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Abstract

Background: Commercial wearables like Fitbits quantify sleep metrics using fixed calendar times as the default measurement
periods, which may not adequately account for individual variations in sleep patterns. To address this, experts in sleep medicine
and wearables developed a user-centric algorithm that more accurately reflects actual sleep behaviors, aiming to improve
wearable-derived sleep metrics.

Objective: The study aimed to describe the development of the new (user-centric) algorithm, and how it compares with the
default (calendar-relative), and offers best practices for analyzing All of Us Fitbit sleep data on a cloud platform.

Methods: The default and new algorithms was implemented to pre-process and then compute sleep metrics related to schedule,
duration, and disturbances using high-resolution Fitbit sleep data from 8,563 participants (median age 58.1 years, 72% female) in
the All of Us Research Program (v7 Controlled Tier). Variation in typical sleep patterns was computed by taking the differences
in the mean number of primary sleep logs classified by each algorithm. Linear mixed-effects models were used to compare
differences in sleep metrics across quartiles of variation in typical sleep patterns.

Results: Out of 8,452,630 total sleep logs over a median of 4.2 years of Fitbit monitoring, 401,777 (5%) non-primary sleep logs
identified by default algorithm were reclassified to primary sleep by the user-centric algorithm. Variation in typical sleep patterns
ranged from -0.08 to 1. Among participants with the most variation in typical sleep patterns, the new algorithm identified more
total sleep time (by 17.6 minutes; P<0.001), more wake after sleep onset (by 13.9 minutes; P<0.001), and lower sleep efficiency
(by 2.0%; P<0.001), on average. There were only modest differences in sleep stage metrics between the two algorithms.

Conclusions: The user-centric algorithm captures the natural variability in sleep schedules, offering an alternative way to pre-
process and evaluate sleep metrics related to schedule, duration, and disturbances. R package is publicly available to facilitate the
implementation of this algorithm for clinical and translational use.
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Abstract:

Background: Commercial wearables like Fitbits quantify sleep metrics using fixed calendar times as
the default  measurement  periods,  which may not adequately account  for individual variations in
sleep patterns. To address this, experts in sleep medicine and wearables developed a user-centric
algorithm that more accurately reflects actual sleep behaviors, aiming to improve wearable-derived
sleep metrics.

Objective:  The study aimed to describe the development of the new (user-centric) algorithm, and
how it compares with the default (calendar-relative), and offers a practical guide for analyzing All of
Us Fitbit sleep data on a cloud platform.

Methods: The default and new algorithms was implemented to pre-process and then compute sleep
metrics related to schedule, duration, and disturbances using high-resolution Fitbit sleep data from
8,563 participants (median age 58.1 years,  72% female) in  the  All of  Us Research Program (v7
Controlled Tier). Variation in typical sleep patterns was computed by taking the differences in the
mean number of primary sleep logs classified by each algorithm. Linear mixed-effects models were
used to compare differences in sleep metrics across quartiles of variation in typical sleep patterns.

Results: Out of 8,452,630 total sleep logs over a median of 4.2 years of Fitbit monitoring, 401,777
(5%) non-primary sleep logs identified by default algorithm were reclassified to primary sleep by the
user-centric algorithm. Variation in typical sleep patterns ranged from -0.08 to 1. Among participants
with the most variation in typical sleep patterns, the new algorithm identified more total sleep time
(by 17.6 minutes;  P<0.001), more wake after sleep onset (by 13.9 minutes;  P<0.001), and lower
sleep efficiency (by 2.0%; P<0.001), on average. There were only modest differences in sleep stage
metrics between the two algorithms.

Conclusion: The user-centric algorithm captures the natural variability in sleep schedules, offering
an  alternative  way  to  pre-process  and  evaluate  sleep  metrics  related  to  schedule,  duration,  and
disturbances. R package is publicly available to facilitate the implementation of this algorithm for
clinical and translational use.
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Introduction

