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Abstract

Background: In the modern economy, shift work is prevalent in numerous occupations. However, shift work often conflicts
with the workers’ circadian rhythm and can result in shift work sleep disorder (SWSD). Proper management of SWSD
emphasizes comprehensive and patient-specific strategies and some of these strategies are analogous to the cognitive behavioral
treatment of insomnia (CBTI).

Objective: In this paper, we aim to develop and evaluate machine learning algorithms that predict physicians’ sleep advice using
wearable and survey data. We developed an online system to conveniently and frequently provide individualized sleep and
behavior advice with CBTI elements for shift workers.

Methods: Data were collected for a period of 5 weeks from shift workers in the ICU at two hospitals (N = 61) in Japan. The data
were composed of three modalities, (1) Fitbit data, (2) survey data, and (3) sleep advice. We handcrafted physiological and
behavioral features from the raw data and identified clusters of participants with similar characteristics using hierarchical
clustering. After the first week of enrollment, physicians reviewed Fitbit and survey data to provide sleep advice from a list of 23
messages. We implemented random forest (RF) models to predict the 7 most frequent messages given by the physicians. We
tested our predictions under participant dependent and independent settings and analyzed the most important features for
prediction.

Results: We found that the clusters were distinguished by work shifts and behavioral patterns. For some clusters, having a work
shift on a given day contributed to low wellbeing scores on that day. Another cluster had days with low sleep duration and the
lowest sleep quality when there was a day shift on the day before and a midnight shift on the current day. Our advice prediction
models achieved higher F1 scores in 27 of 28 t-tests conducted, and the performance differences were statistically significant
with P < .001 for 24 tests and P < .05 for 3 tests compared to the baseline. The analysis of the feature importance of our models
showed that the most important features matched the message sent to participants. For instance, for message 7 (darken the
bedroom when you go to bed), the models primarily examined the average brightness of the sleep environment to make
predictions.

Conclusions: Although our current system requires physician input, an accurate machine learning algorithm would be promising
for automating without hurting the trustworthiness of selected recommendations. The algorithm is limited to the 7 most popular
ones among 23 choices due to rare occurrences of the remaining options. Therefore, further studies are necessary to gather
enough data to enable predictions for less frequent advice labels. Clinical Trial: UMIN Clinical Trials Registry UMIN000036122
(phase 1), UMIN000040547 (phase 2); https://tinyurl.com/dkfmmmje, https://upload.umin.ac.jp/cgi-open-
bin/ctr_e/ctr_view.cgi?recptno=R000046284.
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Abstract

Background:

In the modern economy, shift work is prevalent in numerous occupations. However, shift work often
conflicts with the workers’ circadian rhythm and can result in shift work sleep disorder (SWSD).
Proper management of SWSD emphasizes comprehensive and patient-specific strategies and some of
these strategies are analogous to the cognitive behavioral treatment of insomnia (CBTI).

Objective:

In this paper, we aim to develop and evaluate machine learning algorithms that predict physicians’
sleep advice using wearable and survey data. We developed an online system to conveniently and
frequently provide individualized sleep and behavior advice with CBTI elements for shift workers.

Methods:

Data were collected for a period of 5 weeks from shift workers in the ICU at two hospitals (N = 61)
in Japan. The data were composed of three modalities, (1) Fitbit data, (2) survey data, and (3) sleep
advice.  We  handcrafted  physiological  and  behavioral  features  from the  raw  data  and  identified
clusters of participants with similar characteristics using hierarchical clustering. After the first week
of enrollment, physicians reviewed Fitbit and survey data to provide sleep advice from a list of 23
messages.  We implemented random forest  (RF) models to predict  the 7 most frequent  messages
given by the physicians.  We tested our predictions under participant  dependent  and independent
settings and analyzed the most important features for prediction.  

Results:

We found that the clusters were distinguished by work shifts  and behavioral  patterns.  For some
clusters, having a work shift on a given day contributed to low wellbeing scores on that day. Another
cluster had days with low sleep duration and the lowest sleep quality when there was a day shift on
the day before and a midnight shift on the current day. Our advice prediction models achieved higher
F1 scores in 27 of 28 t-tests conducted, and the performance differences were statistically significant
with P < .001 for 24 tests and P < .05 for 3 tests compared to the baseline. The analysis of the feature
importance of our models showed that the most important features matched the message sent to
participants. For instance,  for message 7 (darken the bedroom when you go to bed), the models
primarily examined the average brightness of the sleep environment to make predictions.
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Conclusions:

Although our current system requires physician input, an accurate machine learning algorithm would
be promising for automating without hurting the trustworthiness of selected recommendations.  The
algorithm is limited to the 7 most popular ones among 23 choices due to rare occurrences of the
remaining  options.  Therefore,  further  studies  are  necessary  to  gather  enough  data  to  enable
predictions for less frequent advice labels. 
Trial Registration:  UMIN Clinical Trials Registry UMIN000036122 (phase 1), UMIN000040547
(phase 2);  https://tinyurl.com/dkfmmmje,  https://upload.umin.ac.jp/cgi-open-bin/ctr_e/ctr_view.cgi?
recptno=R000046284.
Keywords: CBT; cognitive behavioral therapy; health care workers; machine learning; medical 
safety; online intervention; shift work; shift work sleep disorders; shift workers; sleep; sleep 
disorder; wearable sensors; well-being.

Introduction

Background

In the modern economy, shift work is prevalent in numerous occupations. Data from 2010 estimated
that half of the workers in food preparation and serving, more than 45% of workers in protective
service, and more than 35% of healthcare practitioners had alternative shifts apart from regular day
shifts in the United States [1]. However, shift work often conflicts with the daily rhythm of sleep and
wakefulness,  which  increases  the  risk of  shift  work sleep disorder  (SWSD),  a  circadian  rhythm
disorder  characterized  by  shift  work-related  sleepiness  and  insomnia  [2].  Multiple  studies  have
shown the substantial prevalence of SWSD among shift workers. A survey of nurses in 3 federal
hospitals in Ethiopia found that 25.6% (102/399) of participants had SWSD [3]. Another study of
nurses in Norway reported prevalence rates of 44.2% (580/1313) and 23.6% (146/619) for SWSD
indicative symptoms among night workers and day workers respectively  [4]. A random population
sample of 1163 participants in Australia revealed that 10.1% of day workers (91/898) and 32.1% of
night workers (85/265) fulfilled the study’s criteria for SWSD, and 1.3% (12/898) of day workers
and 9.1% (24/265) of night workers were further classified under severe SWSD based on the extent
of negative SWSD impacts on their life [5]. Shift workers’ sleep problems are also associated with
risks of mental health issues [6–8], work errors [8], burnout [6], and turnover intentions [9].
Proper  management  of  SWSD emphasizes  comprehensive and patient-specific  strategies  such as
circadian adaptation, maintaining good sleep hygiene, strategic napping, clockwise shift rotation, and
wakefulness promotions for night shifts [10]. Some of these strategies are analogous to the cognitive
behavioral treatment of insomnia (CBTI), a psychological therapy recommended by the American
College  of  Physicians  as  initial  treatment  for  chronic  insomnia  [11] which  consists  of  multiple
approaches to improve sleep including education about normal sleep, sleep hygiene practice, and
sleep restriction to consolidate high quality sleep, and relaxation [12].

