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ABSTRACT

Background: Student wellness is of increasing concern in medical education. Increased rates
of burnout, sleep disturbances, and psychological concerns in medical students are well
documented. These concerns lead to impacts on current educational goals and may set
students on a path for long-term health consequences.

Methods: Undergraduate medical students were recruited to participate in a novel long-
itudinal wellness tracking project. This project utilized validated wellness surveys to assess
emotional health, sleep health, and burnout at multiple timepoints. Biometric information
was collected from participant Fitbit devices that tracked longitudinal sleep patterns.
Results: Eighty-one students from three cohorts were assessed during the first semester of
their M1 preclinical curriculum. Biometric data showed that nearly 30% of the students had
frequent short sleep episodes (<6 hours of sleep for at least 30% of recorded days), and nearly
68% of students had at least one episode of three or more consecutive days of short sleep.
Students that had consecutive short sleep episodes had higher rates of stress (8.3%) and
depression (5.4%) symptoms and decreased academic efficiency (1.72%).

Conclusions: Biometric data were shown to significantly predict psychological health and aca-
demic experiences in medical students. Biometrically assessed sleep is poor in medical students,
and consecutive days of short sleep duration are particularly impactful as it relates to other
measures of wellness. Longitudinal, biometric data tracking is feasible and can provide students
the ability to self-monitor health behaviors and allow for low-intensity health interventions.
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Background

An increased rate of psychological health issues in med-
ical students as compared to their age-matched non-
medical student peers is well documented.
Psychological and health issues include the development
of burnout, sleep disturbances, depression or anxiety
symptoms, and decreases in personal care [1-4]. To
date, there hasn't been a clear understanding of effective
interventions to address these wellness issues in medical
students, and most of what we understand surrounding
sleep quality is based solely on student perceptions.

The perception of quality of sleep issues is com-
mon in medical students. Concurrently, it is well
documented that sleep problems can directly impact
stress and psychological health, physical health, and
cognitive functioning (including learning and the for-
mation of memories) [5,6]. Quality sleep consists of
several factors including total duration, sleep latency,
restlessness, and consistency of duration as well as
timing of sleep from day to day [7].

The present study is an evaluation of medical student
sleep behaviors during their first medical school year

using both biometric data collection via personal health
trackers (FitBits) and self-reported sleep and sleep pro-
blems. The present study also seeks to understand the
relationship of biometric sleep data to self-reported
wellness through the use of validated surveys to assess
other aspects of medical student wellness. The goal of
the present study was to determine the feasibility of
using a personal health tracker as a non-invasive low-
stress mechanism for tracking medical student sleep
and determine key sleep indicators that might suggest
other wellness-related issues for students (e.g., depres-
sion, anxiety, burnout, etc.).

Materials & methods

Between August 2018 and August 2020, 81 first year
(M1) pre-clinical medical student participants were
recruited to participate in this study (Oakland
University IRB #1285854-7). Participants consented
to participating in the study throughout their first
(M1) through fourth (M4) years of medical school;
however, only M1 data is presented in the current
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manuscript. A neutral broker was used to maintain
anonymity between students and faculty. After con-
senting to the study and providing demographic
information, participants received FitBits to enable
biometric data collection (sleep, heart rate, physical
activity) through Fitabase’s proprietary API tool
(www fitabase.com). = While  polysomnography
(PSG) remains the gold standard for short duration
(typically, one night) clinical sleep studies, consu-
mer wearable devices such as FitBits are widely used
by researchers in search of feasible mechanisms to
track sleep parameters in a real-life environment
over long periods of time [8-10]. FitBits have been
shown to have comparable results to clinical sleep
studies for tracking key sleep parameters in
a variety of populations (ex. adults, adolescents
and insomnia disorder patients) given their known
limitations [8,11-14]. All participants were given
a new Charge HR FitBit device (models 2-4 based
on year of recruitment to the study and currently
available FitBit model, www.fitbit.com). All the
Charge HR models used in this study (2-4) are
commercially available wrist accelerometers, which
have a three-axis acceleration sensor, altimeter,
vibration motor, and optical heart rate monitor
and have been shown to be a valid tool for estimat-
ing sleep parameters (including total sleep duration
and sleep onset times) utilizing the same algorithm
[8,15-17]. Each participant wore their study pro-
vided device for the duration of the study, which
normalized the tracking accuracy of the devices for
an individual during the study as well as across the
participants. Device charge and data syncing are
tracked through the Fitabase platform.