Consumer  wearables  such as  Fitbits  are  increasingly  used  in  research  studies  to  investigate  the
impact  of  biomarkers  and  lifestyle  behaviors  on  health  outcomes,  supporting  applications  from
screening to health management. A leading example is the National Institutes of Health funded All of
Us  Research Program, which collects  longitudinal  Fitbit  data  with privacy-preserving linkage to
electronic  health  records  (EHR)  and  other  data  types[1,2].  Studies  based  on  this dataset  have
documented the association of Fitbit-derived activity and sleep metrics with the onset of chronic
diseases[3,4]. Growing interest in wearables research has also given rise to recent industry standards
to  document  best  practices  for  the  validation  and  use  of  digital  health  endpoints  for  physical
activity[5,6], heart rate,[7] and sleep patterns[8]. In parallel, researchers have also developed pre-
processing methods for activity to account for biases and limitations inherent to wearable-measured
data  in  real-world  settings[9,10].  Recent  generation  Fitbit  devices,  which  employ  heart  rate
variability and limb movement,  have reported promising performance to measure standard sleep
metrics such as wake after sleep onset (WASO), and total sleep time (TST) and classify sleep versus
wake  episodes  more  accurately  than  clinical  actigraphy,  which  only  accounts  for  limb
movement[11,12].  Additional  research is  still  needed,  however,  to  have a  diverse toolkit  to pre-
process and validate wearable-derived sleep metrics[13] especially for populations underrepresented
in datasets used for algorithm development such as the elderly and people with multiple chronic
health  conditions[14].  This  limitation  has  prompted  professional  clinical  associations  to  advise
caution with their use in clinical practice[15]. 

Sleep metrics accessible to researchers via the Fitbit Web Application Programming Interface (API)
currently rely on a default sleep algorithm, isMainSleep, that was primarily designed for general
consumer use. As a default, this algorithm relies on fixed calendar date and calculates summary sleep
metrics based on primary sleep logs (the set of logs that belong to a user’s primary sleep period),
classified  as  those  with  the  longest  duration  ending  on each calendar  day.  While  this  approach
generally performs well, the isMainSleep algorithm does not fully characterize primary sleep periods
that contain interruptions involving at least an hour of wakefulness. These interruptions result in the
creation of multiple sleep logs, and only the longest log would be reported as the primary sleep
period[16].

Burgess et al[13] have elucidated similar limitations and developed automated sleep data cleaning
that requires Fitbit sleep data from third-party platform (Fitabase) and self-reported sleep diaries.
However, in this study, in collaboration with clinical and technical experts in sleep medicine from
industry and academia, we propose a fully data-driven algorithm that does not require self-reported
sleep logs or manual scoring for pre-processing the Fitbit sleep data, allowing it to be more scalable
for sleep studies across large populations. Specifically, we propose a user-centric algorithm based on
an individual’s typical sleep period (TSP), which accounts for variability in habitual sleep patterns
and has the potential  for reducing noise in sleep data and more accurately capturing sleep-wake
metrics (shown in Table 1). This paper details the development of the TSP algorithm, compares it
with the default calendar-relative isMainSleep algorithm, and offers a practical guide for analyzing
All of  Us Fitbit  sleep data on a cloud platform. We also examine the participants characteristics
whose sleep behaviors differ from typical sleep patterns and make the analytic pipelines publicly
available, through an open-source R package, to foster implementation of Fitbit sleep data processing
for clinical and research use.

 Table 1: Definitions and computations of key sleep metrics 

Metric Conceptual Definition Technical Implementation
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Calendar-relative
“isMainSleep”
algorithm

User-centric  “TSP”
algorithm  

Sleep Schedule
Primary  Sleep
Period

Period  of  time  during
which  a  typical  person
obtains  the  majority  of
their sleep

Based  on  the  sleep
log with the longest
duration  on  each
midnight-to-
midnight  calendar
day

Based  on  the  median
bedtime  and  wake  times
across  all  relevant  sleep
logs  centered  around  a
user’s  median  mid-sleep
point 

Bedtime 
(BT)

Start  of the primary sleep
period  as  algorithmically
determined by Fitbit; may
not  directly  reflect  the
intent to sleep

Start  time  of  the  first  sleep  log  in  the  primary
sleep period.

Sleep Onset Time  of  transition  from
wakefulness to sleep 

Start time of the first sleep segment in the primary
sleep period, with the first occurrence of a level
that is not ‘wake’, ‘awake’, or ‘restless’.

Sleep Offset Time  of  the  final
awakening

End time of the final sleep segment in the primary
sleep period, after which there are no more levels
that are not ‘wake’, ‘awake’, or ‘restless’.

Wake  time
(WT)

End  of  the  primary  sleep
period;  corresponds  to  an
“out of bed” or “lights on”
time

End  time  of  the  final  sleep  log  in  the  primary
sleep period.

Time
attempting  to
sleep (TATS)

Duration  of  the  primary
sleep  period  between  a
user’s  bedtime  and  wake
time for a given day. This
includes  all  sleep  logs  as
well  as  any  intervening
non-sleeping time between
sleep  logs  that  are  not
captured by a sleep log

Duration between BT
and WT 

Duration  between BT of
the  first  sleep  log  and
WT of the final sleep log,
including any intervening
non-sleep log time.