Related Work

Researchers have experimented with CBTI on shift workers with sleep problems and high risks of
SWSD. A study by J¨arnefelt et al on 19 shift workers with insomnia that more than half of whom
exhibited SWSD characteristics showed that group-based CBTI treatment improved their insomnia
severity  and  sleep  over  a  6-month  post-intervention  period  [13],  and  a  follow-up  study  further
demonstrated long-lasting benefits of CBTI for up to 24 months after interventions [14]. J¨arnefelt et
al also conducted a randomized controlled trial of group-based CBTI and self-help CBTI against
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sleep hygiene education control on 83 shift workers with insomnia more recently. They found that
the  group-based  CBTI  improved  participants’ mental  health  significantly  although  both  CBTI
interventions enhanced their sleep and insomnia symptoms without significant differences from the
control and all  interventions were more beneficial  for participants without SWSD characteristics
[15]. Peter et al employed an online CBTI for shift workers with sleep problems (N=21) and found it
to  be as effective as  face-to-face SWSD outpatient  CBTI treatment  (N=12) for improving sleep
efficiency and insomnia symptoms [16]. Their research group also proposed a randomized controlled
trial  in 2021 to further assess their  online CBTI intervention for shift  workers against  a waitlist
control and face-to-face CBTI  [17]. Although existing research on CBTI for shift workers showed
promising improvement in their sleep, group-based and face-to-face CBTI required participants to
attend several weekly sessions for up to 120 minutes led by specialists trained for more than 10
hours, and the long time commitment likely caused many participants to miss some sessions which
might weaken intervention effects [13,15,16]. Self-help online CBTI was relatively more accessible
to  shift  workers,  but  time  commitment  for  weekly  interventions  was  still  necessary  and  likely
contributed to the considerable dropout rates, and the interventions either required human input for
professional  feedback or  only  resembled an  online  learning module  without  any personalization
[15,16]. Therefore, a system that automatically provides personalized CBTI interventions and sleep
recommendations for shift workers with less time commitment could benefit them substantially and
yield low dropout rates.
In recent years, several online and mobile CBTI systems have been developed to deliver automated
and  individualized  CBTI  interventions.  For  example,  SHUTi  [18] and  Sleepio  [19]  provided
automated online CBTI modules equipped with interactive web design elements and user-tailored
recommendations, and multiple randomized controlled trials have demonstrated their effectiveness
against insomnia and related mental health problems among various demographic groups [18,20–23].
Beun et al developed Sleepcare, a mobile app equipped with an automated digital coach interacting
with users to provide CBTI interventions, adapt interventions to user characteristics, and promote
adherence  [24,25].  The  efficacy  has  been  manifested  in  a  randomized  controlled  trial  of  151
participants by Horsch et al [26]. CBT-I coach was another phone app developed as a supplemental
tool for face-to-face CBTI in which users could receive sleep education, customize sleep hygiene
advice and relaxation activities, and practice personalized sleep restrictions [27]. In a pilot study, the
app  did  not  impair  CBTI  effectiveness  and  potentially  improved  patient  adherence  [28].  A
subsequent variant of the app called Insomnia Coach was applied as a self-help CBTI on 25 veterans
with insomnia and showed significant treatment effects compared to the wait list control [29].
Besides online and mobile CBTI, multiple automated sleep recommender systems (RS) have also
been  developed  to  provide  personalized  sleep  suggestions.  Sleepcoacher  collected  data  from
smartphone sensors and user self-reports to compute sleep variables and included recommendation
templates reviewed by clinicians for each variable combination [30]. To deliver a recommendation,
the  system  chose  the  template  of  the  most  correlated  combination  and  further  personalized  it
according  to  the  user’s  sleep  status,  and  the  system  also  evaluated  the  effectiveness  of  the
recommendation. Two studies on 43 undergraduate students showed the benefits of the system on
sleep which further increased with higher adherence rates. Daskalova et al explored cohort-based
sleep recommendations where their  system used demographic,  exercise,  and sleep data collected
from 1 million  users  of  a  wearable  device  to  form a  user  group with  similar  profiles  for  each
participant, and chose a recommendation that have shown the greatest improvement among the group
in some aspects of sleep behaviors which the participant performed poorly compared to these similar
users  [31]. Compared to general sleep suggestions, cohort-based recommendations improved sleep
duration more, and many participants were motivated to follow these recommendations. Pandey et al
utilized  event  mining  to  discover  causal  relationships  between  a  user’s  lifestyle  and  sleep,  and
provided recommendations to match their  current behaviors  and environment with these optimal
relationships for better sleep [32]. On the other hand, some systems did not directly provide advice to
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users but instead helped them to self-adjust their sleep habits. For example, Lullaby utilized multiple
sensors to track users’ sleep and environment and facilitated them to discover environmental factors
with negative impacts on their sleep [33]. ShutEye served as a peripheral display on mobile phones
to remind users of recommended and inadvisable time windows for various sleep-related activities
[34]. SleepBandits enabled users to perform numerous self-experiments to adjust their behaviors and
used data from mobile phone sensors to evaluate experiment effects on their sleep [35].
Although existing automated and individualized CBTI and sleep RS have demonstrated their great
potential  in  improving  sleep,  they  were  not  modified  to  accommodate  shift  workers’ irregular
schedules of shift and wakefulness [13] and thus did not include strategies specifically beneficial to
shift workers. Moreover, these CBTI interventions were mostly delivered through weekly learning
modules  and  tasks  requiring  active  involvement  and  regular  time  commitment,  and  their
personalization options were limited and mainly focused on sleep restrictions. Unlike CBTI, sleep
RS directly sent  behavior change recommendations to  users,  but  their  advice tailoring processes
often lacked clinical support and raised doubts about their credibility among users [31]. 

Objective

In this paper, we aim to develop and evaluate a machine learning algorithm that predicts physicians’
sleep advice using wearable and survey data. We also examined the model’s potential in assisting and
even replacing clinical reviews in the system. 
We characterized shift workers’ behaviors using clustering analyses, estimated physicians’ advice
selection  strategies  by  interpreting  the  developed  advice  prediction  models,  and  assessed  the
effectiveness of provided sleep recommendations to gain more insights into the system.

Methods

Data Collection

The data were collected from shift workers in ICU at Mie University Hospital (N = 47) and Suzuka
Chuo  General  Hospital  (N=14)  in  Japan  [36].  The  protocol  was  approved  by  Mie  University.
Detailed inclusion and exclusion criteria were described by Ito-Masui et al  [36]. Each participant
enrolled in a 5-week trial with the first week as a baseline without intervention (pre-intervention) and
the following 4 weeks with interventions. During the 5 weeks, participants filled out daily surveys
and wore a Fitbit  to collect physiological and behavioral data.  Physicians reviewed the data and
provided  sleep  advice  to  participants  as  interventions  3-4  times  a  week.  In  total,  2123 days  of
multimodal data were collected from these participants for the entire study.

Data Modalities

The collected data included three main modalities - Fitbit data, survey data, and sleep advice. We
followed Yu et al’s methods [37] to extract some features from the same Fitbit and survey data, and
engineered extra features to accommodate our objectives.