Self-report data were collected using validated sur-
veys (including emotional health, sleep health, and
burnout) at three salient timepoints across the
academic year. For all self-reported data, only parti-
cipants who completed the entirety of the individual
scale were included in the analysis of each scale as
scoring for each scale depends on participants’
answers to all components of the respective scale.
The present analyses explored biometric data from
late fall of each participant’s M1 year (October
through December), as well as data from the corre-
sponding November survey. This time frame was
chosen as it represents first-year medical students’
experiences after they have completed the first set of
preclinical courses, and prior to the winter break.

Table 1. Key variables and definitions.

Measures

Biometric sleep data

Fitabase data was accessed for all enrolled partici-
pants. Fitabase data analyzed for the present study
included: sleep onset time, wake time, and hours of
sleep per day. The raw Fitabase data was transformed
into 2 key sleep variables: frequency of short sleep
days and consecutive days of short sleep. Short sleep
duration days were defined as days with less than
6hours of sleep. Although the National Sleep
Foundation recommends 7-9hours of sleep per
night for our population’s age range, we acknowledge
that this ideal range is not typically met for practi-
tioners in the medical field [6,18].

Frequency of short sleep duration days was calcu-
lated by the number of short sleep duration days
divided by the total number of sleep records. We
categorized individuals into frequent short sleep
duration days or infrequent short sleep duration
(see Table 1 for variable definitions). As frequent
short sleep days were a calculated ratio, including
total number of sleep records, we only used data
from students with recorded FitBit data for 60% or
more of the possible recorded days (n = 44). Students
who did not consistently wear their device during
sleep were excluded (<60% of possible days with
recorded biometric data).

For consecutive days of short sleep, all students
with any biometric sleep data during the M1 October
to December period were included. This approach
allowed us to capture any instances of consecutive
days of short sleep.

Emotional health

Self-reported emotional health was evaluated using
the Depression Anxiety Stress Scales (DASS) [19].
The DASS consists of 21 items and contains subscales
for depression, anxiety, and stress. Each scale has
established cutoffs and moderate and severe cutoffs
for each subscale were examined. Analyses were con-
ducted with each subscale dichotomized to identify
students meeting or not meeting the ‘severe’ cutoff.

Sleep health

Self-reported sleep health was evaluated using the
Pittsburgh Sleep Quality Index (PSQI) which is
a frequently used, reliable and valid measure to exam-
ine sleep quality problems [20]. The PSQI consists of

Biometric Sleep Terms

Definitions

Short Sleep

Frequent Short Sleep
Consecutive Short Sleep
Consecutive Short Sleep Episode

<6 hours sleep duration in a given day

More than 30% of a participant’s recorded days
Consecutive nights with less than 6 hours of sleep
2+ consecutive short sleep days
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19 items which assess sleep quality concerns, such as
latency, efficiency, and disturbances. The global score
was used for the present analyses. Although the stan-
dard cutoff of 5 indicates a higher likelihood of sleep
problems, given the high rate of endorsement of sleep
quality concerns in our population, a higher evi-
dence-informed cutoff of 8 for young adult popula-
tions was used to dichotomize (yes/no for self-
reported poor sleep quality) for the purpose of the
present analyses [21].

Burnout

The Oldenberg Burnout Inventory (OBI) was used to
assess burnout and has been determined to be
a reliable and valid measure of burnout [22].
Subscales assess exhaustion and disengagement, and
standard cutoffs were used. For the present analyses,
meeting the cutoff for either exhaustion or disengage-
ment was coded as endorsement ‘risk of burnout’
(yes/no). It is important to note that this scale has
been used extensively in medical school students and
is used to assess burnout nationally on the American
Association of Medical Colleges Year 2 Questionnaire
(AAMC Y2Q) provided to second-year medical stu-
dents [23].