Total  sleep
period duration

Duration between a user’s
sleep  onset  and  sleep
offset for a given day. 

Sleep offset datetime - sleep onset datetime

Midsleep point
(MSP)

Midpoint  time  between
sleep  onset  and  sleep
offset

(Sleep onset datetime + sleep offset datetime) / 2

Sleep Duration (within Primary Sleep Period)
Total  sleep
time  (TST)  in
primary  sleep
period

Total  time  spent  asleep
during  the  primary  sleep
period

Total  duration  of  all  sleep  segments,  where  the
level of the sleep segment is not ‘awake’, ‘wake’,
or ‘restless’

Total
wakefulness
duration 

Total  time  spent  awake
during  the  primary  sleep
period

Total duration of all
sleep  segments,
where  the  level  of
the sleep segment is

Total duration of all sleep
segments, where the level
of  the  sleep  segment  is
‘awake’,  ‘wake’,  or

https://preprints.jmir.org/preprint/71718 [unpublished, peer-reviewed preprint]



JMIR Preprints Master et al

‘awake’,  ‘wake’,  or
‘restless’

‘restless’,  in  addition  to
any  periods  of  ‘imputed
wake’ between sleep logs. 

Sleep
efficiency
percentage

Total time spent asleep as
a proportion of the primary
sleep period

(TST /TATS) *100.

Sleep  onset
latency (SOL)

Time between bedtime and
sleep onset

Sleep Onset - BT
Note:  Because  sleep  logs  are  algorithmically
initiated,  it  is  often  0  for  automatically  created
sleep logs.

Latency  from
wake to end of
log

Time  between  the  final
awakening to wake time

WT - Sleep Offset

Sleep Disturbances (within Primary Sleep Period)
Wake  after
sleep  onset
(WASO)

Total  time  spent  awake
after  sleep  onset  and
before  the  final
awakening.  Note:  only
includes wake periods > 3
minutes.

Total  duration  of  all
‘wake’,  ‘awake’  and
‘restless’  sleep
segments  between
sleep onset and sleep
offset

Total  duration  of  all
‘wake’,  ‘awake’  and
‘restless’ sleep  segments
between sleep  onset  and
sleep  offset,  as  well  as
intervening  non-sleep
time between sleep logs

Number  of
awakenings
(NWAK)

Total  number  of
contiguous  periods  spent
awake  after  sleep  onset.
Note:  only  includes  wake
periods > 3 minutes.

Count  of  all
contiguous  ‘wake’,
‘awake’  or  ‘restless’
sleep  segments
between  sleep  onset
and sleep offset 

Count  of  all  contiguous
‘wake’,  ‘awake’  and
‘restless’ sleep  segments
between sleep  onset  and
offset,  as  well  as
intervening  non-sleep
periods  between  sleep
logs

Number  of
long
awakenings

Total  number  of
contiguous  periods  spent
awake >=30 minutes after
sleep  onset,  as  a  proxy
measure  of  a  meaningful
awakening. 

Count  of  all
contiguous  wake,
awake  and  restless
sleep  segments  >=30
minutes  in  duration
between  sleep  onset
and sleep offset

Count  of  all  contiguous
wake, awake and restless
sleep  segments  between
sleep  onset  and  sleep
offset,  as  well  as  any
intervening non-sleep log
periods  between  sleep
logs  >=30  minutes  in
duration

Length  of
longest wake

Duration  of  the  longest
contiguous  period  spent
awake  after  sleep  onset.
Note:  only  includes  wake
periods > 3 minutes.

Maximum  duration
among all contiguous
wake,  awake  and
restless  sleep
segments  between
sleep onset and sleep
offset

Maximum  duration
among contiguous wake,
awake and restless  sleep
segments  between  sleep
onset and sleep offset, as
well  as  any  intervening
non-sleep  log  periods
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between sleep logs
Non-primary Sleep Period)
Count  of  non-
primary  sleep
period

Number  of  sleep  logs
outside  of  primary  sleep
period

Count  of  all  sleep
logs  labeled
“isMainSleep=false”
that end on a calendar
day

Count  of  all  sleep  logs
labeled “TSP=false” that
end prior to next BT

Total  sleep
time  in  non-
primary  sleep
period  (TST-
NP)
 

Total  duration  of  sleep
across  sleep  logs  outside
of the primary sleep period

Total  duration  of  all
sleep  logs  labeled
“isMainSleep=false”
that end on a calendar
day

Total duration of all sleep
logs labeled “TSP=false”
that end prior to next BT

Sleep Pattern and Stages
Periods of wakefulness

Awake Total  time  spent  awake
(classic  sleep)  across  all
sleep segments.