Fitbit Data

Raw data from Fitbit included minute-by-minute steps and heart rate as well as start time, end time,
duration, and efficiency of each sleep period. From raw heart rate data, we computed its average,
standard deviation, and sample entropy. Sample entropy has been used for cardiovascular time series
and a low entropy value suggests greater self-similarity of the series [38]. We also computed features
from  step  counts  per  minute  to  account  for  the  variability  of  participants’  daily  activities.
Specifically,  we computed and stored the duration of each continuous segment with and without
steps in minutes. Then we computed information entropy for the stationary and active segments. A
higher entropy corresponded to more variability of participants’ moving or non-moving behaviors.
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Finally, we retrieved information about the main sleep period with the longest duration from raw
sleep data.

Survey Data

Participants received a morning survey and an evening survey every day with questions about their
daily behaviors and wellbeing. Features were then extracted from their answers.

Morning Survey

Features  from  morning  surveys  are  categorized  into  three  categories  -  sleep,  wellbeing,  and
miscellany.

Sleep

In morning surveys, participants indicated whether they slept in the previous 24 hours and provided
the numbers of naps between 8am and 8am on the following day. They also described how they
woke up (naturally, by alarm, or by other means), and reported the time it took for them to fall
asleep, the duration of their phone use prior to sleep, the brightness level of their sleep environment,
and sleep quality. Specifically, sleep quality was quantified by answering the following statements
using 5-point Likert scales (strongly disagree (1) to strongly agree (5)): (a) I slept soundly, (b) I fell
asleep immediately, (c) I was able to recover from fatigue, (d) I didn’t wake up in the middle of
sleep, (e) I was satisfied with sleep.
Besides the above features retrieved directly from surveys, we also constructed some sleep features
using available survey data. In the surveys, participants reported the start time and end time of their
main sleep and nap periods. According to the time entries, we constructed a binary sequence with
one minute resolution for every day, where a bit of one meant that the participants were sleeping or
napping at  that  minute of the day.  If  time entries of main sleep periods  were missing from the
surveys, the entries from Fitbit were used. From the binary sequences, we computed the duration of
main sleep and nap periods. We also calculated Sleep Regularity Index (SRI) with sliding windows
of 3, 5, and 7 days. SRI represents the probability of any two time points that are 24 hours apart
having the same sleep or awake state averaged over a specified time window, and is scaled to range
from -100 to 100, where a value of 100 indicates the same sleep schedule across all days and a value
of -100 means that an individual has completely flipped sleep schedule between any two consecutive
days [39]. Previous studies have shown that SRI is positively correlated with academic performance
of college students  [39], and lower SRI is associated with increased stress, depression, and risk of
cardiovascular diseases in older adults [40].

Wellbeing

Participants reported 6 wellbeing metrics in the morning surveys. Five metrics including alertness,
happiness, energy, health, and calmness were reported with a continuous scale from 0 to 100 with
100 as the most positive. Another metric of current sleepiness was reported by a 9-point Likert scale
from strongly awake (1) to strongly sleepy (9).

Behavior

Morning surveys also recorded participants’ daily behaviors including the amount of caffeine intake
and last intake time, amount of alcohol intake, and bath time. From the time entries, we computed
durations between their last caffeine intake and sleep, and between bath and sleep.

Evening Survey

Features from evening surveys are categorized into two categories - work and wellbeing.
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Work

In evening surveys,  participants reported their  work schedules for  today,  yesterday,  and the day
before yesterday in binary sequences with 30-minute resolution,  where a bit  of one meant work
during that 30-minute interval. From the binary sequences, we computed work hours for the entire
day as well as for three different periods of the day (1: 0:00 - 8:00, 2: 8:00 -16:00, and 3: 16:00 -
0:00).  The periods corresponded to midnight  shift,  day shift,  and afternoon shift  of participants.
Moreover, by comparing the binary work sequences and binary sleep sequences constructed from
morning  surveys,  we  calculated  participants’  nap  durations  during  work,  minimum  durations
between the last sleep periods and the start of shifts, and between the end of shifts and following
sleep periods. A binary indicator of whether participants did any activities other than work outside
their homes was also retrieved from the surveys.

Wellbeing

Similarly, as in morning surveys, participants also answered several questions about their wellbeing
in evening surveys. Besides the 6 metrics reported in morning surveys (alertness, happiness, energy,
health,  calmness,  and  current  sleepiness),  they  also  indicated  three  additional  metrics  including
sleepiness during the day, stress, and tiredness, which were all reported by 5-point Likert scales (5
for strongly awake, stressful, or tired).

Sleep Advice

Starting from the second week of enrollment, physicians reviewed Fitbit and survey data to provide
sleep advice. One physician provided advice once a week to all participants, and two physicians gave
advice 2-3 times a week to participants from two hospitals  respectively.  Over the 4 weeks with
interventions, participants received advice around 13 times, and 786 pieces of advice were sent to the
61 participants who completed their 5 weeks of trials. Every time physicians provided sleep advice,
they chose 1-5 messages from 23 options listed below (Table 1). To better summarize the options, we
divided them into 6 categories according to their descriptions- 1) dietary intake (messages 1, 2, and
3), 2) activity (messages 4, 5, 6, 16, 17, and 18), 3) sleep (messages 7, 8, 9, 10, 20, 21, and 22), 4)
shift (message 11), 5) nap (messages 12, 13, 14, 15, and 23), and 6) mentality (messages 19). After
participants received the sleep advice, they were able to respond to the advice as “eager to follow” or
“difficult to follow”.

Table 1. A list of messages provided to the participants
Message
Category

Message
ID

Message Description

     
Dietary intake    
  1 Refrain from consuming alcohol before sleep.
  2 Stop consuming caffeine 3 hours before lights-out.
  3 Refrain from eating midnight snacks.
Activity    
  4 Refrain from using a smartphone in the bedroom.
  5 Take a bath a little earlier than usual.
  6 Refrain from exercising 3 hours before lights-out.
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  16 Relax.  1)  Make  a  habit  of  relaxing  before  sleep,
including  taking  a  bath  in  warm  water,  light
stretching, using aroma, and drinking herbal tea.

  17 Relax.  2)  Use the Fitbit  breathing  program called
Relax.

  18 Do moderate exercise regularly.
Sleep    
  7 Darken the bedroom when you go to bed.
  8 When  you  do  not  fall  asleep  within  15  minutes,

leave the bedroom and stay out of the bedroom until
you get sleepy.

  9 Set your wake-up time according to each work shift.
  10 Is there a possibility that you are trying too hard to

fall asleep quickly?

  20 Continue current sleep habits.
  21 Try to make enough time for sleep.
  22 Get up at the same time, whether you are working or

on holiday.

Shift    
  11 Management  of  work  shift:  Consult  with  your

superior so that shift rotation will be clockwise in
general.

Nap    
  12 Take  a  nap.  1)  If  possible,  take  a  nap  for

approximately 90 minutes before the night shift.

  13 Take  a  nap.  2)  If  possible,  take  a  nap for  15–20
minutes during rest time while you are working.

  14 Take a nap. 3) If possible, take a nap earlier after a
late-night shift to refresh.

  15 Create an environment for taking a nap: Ask your
family for cooperation to create a quiet environment
during  a  nap in  the  daytime or  evening at  home.
Sharing your work shift schedule with your family
by placing it where every member of your family
can see it might be a good idea. Avoid strong lights
for several hours before a nap and darken the room
during a nap.