Educational related perceptions

The Student Subjective Wellbeing Questionnaire
(SSWQ) was used for the purpose of evaluating edu-
cational related perceptions [24]. Subscales assess the
constructs of joy of learning, school connectedness,
educational purpose, and academic self-efficacy. Each
subscale was analyzed as a continuous variable.

Analyses

Analyses were conducted in SPSS 28. Chi-square
analyses were conducted for dichotomous variables
(i.e., emotional health outcomes, burnout, self-
reported sleep quality) and ANOVAs were conducted
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for continuous outcomes

perceptions).

(i.e., learning related

Results

A total of 81 first-year medical students were enrolled
into the study in their first semester of medical
school. The sample was 45.7% (n=37) female, and
the average age was 24 years old (SD = 3.5).

Overall sleep and wellness

Evaluation of the first-year students’ November
aggregated perception-based self-reported surveys
brings high rates of perceived poor sleep quality,
psychological symptoms (depression, anxiety, and
stress), and risk of developing burnout to the fore-
front of self-reported student wellness concerns
(Table 2). The study participants’ self-reported burn-
out scores were consistent with the school-wide and
national aggregate AAMC Y2Q self-reports. Based on
the biometric data collected, most participants aver-
aged less than 7 hours of sleep per night with an
average bedtime after 12 am throughout the first
semester time period (October - December) (see
Table 2). For FitBit biometric data presented in
Tables 2 & 3, only students who had data for 60%
or more of the possible days during the time frame
were included in analyses (n =44). Students who did
not consistently wear their device during sleep were
excluded from these analyses (<60% of possible days
with recorded biometric data). It was observed that
56.82% (n=25) averaged less than 6hours of sleep
per night, while only 15.91% (n=7) averaged 7+
hours of sleep per night. This is in contrast to self-
reported average sleep on the PSQI, where only
13.6% of students reported less than 6hours of
sleep, though most students reported less than
8 hours of sleep.

Table 2. M1 Student participant biometric sleep data, self-reported wellness and self-reported educational ratings.

Measure

Mean(SD)/%(N)? Number of Participants with Data

Biometric Sleep Characteristics

Bedtime (FitBit)® M (SD) 12:26 AM (SD =1 hr 35 mins) 44
Time Sleeping (FitBit)° M (SD) 6hrs 29 mins (SD =1 hr 25 mins) 44
Self-Reported Sleep and Psychological Health Ratings
Poor Sleep Quality (standard) Yes % (n) 98.2% (n = 54) 55
Poor Sleep Quality (cutoff of 8) Yes % (n) 74.5% (n=41) 55
Depression Moderate Yes % (n) 20.4% (n=10) 49
Depression Severe Yes % (n) 41% (n=2) 49
Stress Moderate Yes % (n) 66.0% (n =33) 50
Stress Severe Yes % (n) 6.0% (n=3) 50
Anxiety Moderate Yes % (n) 8.0% (n=4) 50
Anxiety Severe Yes % (n) 0.0% (n=0) 50
Burnout Risk Yes % (n) 24.5% (n=12) 49
Self-Reported Educational Specific Ratings
Joy of Learning M (SD) 13.90 (SD =1.74) 48
School Connectedness M (SD) 14.25 (SD=1.67) 48
Educational Purpose M (SD) 14.06 (SD =1.66) 48
Academic Self-Efficacy M (SD) 14.23 (SD=1.53) 48

?Data were collapsed for the present analyses (data collected across 3 M1 cohorts).). 5 For FitBit biometric data, only students who had data for
60% or more of the possible days during the time frame were included in analyses (n =44).
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Frequent short sleep

Sleep duration is an important aspect of sleep health.
We have defined short sleep as 6 or less hours of total
sleep within a 24-hour period. On average, students
had 30.0% (SD=17.7%) of their recorded days
defined as Short Sleep, and 48.9% (n = 22) were cate-
gorized as having Frequent Short Sleep.