Total  duration  of  all  sleep  segments  with  level
“Awake” 

Restless Total  time  spent  restless
(classic  sleep)  across  all
sleep segments.

Total  duration  of  all  sleep  segments  with  level
“Restless” 

Wake Total  time  spent  in  wake
(staged  sleep)  across  all
sleep segments.

Total  duration  of  all  sleep  segments  with  level
“Wake” 

Imputed wake Period of time spent awake
between sleep logs

Not applicable Total duration of intervening
time  between  “TSP=true”
sleep logs

Periods of sleep
Asleep Total  time  spent  asleep

(classic  sleep)  across  all
sleep segments.

Total  duration  of  all  sleep  segments  with  level
“Asleep”

Light Total  time  spent  in  light
stage sleep across all sleep
segments.

Total  duration  of  all  sleep  segments  with  level
“Light”

Deep Total  time  spent  in  deep
stage sleep across all sleep
segments.

Total  duration  of  all  sleep  segments  with  level
“Deep”

REM Total  time  spent  in  REM
stage sleep across all sleep
segments.

Total  duration  of  all  sleep  segments  with  level
“REM” 

Methods

Study design and population

Retrospective  observational  longitudinal  study  using  secondary  data  analysis  was  employed  to
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implement  the  algorithms  for  preprocessing  Fitbit  sleep  data. We  used  All  of  Us participants’
deidentified  data  that  were  made  available  to  researchers  in  the  version  7  controlled  tier
(C2022Q4R13)  on  the  All  of  Us Researcher  Workbench -   a  secured  cloud-based  platform[17].
Detailed  description  of  this  program has  been  published  elsewhere[2].  Data  for  this  study  was
derived from a convenience sample consisting of participants who owned Fitbit device and were able
to contribute their Fitbit data since the time they created Fitbit account under the “Bring Your Own
Device” (BYOD) Program. Specifically, in this study, we included 8,563 participants who provided
EHR data and had any Fitbit sleep data (described below) from 2009 to 2022.

Ethical Considerations

The protocol for the human participant research conducted was reviewed by the institutional review
board of the All of Us Research Program (protocol 2021-02-TN-001). Data security and participant
confidentiality  were  safeguarded  through  multiple  measures:  secure  data  storage  systems  were
implemented,  access to identifying information was restricted,  and confidentiality protocols were
mandated  through  contractual  agreements.  Access  to  the  Researcher  Workbench  was  limited  to
authorized personnel by whom mandatory training had been completed and whose institutions were
covered by active data use agreements. Compensation of US $25 was provided via a cash payment,
gift card, or electronic voucher when biological specimens (blood, saliva, or urine) were collected at
designated partner facilities. To protect participant privacy in accordance with  All of Us  Research
Program’s Data and Statistics Dissemination Policy, reporting of value that corresponds to a specific,
small number of participants (n <20) or any other values that would allow to deduce this information
for sample <20 using mathematical formulae were not presented.

In this study, only the authorized authors who completed All of Us Responsible Conduct of Research
training  accessed  the  deidentified  data  from the  Researcher  Workbench  (a  secured  cloud-based
platform). Since the authors were not directly involved with the participants, Institutional Review
Board review was exempted. 

All of Us Fitbit Sleep data

De-identified daily summaries of Fitbit sleep data as well as higher-resolution, sequence-level sleep
data obtained via the Fitbit Web API were made available on the Researcher Workbench, through a
multi-step data ingestion and curation process detailed elsewhere[1]. While Fitbit provides additional
data on short wake periods (which represent physiological awakenings that are 3 minutes or less) the
TSP algorithm was implemented using only the sequence-level data currently available on the All of
Us  Researcher Workbench, which captures sleep periods of at least 1 hour, and intervening wake
periods during sleep greater than 3 minutes. The sequence-level sleep data additionally provides
detailed breakdown of  sleep periods  either  into  accelerometry-derived classic  (non-staged)  sleep
patterns (i.e., awake, restless, asleep) or sleep stages (i.e., wake, light, deep, and REM), the latter of
which are available on sleep periods 3 hours or longer and leverage heart rate data. This Fitbit data
was  retrospective  and  longitudinal  in  nature,  and  includes  all  available  data  since  the  time
participants created their Fitbit accounts.