  23 Do not nap for too long.
Mentality    
  19 Be  broad-minded  and  try  to  approach  things

positively.
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Participant Characteristics Analyses

We investigated the characteristics of participants’ daily activities to find participants’ subgroups who
have similar behaviors and understand the relationship between their behaviors and wellbeing. We
used agglomerative hierarchical clustering to find the groupings. The algorithm initiates all samples
as individual clusters and merges clusters with Ward linkage to minimize the within-cluster variances
at every step  [41,42]. After all the samples are merged, a dendrogram is constructed to show the
merged path for each sample. By setting thresholds on the height of the dendrogram, clusters and
their samples can be identified. 
We used features from Fitbit and surveys, except for the participants’ wellbeing and sleep quality
metrics, to find the clusters. To include as many samples as possible during clustering, we did not use
the following features since they were not available for some days: SRI, nap durations during work,
the time between caffeine intake and sleep, between bath and sleep, between last sleep and the start
of shifts, and between the end of shifts and following sleep (e.g., participants did not work or take
baths).
We then overlaid the clusters’ features on a 2D t-Distributed Stochastic Neighbor Embedding (t-
SNE)  plot  to  observe  how  clusters  interact  with  each  other.  t-SNE  creates  a  low-dimensional
mapping of high-dimensional data by matching the conditional probabilities in both spaces which are
proportional  to  the  similarity  of  data  points  [43].  To  characterize  participants’ behaviors  and
wellbeing,  we  summarized  the  clusters’ profiles  by  observing  feature  averages  and  examined
distributions of the wellbeing metrics for each cluster.

Advice Prediction Models

As mentioned in the section Sleep Advice, physicians reviewed the Fitbit and survey data to provide
sleep  advice  to  participants.  We  developed  machine  learning  models  to  predict  their  message
selections and evaluated the performance of the advice prediction models.

Prediction Approach

We formulated  this  advice  prediction  task  as  a  binary  classification  label  for  each  message  as
correlations between any two messages are not significant.  Given the imbalanced frequencies of
messages, we decided to build models only for the 7 most frequent advice (message ID: 4, 7, 12, 14,
15, 20, and 21) because models for less frequent messages would have too few positive samples. The
number of total occurrences for the 7 messages is 786, and the individual occurrences ranged from
64 (8.1%) to 390 (49.6%).
We computed  the  average  and  standard  deviation  of  daily  fitbit  and survey  features  across  the
previous 4 days for each date on which physicians provided advice. According to the physicians,
they often considered the participants’ responses to previous advice, and in occasions they found that
it was difficult to choose the messages. Therefore, we incorporated advice responses into our models
and enabled models to output class probabilities to indicate certainty about a message selection. We
used 12 fitbit  features  (steps,  sleep,  heart  rate),  52 morning survey features,  50 evening survey
features and 23 advice response features. Table S1 summarizes features used by the classifier.

Classifier

We  used  random  forest  (RF)  classifiers  for  advice  predictions.  RF  aggregates  predictions  of
individual decision trees constructed with only subsets of all features and is robust to overfitting [44].
Because  of  its  robustness,  it  is  suitable  for  advice  predictions  with  limited  samples  and  many
features. Due to class imbalances of message selections, we balanced the RF by undersampling the
majority class as implemented by the imbalanced-learn library in Python [45,46].
Hyper-parameters of the RF included the number of decision trees, the maximum depth of trees, the
minimum number of samples required to split a node of the tree, the minimum number of samples
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required at a leaf, and the proportion of all features used to split a node. To find the optimal set of
hyper-parameters, we tuned the classifier on the training set with 5-fold cross-validation and 300
iterations of random search. Random search was used instead of grid search because it can span a
larger parameter space and find models equally good as or better than grid search results under the
same computation budget [47]. In our case, possible values of the hyper-parameters were 20 to 200
with step size 10 for the number of trees, 2 to 30 with step size 3 for maximum depth, 5 to 70 with
step size 5 for the minimum number of samples required to split, 5 to 70 with step size 10 for the
minimum number of samples required at a leaf, and 0.05 to 0.5 with step size 0.05 for the proportion
of all features.

Prediction Evaluation

We evaluated  the  models  under  both  user  dependent  and  independent  settings.  Under  the  user
dependent setting, the data was split chronologically where the training set contained the first 70% of
each  participant’s  data  and  the  testing  set  had  the  remaining  30%.  Under  the  user  independent
setting, we split the data according to the order of participant enrollment that models were trained on
data from the first 70% of participants enrolled and tested on the 30% of participants who enrolled
later in the study. We chose the train-test split methods to ensure that when making predictions for a
date  of  a  participant,  no data  from later  days  of  this  participant’s  enrollment  would be used  in
dependent models and only data from participants enrolled earlier would be used in independent
models.
We repeated the tuning and training process 10 times and compared the average performance of the
classifier (F1 score, precision, and recall) to baselines:  an average of 10 random guessing trials, and
a  classifier  that  always  predicts  the  positive  class.  We  also  measured  feature  importance  by
computing decreases in F1 scores on out-of-bag samples of training data after randomly permuting a
specific feature. Permutations of important features would lead to greater decreases in F1 scores, as
described by Breiman et al [48]. We permuted each feature 10 times for each running of the classifier
and summarized the results from all 100 trials. Since decision trees are well-known for their great
interpretability by decomposing complex decisions into simpler ones and visualizing decision rules
in tree structures  [49], we explored the roles of the features in decision making by plotting and
examining individual decision trees of fitted RF.

Results

Participant Characteristics

Tables 3 and 4 summarize the participants’ daily features and wellbeing scores respectively. Their
average step count was 7539 (SD: 2715),  sleep duration was 6.82 hours (SD: 64.96 mins),  nap
duration was 50. 7 mins (SD: 30.2 mins), sleep regularity was 51.7 (SD: 10.5) and average work
hour was 5.57 (SD: 1.22) hours.
We used 77% (1635/2123) of samples with all selected features available for hierarchical clustering.
Figure 1 shows the resulting dendrogram. The default distance threshold of 52.24 (purple dashed
line) identified 6 clusters color-coded and labeled by numbers 0-5 in the dendrogram. Additionally, a
few smaller clusters merge at around 30, so we used a lower threshold of 31 (red dashed line) to
divide the 6 clusters into 13 subclusters (a-m) and further investigated the behavior variability within
each larger cluster. Figure S1 illustrates the clusters and subclusters overlaid on t-SNE plots obtained
from the same data used for clustering. Cluster and subcluster structures were clearly observable in
both plots. For example, cluster 0 in the plot of 6 clusters has a left branch and a right branch on
either side of cluster 1, which are further divided into subcluster g and c respectively in the plot of 13
subclusters.
Table S2 summarizes cluster and subcluster profiles for different aspects of participants’ behaviors
and wellbeing. Major differences among the 6 clusters were observed in the wellbeing metrics, while

https://preprints.jmir.org/preprint/65000 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Shen et al

subclusters can also be distinguished by work hours and shift types. The profiles will be discussed in
detail later in the Discussion section.