Using the biometrically generated Frequent Short
Sleep/Infrequent Short Sleep as an indicator, we com-
pared perception-based sleep/psychological symp-
toms and educational-related subjective outcomes
(Table 3) assessed in the November wellness surveys.
Surprisingly, the Frequent Short Sleep and Infrequent
Short Sleep groups self-reported similar rates of poor
sleep quality. Frequent Short Sleep students reported
significantly less psychological symptoms of severe
stress and burnout risk as compared to Infrequent
Short Sleep students.

When learning related subjective outcomes were
analyzed via the subscales of the Student Subjective
Wellbeing Questionnaire, Frequent Short Sleep stu-
dents reported a statistically significantly higher rate
of both subjective school connectedness and educa-
tional purpose as compared to Infrequent Short Sleep
students. In contrast, Frequent Short Sleep students
reported a statistically significantly lower rate of sub-
jective academic efficacy.

Consecutive short sleep days

Consecutive Short Sleep days (as compared to fre-
quency of short sleep) can be especially problematic,
in part because of increased sleep debt.
Unsurprisingly, between October - December of
their first medical school semester, many students
(67.1%) had at least one episode of 2 consecutive
days of short sleep; and 37.8% of students had at
least one episode of 3 or more consecutive days of
short sleep.

We further categorized students as either high
Consecutive Short Sleep days (having at least one
occurrence of 2 or more consecutive days of short
sleep) or low occurrence of Consecutive Short Sleep
days (no episodes of 2 or more consecutive days of
short sleep). Students with 2+ days of Consecutive
Short Sleep reported worse psychological health and
poorer  school-related  outcomes (Table 4).
Specifically, we found higher rates of severe depres-
sion symptoms, severe stress symptoms, and risk of
burnout. We also find that students with 2+ days of
Consecutive Short Sleep rated all school experience
scales lower than the students with low occurrence of
Consecutive Short Sleep days, with the academic effi-
cacy subscale reaching statistical significance.

Discussion

Overall, we found that medical students in their
first year of medical school have impaired sleep
across multiple indicators, biometric and self-report.
We found impaired sleep through both biometric
(percentage of short sleep duration days and conse-
cutive short sleep days) and self-reported sleep pro-
blems (assessed through the Pittsburgh Sleep Quality
Index). Biometric data of our participants showed
that only 15.91% (n=7) averaged 7 hours or more
of sleep per night, with over half of students aver-
aging less than 6 hours of sleep per night.

Our biometric data is also in contrast to the per-
ception-based self-report. Self-reported average sleep
on the PSQI in our sample showed that less than 14%
of our students believed they were sleeping less than
6 hours per day; however, most students did report
less than 8 hours of sleep per day. Additionally, the
biometrically assessed sleep of our sample was in
contrast to the self-reported item in the AAMC
Y2Q assessing average daily sleep, for which 80.9%
of Class of 2022 students (n=11,534) nationally
reported sleeping 7 or more hours per night (41.6%

Table 3. Biometric frequent short sleep and self-reported well-being.

Frequent Short Sleep
(50.0%, n=22)

Infrequent Short Sleep
(50.0%; n=23)*

Self-Reported Sleep
Poor Sleep Quality (PSQI >8)
Total PSQI Score

Sleep Quality Rating (PSQI Quality Item rated ‘Fairly Bad’ or ‘Very Bad’

Average Hours of Sleep Per Night
Psychological Symptoms %(n)
Depression Severe
Anxiety Severe
Stress Severe
Burnout Risk
Educational Subjective Outcomes M(SD)
Joy of Learning
School Connectedness*
Educational Purpose*
Academic Efficacy*

