M, Tutty M, Satele DV, et al. Changesin burnout and satisfaction with work-life
integration in physicians and the general US working population between 2011 and 2017. Mayo Clin Proc.
2019;94(9):1681-1694. [ FREE Full text] [doi: 10.1016/j.mayocp.2018.10.023] [Medline: 30803733]

van Kessel R, Wong BLH, Clemens T, Brand H. Digital health literacy as a super determinant of health: more than simply
the sum of its parts. Internet Interv. 2022;27:100500. [FREE Full text] [doi: 10.1016/j.invent.2022.100500] [Medline:
35242586]

Busse TS, Nitsche J, Kernebeck S, Jux C, Weitz J, Ehlers JP, et al. Approachesto improvement of Digital Health Literacy
(eHL) in the context of person-centered care. Int J Environ Res Public Health. 2022;19(14):8309. [FREE Full text] [doi:
10.3390/ijerph19148309] [Medline: 35886158]

Abbreviations

CONSORT: Consolidated Standards of Reporting Trials

HCP: health care professional

HR: heart rate

HRV: heart rate variability

MBI-HSS: Maslach Burnout Inventory—Human Services Survey

STAI: State-Trait Anxiety Inventory

STC: step count

STROBE: Strengthening the Reporting of Observational Studiesin Epidemiology

https://www.jmir.org/2024/1/e50253 JMed Internet Res 2024 | vol. 26 | €50253 | p. 12

(page number not for citation purposes)


http://dx.doi.org/10.1109/EMBC.2019.8856862
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31946335&dopt=Abstract
http://dx.doi.org/10.1109/EMBC44109.2020.9176706
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33019329&dopt=Abstract
https://europepmc.org/abstract/MED/25844912
http://dx.doi.org/10.1037/prj0000130
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25844912&dopt=Abstract
https://europepmc.org/abstract/MED/34135781
http://dx.doi.org/10.3389/fpsyt.2021.642200
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34135781&dopt=Abstract
http://dx.doi.org/10.1037/emo0000994
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35041440&dopt=Abstract
https://mental.jmir.org/2020/6/e16684/
http://dx.doi.org/10.2196/16684
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32519971&dopt=Abstract
https://europepmc.org/abstract/MED/30949024
http://dx.doi.org/10.3389/fnins.2019.00248
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30949024&dopt=Abstract
https://www.jmir.org/2020/6/e20185/
http://dx.doi.org/10.2196/20185
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32519963&dopt=Abstract
https://jamanetwork.com/journals/jama/fullarticle/1656259
https://jamanetwork.com/journals/jama/fullarticle/1656259
http://dx.doi.org/10.1001/jama.2013.879
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23443445&dopt=Abstract
https://boris.unibe.ch/id/eprint/55059
http://dx.doi.org/10.1016/j.ijsu.2014.07.013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25046131&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(20)30275-2
http://dx.doi.org/10.1016/S2589-7500(20)30275-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33358138&dopt=Abstract
https://bmcmedethics.biomedcentral.com/articles/10.1186/s12910-022-00779-8
http://dx.doi.org/10.1186/s12910-022-00779-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35410285&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0025-6196(18)30938-8
http://dx.doi.org/10.1016/j.mayocp.2018.10.023
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30803733&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2214-7829(22)00007-0
http://dx.doi.org/10.1016/j.invent.2022.100500
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35242586&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph19148309
http://dx.doi.org/10.3390/ijerph19148309
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35886158&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Barac et d

Edited by T de Azevedo Cardoso; submitted 24.06.23; peer-reviewed by T Pipe, P Punda; comments to author 01.12.23; revised
version received 01.01.24; accepted 20.03.24; published 25.06.24

Please cite as:

Barac M, Scaletty S, Hassett LC, Stillwell A, Croarkin PE, Chauhan M, Chesak S, Bobo WV, Athreya AP, Dyrbye LN
Wearable Technologies for Detecting Burnout and Well-Being in Health Care Professionals; Scoping Review

J Med Internet Res 2024; 26:€50253

URL: https://www.jmir.org/2024/1/€50253

doi: 10.2196/50253

PMID: 38916948

©MilicaBarac, Samantha Scaletty, L eslie C Hassett, Ashley Stillwell, Paul E Croarkin, Mohit Chauhan, Sherry Chesak, William
V Bobo, Arjun P Athreya, Lisclotte N Dyrbye. Originaly published in the Journal of Medica Internet Research
(https://www.jmir.org), 25.06.2024. Thisisan open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete
bibliographic information, a link to the origina publication on https://www.jmir.org/, as well as this copyright and license
information must be included.

https://www.jmir.org/2024/1/e50253 JMed Internet Res 2024 | vol. 26 | €50253 | p. 13
(page number not for citation purposes)

RenderX


https://www.jmir.org/2024/1/e50253
http://dx.doi.org/10.2196/50253
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38916948&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