Table 3 Participant’s daily features summary statistics

Table 4 Participant’s
wellbeing scores
summary.

Wellbeing
Mea
n SD

sleepiness_morn (scale: 1-9) 5.54 0.87

sleepiness_now_eve
(scale: 1-9) 5.72 0.81

sleepiness_daytime (scale: 1-5) 2.56 0.43

Stress (scale: 1-5) 2.90 0.63

Tiredness 
(scale: 1-5) 2.51 0.50

alertness_morn (0-100) 40.56 11.68

happiness_morn 52.53 10.55

energy_morn 43.85 12.38

health_morn 51.59 12.12

calmness_morn 55.86 11.70

alertness_eve 40.79 10.65

happiness_eve 54.05 10.35

energy_eve 45.73 12.54

health_eve 52.05 12.41

calmness_eve 56.50 12.54

Feature Mean SD

hrmean 74.74 6.7

hrstd 13.39 1.84

hrentropy 0.63 0.09

steps 7538.5 2715.47

duration_entropy_non_step 2.36 0.15

duration_entropy_step 1.69 0.16

nap_count 0.57 0.28

brightness_sleep 19.22 15.12

sleep_duration [mins] 409.72 64.96

nap_duration [mins] 50.65 30.16

sleep_regularity_3 days 51.94 10.45

sleep_regularity_5 days 51.61 10.67

sleep_regularity_7 days 51.7 10.47

deep_sleep (scale: 1-5) 3.17 0.57

immediate_sleep (scale: 1-5) 3.52 0.58

fatigue_recover (scale: 1-5) 2.82 0.58

mid_awake (scale: 1-5) 3.22 0.73

sleep_satisfy (scale: 1-5) 2.83 0.54

alcohol_amount 0.31 0.43

caffeine_amount 1.58 1.28

worktime_today_duration [hr] 5.57 1.22

worktime_today_duration (1: 0:00 - 8:00) [hr] 1.47 0.73

worktime_today_duration (2: 8:00 -16:00) [hr] 2.1 0.81

worktime_today_duration (3: 16:00 - 0:00) [hr] 2 0.77

(%)

extrawork_activities 43.08

sleep_prev_24 100

wake_natural 39.68

wake_alarm 37.10

wake_other 1.64
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Figure  1:  Dendrogram  from  hierarchical  clustering  with  Ward  linkage.  The  purple  dashed  line
corresponds to a distance threshold of 52.24 (0.7 times maximum cluster distance as implemented by
SciPy [1]) and identifies 6 clusters labeled and color-coded by cluster 0 (blue), 1 (orange), 2 (green),
3 (red), 4 (purple), and 5 (brown). The red dashed line represents a distance threshold of 31 and
identifies 13 subclusters (a-m). Specifically, cluster 0 has 5 subclusters: c, f, g, e, and m. Cluster 1
has 2 subclusters: a and b. Cluster 2 has 2 subclusters: k and d. Cluster 3 and 4 do not have any
subclusters and themselves are labeled as j and h respectively. And cluster 5 has 2 subclusters: l and
i. 

Advice Statistics

Figure 2 shows the frequency of advice provided as well as the message categories. Since physicians
often selected multiple messages for each day, 1332 advice messages were selected in 786 advice
pieces. Messages in the sleep and nap categories were selected more frequently than other categories.
Messages in the sleep category were selected the greatest number of times (817/1332, 61.34%), and
messages in the nap category were selected 289 times (21.70%). Moreover, only a few messages
were frequently selected by physicians. For example, message 20 (Continue current sleep habits.)
was selected in 390 out of 786 advice pieces (49.6%), and message 21 (Try to make enough time for
sleep.) was selected in 221 pieces (28.1%). On the other hand, 16 out of 23 messages were selected
in fewer than 50 advice pieces (6.4%), and 7 messages were selected fewer than 10 times (1.3%).
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Figure 2: The pie chart shows the frequency of each message. All 23 message options are divided
into 6 categories- dietary intake (messages 1, 2, 3), activity (messages 4, 5, 6, 16, 17, 18), sleep
(messages  7,  8,  9,  10,  20,  21,  22),  shift  (message  11),  nap (messages  12,  13,  14,  15,  23),  and
mentality  (message  19).  Message  11  is  excluded from the  chart  because  of  zero  frequency.  All
message options were selected 1332 times in 786 advice pieces.  The outer ring of the pie chart
indicates the proportions of each category with respect to 1332 total  occurrences of all  message
options and the parenthesis after each category name corresponds to the frequency of the category.
The inner ring shows the proportion of each message with respect to total occurrences. The legend
lists the corresponding color of each message and each parenthesis includes the proportion of all
advice  pieces  with  the  message  selected,  which  is  computed  by  dividing  the  frequency  of  the
message by 786 total advice counts.

Figure 3 summarizes the frequency and proportion of responses to advice pieces containing each
message. Sometimes participants did not respond to the advice. Although multiple messages might
be selected for one advice piece, participants responded to the advice but not to individual messages.
Participants  showed  different  preferences  for  messages.  For  example,  participants  expressed
difficulty following message 20 (Continue current sleep habits.) only 0.5% of the time (2/390), while
they felt  difficulty  following message 4 (Refrain from using a  smartphone in the bedroom.)  for
19.7% of the time (15/76), and message 2 (Stop consuming caffeine 3 hours before lights-out) for
26.3% of the time (10/38). The discrepancies might be explained by the message design. Message 20
suggests participants continuing current sleep habits, which participants might feel easier to follow as
it would not change their current lifestyles greatly. On the other hand, message 2 and message 4
address caffeine consumption and phone usage, which might be challenging to follow as they were
suggested to change some essential aspects of participants’ routine.
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Figure 3: Frequency and proportion of message responses in a stacked bar plot. Each bar includes the
frequency and proportion of participants’ responses (no response, eager to follow, difficult to follow)
to advice pieces containing each message.

Advice Prediction Results 

Following the  approach described in  the  Advice  Prediction  Models  of  the  Methods section,  we
obtained classification results from RF on the test set under dependent and independent settings.
Table 5 summarizes the performance metrics computed from 10 repeated tuning and training of the
classifier,  10 random guessing trials, and a classifier that always predicts the positive class. The
performance of the RF was compared with random guessing by Welch’s t-test and was compared
with the positive class classifier by one-sample t-test.
As shown by Table 5, RF achieved higher F1 scores in all but one classification task than random
guessing  and  always  predicting  the  positive  class.  Among  28  t-tests  conducted,  performance
differences were statistically significant with p < 0.001 for 24 tests and p < 0.05 for 3 tests. No
significant  differences  were  found  under  independent  settings  for  predictions  of  message  20
(continue current sleep habits) compared with always positive prediction. The precision and recall
scores of the proposed RF are reported in Table S3. RF obtained low precision but high recall scores
in prediction tasks: most precision scores are below 0.4, while all recall scores are above 0.6.