76.5% (n=13) 70.6% (n=12)
9.00 (1.94) 9.06 (2.68)
70.6% (n=12) 70.6% (n=12)
6.04 (0.57) 6.62 (0.63)
5.9% (n=1) 0.0% (n=0)
0.0% (n=0) 0.0% (n=0)
0.0% (n=0) 10.5% (n=2)
12.5% (n=2) 38.1% (n=8)
14.53 (1.55) 13.48 (1.66)
14.82 (1.24) 14.00 (1.52)
14.65 (1.22) 13.90 (1.30)
14.76 (1.30) 14.10 (1.18)

?Frequent Short Sleep is defined as 30% (or more) of sleep records with less than 6 hours of sleep. Infrequent Short Sleep is defined as less
than 30% of sleep records with less than 6 hours of sleep.* Indicates a statistically significant difference with a p <0.10.
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Table 4. Episodes of 2+ consecutive short sleep days and self-reported well-being.

Episodes of 2+ Consecutive Days of Short

No Episodes of 2+ Consecutive Days of Short

Sleep (n=55) Sleep (n=27)°
Self-Reported Sleep
Poor Sleep Quality (PSQI >8) 66.7% (n =24) 78.6% (n=11)
Total PSQI Score 8.61 (2.49) 9.36 (2.17)
Sleep Quality Rating (PSQI Quality Item rated ‘Fairly 66.7% (n =24) 786 (n=11)
Bad’ or ‘Very Bad’
Average Hours of Sleep Per Night 6.07 (1.21) 6.71 (0.75)
Psychological Symptoms %(n)
Depression Severe 5.4% (n=2) 0.0% (n=0)
Anxiety Severe 0.0% (n=0) 0.0% (n=0)
Stress Severe* 8.3% (n=3) 0.0% (n=0)

Burnout Risk*
Educational Subjective Outcomes M(SD)

27.8% (n=10)

16.7% (n=2)

Joy of Learning 13.84 (1.84) 13.92 (1.56)
School Connectedness 14.13 (1.83) 14.33 (0.99)
Educational Purpose 13.95 (1.86) 14.25 (0.97)
Academic Efficacy* 14.03 (1.72) 14.75 (0.62)

®Episodes of 2+ Consecutive Days of Short Sleep is defined as 2 or more days in a row that 6 or less hours of sleep were biometrically recorded. *

Indicates a statistically significant difference with a p <.05.

reporting more than 8hours) [23]. These findings
suggest that students’ self-perceptions of sleep dura-
tion do not align well with biometrically assessed
sleep, with self-reported sleep duration being greater
than actual sleep duration. In our sample, nearly half
of our students had at least 30% of their recorded
sleep episodes at 6 or less hours. Further, in consider-
ing the sleep deficit, commonly known as ‘sleep debt,’
that can occur through consecutive days of short
sleep, we found that nearly 38% of medical students
had at least one episode of 3 or more days in a row of
short sleep, and 67% had at least one episode of 2 or
more days in a row of short sleep during the 3-month
period of biometric tracking.

As introduced in the methods section, although
using FitBit devices for research does have some
limitations (e.g., device charging & consistent wear-
ing, over estimates of some sleep measurements,
lower levels of validity when examining sleep-stage
data as compared to PSG, and data collection varia-
bility due to multiple device models), reducing these
effects on research data are possible [8,9,11-14,25].
While there are known limitations to FitBit devices,
including overestimating total sleep time by minutes
to approximately one hour (consistently per indivi-
dual), and lower accuracy in identifying specific
sleep stages as compared to PSG, they have been
consistently shown to be useful tools for specific
sleep parameter metrics such as an individual’s
total sleep duration monitored over long periods of
time [16]. As these known sleep estimation accuracy
issues typically tend to overrepresent duration times,
any data collected from the FitBit devices is likely to
be an underrepresentation of actual sleep in our
cohorts. Furthermore, the individual longitudinal
tracking of our students’ FitBit sleep parameters
allows for meaningful analysis. Due to the sleep
stage estimation limitations, the present study has
focused on sleep onset and total sleep duration sleep
parameters.