Table 5: Advice prediction F1 scores of the proposed RF and two baselines (random guessing and
always positive prediction). One-side Welch’s t-test was used to compare RF to random guessing,

and one-sample t-test to compare RF to always positive prediction.
Setting Message Random Forest Random Always positive
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ID
guessing

F1 mean (SD)
F1 mean (SD;

P)
F1 mean (P)

Dependent        

  4 0.37 (0.03)
0.19 (0.024;

<.001)
0.20 (<.001)

  7 0.51 (0.01)
0.25 (0.040;

<.001)
0.28 (<.001)

  12 0.36 (0.03)
0.18 (0.032;

<.001)
0.19 (<.001)

 
14 0.30 (0.01)

0.15 (0.028;
<.001)

0.19 (<.001)

 
15 0.35 (0.02)

0.24 (0.038;
<.001)

0.30 (<.001)

 
20 0.73 (0.01)

0.52 (0.026;
<.001)

0.71 (<.001)

 
21 0.46 (0.04)

0.31 (0.031;
<.001)

0.35 (<.001)

Independent        

  4 0.24 (0.01)
0.15 (0.015;

<.001)
0.17 (<.001)

  7 0.63 (0.03)
0.26 (0.022;

<.001)
0.25 (<.001)

  12 0.09 (0.02)
0.05 (0.015;

<.001)
0.06 (P=.001)

 
14 0.14 (0.02)

0.09 (0.015;
<.001)

0.09 (<.001)

 
15 0.14 (0.02)

0.10 (0.031;
P=.001)

0.11 (.002)

 
20 0.66 (0.01)

0.51 (0.044;
<.001)

0.67 (P=.82)

 
21 0.42 (0.02)

0.31 (0.029;
<.001)

0.38 (<.001)

Important Features

Different important features were found in the RF classifiers for each message label. For some labels,
there were one or two dominant features with a much larger decrease in F1 scores than other features
after random permutations. Table 6 lists these dominant features for predictions of message 4 (refrain
from using a smartphone in the bedroom), 7 (darken the bedroom when you go to bed), 20 (continue
current sleep habits), and 21 (try to make enough time for sleep) under dependent and independent
settings. The dominant features for messages 4, 7, and 21 matched the messages. For instance, for
message 7, the models primarily examined the average brightness of the sleep environment to make
predictions, and average sleep duration played a significant role in predicting message 21. On the
other hand, no dominant features were found for messages 12 (take a nap for approximately 90
minutes before the night shift), 14 (take a nap earlier after a late-night shift to refresh), and 15 (create
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an environment for taking a nap), and the highest average F1 score decrease among all features was
less than 0.01.

Table 6: Dominant features for predictions of message 4 (refrain from using a smartphone in the
bedroom), 7 (darken the bedroom when you go to bed), 20 (continue current sleep habits), and 21

(try to make enough time for sleep) under dependent and independent settings.

Setting
Message

ID
Feature

Mean F1
decrease (SD)

       

Dependent      

  4 Average amount of phone use prior to sleep 0.11 (0.04)

  7 Average brightness of sleep environment 0.38 (0.04)

 
20

Response to previous selection of message 20 0.12 (0.04)

  Average fatigue recovery level 0.04 (0.01)

 
21

Average sleep duration 0.03 (0.02)
  Response to previous selection of message 20 0.01 (0.02)

Independent      

  4 Average amount of phone use prior to sleep 0.19 (0.04)

  7 Average brightness of sleep environment 0.29 (0.06)

 
20

Response to previous selection of message 20 0.15 (0.02)

  Average fatigue recovery level 0.03 (0.01)

 
21

Average sleep duration 0.03 (0.02)
  Response to previous selection of message 20 0.08 (0.04)

Discussion

Principal Results

In this study, we used daily surveys and Fitbit to obtain physiological and behavioral data of ICU
shift workers, which were reviewed by physicians to provide sleep advice to them. We extracted
features from the collected data and (1) conducted analyses to characterize participants' behaviors
and  advice  and  (2)  constructed  and  evaluated  random forest  classifiers  to  predict  sleep  advice
selections.

Participant Characteristics

Hierarchical clustering discovered different work shifts and behavior patterns among clusters and
subclusters, and we investigated their relationships with their wellbeing scores. First,  work shifts
today contributed to low wellbeing scores for clusters 3 and 5, and several wellbeing metrics were
further distinguished by their  different shift  patterns. For example,  cluster 3 had a much shorter
average sleep duration of around 220 minutes and the lowest sleep quality.  This was potentially
caused by day shifts the day before and midnight shifts on the day for almost all samples. In this
cluster, participants finished their work at around 4 p.m. the day before, then they started the next
shift period around midnight and finished at around 8 a.m. on the following day. After work, they
filled out the morning surveys and reported their wellbeing, sleep duration, and sleep quality. Low
scores on these metrics reflected their tiredness shortly after work and lack of rest between work
shifts.
On the other hand, most samples in cluster 5 did not have shifts the day before but day shifts on the
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day.  As a  result,  participants  could get  more time for sleep reflected by a longer  average sleep
duration of 400 minutes, better sleep quality, and higher wellbeing scores in the morning compared
with samples of cluster 3. Such discrepancies in shift patterns and wellbeing metrics can even be
observed between subclusters d and k of the same larger cluster 2. Although most samples of both
subclusters had midnight shifts the day before, subcluster d majorly did not have shifts on the day
and achieved an average level of wellbeing scores. Profile of subcluster k is more similar to that of
cluster 5 with midnight shifts today and much worse wellbeing and sleep quality than subcluster d,
which is also supported by the t-SNE plot (right plot of Figure S1) that subcluster k is closer to
subcluster h (equivalence of cluster 3) than to subcluster d. Furthermore, the majority of cluster 1
does not have a work shift today which leads to its high wellbeing scores as one day off probably
helped  participants  relax.  Nevertheless,  shifts  today  are  not  always  negatively  correlated  with
wellbeing. Specifically, cluster 0 has above average wellbeing scores although most samples have
work shifts that day.  
Furthermore, several subclusters are characterized by some distinct features of their profiles. For
example, subclusters i and l of cluster 5 have similar work patterns, but they differ significantly in
average  daily  step  counts  where  subcluster  i  has  the  highest  count  of  over  10000  among  all
subclusters  while  l  has  the  lowest  count  of  fewer  than  2000.  Although  multiple  clusters  and
subclusters contain samples with overtime shifts longer than 8 hours, subcluster e is the only one
with more than 9 hours of average work duration for three consecutive days (10.6 hours the day
before yesterday, 9.4 hours yesterday, and 11.5 hours today). The long work durations might also
contribute to other characteristics of this subcluster including the shortest time to fall asleep and the
highest  daily  caffeine  consumption.  Despite  the  existence  of  some  outliers,  the  clusters  and
subclusters  generally  grouped  well  as  shown  by  Figure  4,  and  their  profiles  summarized  from
average feature values provided many insights into participants’ daily behaviors, shifts, wellbeing,
and their interrelationships.
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Figure 4: Distributions of advice prediction probabilities for message 7 (darken the bedroom when
you go to bed), 14 (take a nap earlier after a late-night shift to refresh), 15 (create an environment for
taking a nap), and 20 (continue current sleep habits) under dependent and independent settings. Each
graph contains histograms of all 10 repetitions of one advice prediction model where each histogram
depicts distributions of positive prediction probabilities for all actual positive samples (blue) and
negative samples (red) separately. The green dashed line corresponds to the probability threshold of
0.5 such that samples with probabilities less than the threshold would be predicted as negative and
vice versa.
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Advice Prediction and Probabilities

Our advice prediction models achieved F1 scores higher than baselines, but the scores are not very
high on the absolute scale. Among the 14 models constructed, the highest score achieved is 0.73 and
10 models scored lower than 0.5. Precision scores are also much lower than recall scores, which
means there were many false positives although most actual advice selections were predicted. One
explanation  for  low F1 scores  is  class  imbalance.  As shown in  Advice  Statistics  in  the  Results
section, only the most frequent message label had a balanced class distribution, while for all the other
labels less than 30% of all samples were from the positive class.
Although the training data was balanced by undersampling the negative class, the testing data was
not balanced. As a result, the testing data has very high skew values defined as the ratio between the
number of negative class samples and the number of positive class samples, which can lead to much
lower F1 scores as illustrated by Jeni et al [50]. According to their simulation study, a classifier with
a 20% misclassification rate could only yield an F1 score of around 0.4 when skew was 10 which
further  decreased  to  0.2  when skew increased  to  30.  For  our  testing  data,  negative  class  is  the
majority class except for message 20 (continue current sleep habits), and skew varies from 0.80 to
8.27 under the user-dependent setting and from 0.99 to 31.43 under the user-independent setting.
Following their suggestions, we computed average skew-normalized F1 scores by undersampling the
majority class of the testing data for every repetition of each advice prediction model and reported
the results in Table 7. After skew normalization, F1 scores increased significantly and ranged from
0.63 to 0.76 for all advice prediction models.

Table 7: Skew of testing set, original average F1 score, and average skew-normalized F1 score of
advice prediction models

Setting
Message

ID
Skew Original F1 mean (SD)

Skew-normalized F1 mean
(SD)

Dependent        
  4 7.93 0.37 (0.03) 0.76 (0.03)
  7 5.18 0.51 (0.01) 0.75 (0.02)
  12 8.27 0.36 (0.03) 0.75 (0.05)
  14 8.27 0.30 (0.01) 0.72 (0.03)

  15 4.74 0.35 (0.02) 0.63 (0.03)

  20 0.8 0.73 (0.01) 0.72 (0.01)

  21 3.63 0.46 (0.04) 0.67 (0.05)
Independent        

  4 9.81 0.24 (0.01) 0.73 (0.01)
  7 5.88 0.63 (0.03) 0.73 (0.06)
  12 31.43 0.09 (0.02) 0.68 (0.11)

  14 19.64 0.14 (0.02) 0.65 (0.07)
  15 16.46 0.14 (0.02) 0.63 (0.07)
  20 0.99 0.66 (0.01) 0.65 (0.01)
  21 3.28 0.42 (0.02) 0.63 (0.03)

Our advice prediction models predicted not only message selections but also probabilities of the
selections. For each repetition of one advice prediction model, we plotted distributions of positive
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prediction probabilities for all actual positive samples and negative samples separately in histograms
and  included  histograms  for  all  10  repetitions  of  the  model  in  one  graph.  Figure  4  includes
distributions of advice prediction probabilities for message 7 (Darken the bedroom when you go to
bed.), 14 (Take a nap earlier after a late-night shift to refresh.), 15 (Create an environment for taking
a nap.), and 20 (Continue current sleep habits.) under user dependent and independent settings to
illustrate  typical  patterns  of  the probability  distributions.  Distributions  vary  greatly  among these
models and help explain discrepancies in prediction performance. To be specific, models with left-
skewed distributions of positive samples tended to achieve higher recall scores.
Under left-skewed distributions, the majority of positive samples were located to the right of the
threshold with positive prediction probabilities higher than 0.5 resulting in relatively fewer false
negatives  and  higher  recall  scores.  Examples  of  such  distributions  of  positive  samples  include
distributions of messages 7 and 20 as illustrated in Figure 4, as well as distributions of message 4
(refrain from using a smartphone in the bedroom). On the other hand, when distributions of positive
samples  were  approximately  bell-shaped,  recall  scores  depended  on  distribution  centers.  For
example, both positive sample distributions of messages14 and 15 under the user-dependent setting
were roughly bell-shaped and centered on the right of the threshold in Figure 4, but distributions of
message 14 were slightly more to the right. As a result, the model for message 14 achieved higher
recall  scores  than  the  model  for  message  15  since  fewer  false  negatives  were  produced  in  the
distributions.  Under  the user-independent  setting,  the distribution centers  of  both message labels
were close to each other, and the resulting recall scores were similar. Such a relationship between
distribution centers and recall scores also existed in messages 21 (try to make enough time for sleep.)
and 12 (take a nap for approximately 90 minutes before the night shift).
While recall scores were only related to distributions of positive samples, precision scores were also
affected by distributions of negative samples. When distributions of negative samples were about
bell-shaped or not right skewed enough and there were more negative samples than positive samples,
models tended to yield low precision scores as happened for most advice prediction models because
of substantial overlaps between negative samples and positive samples to the right of the threshold.
Exceptions  to  these  conditions  were  models  for  message  20  under  dependent  and  independent
settings and model for message 7 under the user-independent setting. For message 20, although the
distributions of negative samples were not extremely right-skewed, there were many more positive
samples than negative samples to the right of the threshold since positive sample distributions were
left-skewed and classes  were  approximately  balanced.  For  message  7,  despite  there  being  more
negative samples than positive samples, distributions of negative samples were greatly right-skewed,
which left  fewer negative samples  to the right  of the threshold and resulted in relatively higher
precision scores.
Using the histograms of advice prediction probabilities,  we evaluated the performance of advice
prediction  models  beyond  simple  metric  values  and  discovered  the  relationship  between  model
performance and distributions of prediction probabilities.

Comparison with Prior Work

Our system provided sleep and behavior recommendations for shift workers with poor sleep quality.
Although our system did not follow the CBTI protocol, we borrowed elements from it such as sleep
hygiene advice and relaxation. We designed sleep recommendations specifically targeted for shift
workers  including  strategic  napping  and  clockwise  shift  rotation.  Our  system  offered  several
advantages over existing CBTI and sleep recommender systems. First of all, while most mobile and
online CBTI systems required users to review sleep-related learning modules, our system reduced
users’ commitment by sending them simple pieces of advice to follow, which could be beneficial as
shift workers often suffered from poor work-life balance [51]. Consequently, our study yielded a low
dropout rate of 5% (3/64), as opposed to rates of other CBTI systems ranging from 4% to 61%
[15,16,18–23,26,29,52]. 

https://preprints.jmir.org/preprint/65000 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Shen et al