In examining the relationships between sleep qual-
ity indicators and wellness surveys, we found that
consecutive days of short sleep days (6 or less hours
of total sleep in a 24-hour period) was especially
problematic. Importantly, the persistence of consecu-
tive short sleep days is likely contributing to cumula-
tive sleep debt. Sleep debt and the subsequent
development of more serious sleep problems are det-
rimental to general cognitive processes, such as atten-
tion, learning, and memory. Interestingly, research
has also demonstrated that despite poor performance,
perceptions of performance, concentration, attention,
productivity, and effort are more positive among
sleep debt/deprived participants compared to their
non-deprived peers [26]. This is an indication that
sleep deprivation may alter perceptions of perfor-
mance and subsequently hinder motivation for
changes in sleep health since no problems are per-
ceived. This research could also partially explain
some of the educational-related perceptions.
Further, our data demonstrated trends toward issues
with psychological symptoms, which is in line with
previous research demonstrating sleep problems and
poor emotional health [27]. Lastly, consecutive days
of short sleep may be a better indicator of poor sleep
health compared to a greater frequency of short sleep
nights because of the greater demands needed to
recover, at least cognitively, from chronic and con-
sistent sleep loss. Specifically, recovery from one hour
of sleep loss can take up to four days of good sleep to
achieve and a week or longer to recover from sleep
debt [28,29].

Our analyses find that biometrically tracked sleep
provides more differentiation of students with pro-
blematic sleep patterns. We found that biometric
sleep patterns predict better than sleep perception
for multiple aspects of wellness. It may be that the
medical student population is operating en masse
within a normalization of the importance of short
sleep as a rite of passage into the medical field,
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which could easily alter perceptions of ‘good’ sleep
and lead to issues using perception of sleep as a factor
in reporting.

Conclusions

Our data show the importance of gaining a better
understanding of medical students’ objective sleep
patterns/duration  (biometrically  collected), as
opposed to their perceptions of what a medical stu-
dent’s sleep quality should look like, is key to devel-
oping mechanisms to address wellness within health
care training. We believe it is increasingly important
for faculty and administration to address wellness
concerns and their connection to sleep quality/sleep
conditions early in medical training, ideally leading to
improvements in learning and wellness behaviors,
especially related to burnout. Our research has
found that longitudinal tracking of biometric data in
medical students is feasible, and yields rich data.
These data can be analyzed at both the individual
level across time, as well as categorically using various
aspects of the data such as demographics, curricular
events, and linked wellness scale outcomes as
predictors.

Limitations and future directions

In addition to the previously described and managed
limitations of the FitBit devices, the present findings
are limited by the smaller number of students that have
completed both the surveys and persisted with bio-
metric monitoring, and preclude some correlations
and in-depth analysis of demographically distinct sub-
groups. Future directions of this longitudinal project
include continuing to analyze how wellness and sleep
patterns change over the course of medical school and
what connections to curricular events within the pre-
clinical vs clinical years may exist. Additionally, the
longitudinal nature of our project will enable unex-
pected analysis of how students switching into and
out of remote learning due to the COVID-19 require-
ments affect wellness and sleep patterns in the short
and long-term. Longitudinal goals include creating
a predictive model of student burnout and well-being
/stress as it correlates to these biometric data. Ideally,
future students will be able to identify early warning
signs of poor sleep health through personalized bio-
metric data and make individual adjustments immedi-
ately prior to the development of wellness issues. The
early warning of poor sleep health signs may help to
prevent the rates of stress, depression and risk of burn-
out exhibited in participants who have extended low
sleep periods. This possibility, in conjunction with
early educational interventions, may lead to increased
ability for students to both manage their own sleep
quality and subsequent wellness behaviors, as well as

be better able to educate future patients about the
importance of quality sleep to overall wellness. Our
goal is to generate a longitudinal database that will
allow a better understanding of not only our medical
students’ emotional and personal well-being but also
how these factors relate to curricula and wellness initia-
tives to inform the development of appropriate
interventions.
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