Moreover, our system received the most support from sleep specialists compared to existing sleep
recommender systems, which only had limited or even no clinician support. For example, clinicians
only provided recommendation templates for further customization by the automated Sleepcoacher
system  [30].  Cohort-based  sleep  recommender  relied  on  profiles  of  similar  users  as  the  only
recommendation  source  [31].  The  system  developed  by  Pandey  et  al  constructed  its
recommendations based on discovered relationships between the user’s lifestyle and sleep [32]. The
lack of clinician support could impair  the credibility  of provided sleep recommendations among
users. For instance, users of Sleepcoacher suggested adding justifications for the advice, and several
users of the cohort-based sleep recommender thought the recommendations were implausible and
even untrustworthy  as  the recommendations  contradicted their  own beliefs  [30,31].  Our system,
however,  only  delivered  clinician-reviewed  recommendations,  which  greatly  enhanced  their
trustworthiness.
Furthermore,  only our study evaluated the accuracy of  the algorithm for  automatic  sleep advice
provision.  Many existing CBTI systems were able to provide sleep restriction and sleep hygiene
recommendations automatically, but no analysis was available to evaluate how close these generated
recommendations  are  to  actual  clinicians’ advice.  Similarly,  sleep  recommender  systems did  not
compare their recommendations with professionals’ suggestions. Specifically, clinicians prepared all
recommendations in the preliminary study of Sleepcoacher, and the provisions were automated by a
correlation-based algorithm in the final study, but the study did not evaluate the accuracy of the
algorithm for substituting clinicians [30]. Despite the effectiveness of these systems, an analysis of
algorithm accuracy could further justify provided recommendations and resolve users’ doubts about
their credibility. On the other hand, although our system is not automated at the current stage, we
developed an algorithm and assessed its  accuracy for automatic advice provision, which showed
decent performance and great potential in providing clinical-level sleep recommendations.

Limitations and Future Work

False Predictions

Despite higher F1 scores after skew normalization, false negative and false positive predictions still
exist and prevent F1 scores from further improvements. To investigate the possible causes of these
incorrect predictions, we examined the relationship between feature values and advice predictions.
Specifically, we chose the feature brightness sleep (brightness level of sleep environment) and one
repetition of the dependent advice prediction model for message 7 (darken the bedroom when you go
to bed). We selected this combination because the feature had a dominant effect on predictions of the
message label as shown in the Important Features section and could demonstrate the limitations of
the models more clearly with the existence of an explicit decision rule. 
For each participant,  we plotted the trend of the feature across all  days of their  enrollment  and
marked each predicted and the actual selection of the message separately. Figure S2 includes such
plots for 6 participants to illustrate incorrect predictions and limitations of the advice prediction
models.  First,  the  models  did  not  have  memories  about  previous  message  selections  and might
produce false positives as duplicate responses to previous feature values. For example, the model
made three positive predictions on days 22nd, 24th, and 26th in response to peak of brightness on the
day 22nd for participant 1102, yet only the one on the day 22nd was an actual positive. Similarly, two
positive predictions were made for participant 1154 on days 19th and 22nd for a brightness surge on
the day 19th but the latter one was a false positive. Shortening the feature averaging window before
each message selection might eliminate some of these false positives, but it would increase the risk
of producing false negatives when a day with a favorable value for message selection is excluded
from the window. Moreover, sometimes a prediction was made as a proper response even though the
message was not selected, for instance, the false positive prediction on day 22nd for participant 1154.
Although it might be hard to avoid such scenarios, a false positive can probably benefit participants
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in this case as it suggests a proper response to undesired conditions. 
Another  scenario  of  false  positives  occurred  for  participants  1315  and  1181.  Both  participants
received 4 false positives although their brightness values only fluctuated within a small range of
around 30. A closer look at individual decision trees of the trained random forest showed that some
trees  considered  standard  deviations  of  brightness  levels,  but  most  trees  made  predictions  by
comparing average brightness with a threshold. Thus, false positive predictions were made because
average brightness exceeded the thresholds  of most decision trees despite the lack of brightness
peaks. However, it could be tricky to make correct predictions under such a scenario. For example,
physicians selected the message twice on days 9th and 16th for participant 1315 although brightness
remained stable. A plausible explanation could be that physicians initially suggested the participant
lower the brightness because it was constantly above the threshold, but later they stopped as neither
lower levels nor high peaks of brightness were observed after the suggestions. Nevertheless, it would
be very difficult for the model to capture such change.
Unlike false positives, most false negatives occurred only under one scenario: when brightness peaks
were not high enough and adjacent days had very low feature values which caused averages to fall
below the threshold. For example, on day 33rd for participant 1164 and on days 29th, 31st, and 33rd for
participant  1167.  Measuring  the  relative  height  of  a  peak  (difference  between  maximum  and
minimum values of the feature averaging window) instead of averaging might be helpful to eliminate
these false negatives, but it may produce other false negatives when feature values remain high and
stable.  From illustrative plots  of feature values  and advice predictions,  we demonstrated several
causes of false positive and false negative predictions, but further investigations and experiments
were necessary to properly improve the advice prediction models since some false positives might
benefit participants, and strategies to eliminate certain false predictions might introduce other ones.

System Usability

Although our developed algorithm achieved decent performance in predicting sleep advice under
both dependent and independent settings, the algorithm is limited to the 7 most popular ones among
23 advice choices due to rare occurrences of the remaining options. Therefore, further studies are
necessary to gather enough data to enable predictions for less frequent advice labels. 
We obtained clinician’s experiences in using the sleep advice models (N=2) through questionnaires.
They commented that they decided their suggestions mainly based on morning survey and work shift
and wearable data and after they selected the suggestions, they referred to the output of the models
and made the final decisions.
Future studies can compare the intervention effects of a pure clinician input system, an algorithm-
assisted system, and a fully automated system to demonstrate the usefulness of the machine learning
algorithm. 
Given the effectiveness of existing sleep recommender systems with limited clinical support, we
believe  our  automated  system has  the  advantage  that  it  was  built  upon the  knowledge of  sleep
specialists, even if our algorithm still requires improvement to further boost performance. We chose
to evaluate  our  models in  user-dependent  and user-independent  settings  instead of  leave-one-out
cross-validation  (LOOCV)  because  the  advice  frequencies  were  extremely  imbalanced  among
participants. However, such a scheme will fit real-world scenarios the best when every time a new
user  joins  and models  keep  updating  with  all  available  data  from other  users.  It  is  also  worth
experimenting with personalization beyond LOOCV by continuously incorporating new user data as
they progress to better adapt models to specific user characteristics. Furthermore, similar to some
existing research [25,27,28,30,31], it can be beneficial to conduct a usability study on clinicians and
shift workers to gather feedback and improve our system.
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Conclusions

We developed an online system to provide individualized sleep and behavior  advice with CBTI
elements for shift workers. We collected data from shift workers in ICU at two hospitals in Japan
(N=61) for 5 weeks including Fitbit, survey, sleep advice data. We found clusters of shift workers’
physiological  and  behavioral  features  using  hierarchical  clustering  and developed  and  evaluated
random forest machine learning algorithms that predicts physicians’ sleep advice for shift workers
using wearable and survey data. Our analysis showed clusters can be characterized with work shifts
and behaviors patterns. For example, days with low sleep duration and the lowest sleep quality was
associated with a day shift on the day before and a midnight shift on the current day. Our advice
prediction models achieved higher F1 scores compared to the baseline. The analysis of the feature
importance of our models showed that the most important features matched the message sent to
participants.  Although our current system requires physician input,  an accurate machine learning
algorithm  would  be  promising  for  automating  without  hurting  the  trustworthiness  of  selected
recommendations.  The algorithms developed in this study are limited to the 7 most popular ones
among 23 choices due to rare occurrences of the remaining options. Therefore, further studies are
necessary to gather enough data to enable predictions for less frequent advice labels. 
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