Resolutions of Fitbit sleep data

For ease of exposition, we first define the different resolutions over which Fitbit
sleep data can be analyzed. At the broadest level, sleep can be conceptualized
as encompassing an entire sleep period. A single sleep period may contain one
or more sleep logs, including any interruptions that may have occurred (which
corresponds to intervening wakefulness of ≥1 hour between sleep logs).
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Each sleep log consists of a consecutive sequence of sleep segments that are separated by less than
one  hour,  and may be  classified  as  primary  sleep  or  non-primary  sleep. Each constituent  sleep
segment is associated with a sleep level, and has a start timestamp and duration. The sleep level
indicates whether the sleep segment represents a period of sleep (‘asleep’ from Fitbit’s classic sleep
pattern algorithm; ‘light’, ‘deep’, or ‘REM’ from Fitbit’s sleep staging algorithm) or wakefulness
(‘awake’ or ‘restless’ from Fitbit’s classic sleep pattern algorithm; ‘wake’ from Fitbit’s sleep staging
algorithm).

Primary sleep period

In this paper, we introduce the term "primary sleep period" to refer to the period of time during
which a typical person obtains the majority of their sleep. Accurate determination of the primary
sleep period is particularly important for assessing related sleep-wake metrics shown in  Table 1.
Most canonical "regular" sleepers with a daytime schedule will have such primary sleep periods
between 11PM and 7AM. However, some people have less clear-cut sleep patterns. For example, a
night shift worker may aim to sleep immediately after work (e.g., 8AM-1PM), and then take naps
between 5PM and 7PM. Conceptually, we would like to label the hours between 8AM-1PM as their
primary sleep period for that day and any time outside of the primary sleep period as their non-
primary sleep period. In this instance, the time between 5PM-7PM would be considered as total sleep
time during the non-primary sleep period.

A second example involves participants with significant disruptions in their sleep (e.g., those who
fall asleep from 10PM-11:30PM, are awake in bed until 1:30AM, and asleep again until 6:30AM). In
such a case, we believe that it is reasonable to define their primary sleep period as being from 10PM
to  6:30AM, even  though  it  was  interrupted  by  a  prolonged  2-hour  period  of  wakefulness.  The
underlying assumption for stitching these two disjointed sleep logs into one (10PM-6:30AM) sleep
period under the user-centric algorithm is that if a sleep log is at least 1 hour in duration and either
overlaps with the typical sleep period or ends within 1 hour of sleep occurring during the typical
sleep period, it likely reflects an intent to sleep. In such cases, the sleep log should be stitched into
the primary sleep period, even if there is a significant intervening wakefulness period (e.g., likely
due to  insomnia).  Additionally,  it  may be appropriate  to  include this  sleep in  the primary sleep
period, given the sleep health implications. To clarify, inadvertent dozing doesn't tend to happen for
over 1 hour, particularly in "the zone of maximum circadian drive for wakefulness", i.e., right before
typical bedtime. Therefore, it is reasonable to account for such sleep segments as part of the primary
physiologic and/or behavioral sleep period, to capture unhealthy sleep habits and provide insights into
holistic sleep architecture.

Primary sleep log classification under isMainSleep and TSP algorithms

An  individual’s  sleep  may  be  fragmented  and  distributed  over  time.  In  a  conceptual  example
illustrated in Figure 1, there are four sleep logs spanning 2 calendar days, i.e. C (Day 0; 10am-
12pm), D (Day 0; 2-3:30pm), B (Day 0; 10-11:30pm) and A (Day 1; 1:30-6:30 am). In order to
accurately compute sleep metrics, it is imperative to capture all primary sleep logs that fall within the
primary sleep period, and distinguish them from non-primary sleep logs .

As shown in Figure 1A, isMainSleep classifies sleep logs C and A as the primary sleep on days 0
and 1,  respectively,  since  they  are  the  sleep  logs  with the  longest  durations  on each respective
midnight-to-midnight  calendar  day.  In  contrast  to  isMainSleep,  the  TSP  algorithm  (technical
description below ) follows a user-centric approach and is agnostic to time-of-day (i.e. not dependent
on a fixed calendar time window). TSP classifies both sleep logs A and B as primary sleep on Day 1
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(Figure 1B) . It also re-classifies sleep log C as non-primary sleep on Day 0 because it falls outside
of the typical sleep period. Since sleep log D is neither the longest duration sleep log on Day 1, nor
does it overlap with the typical sleep period, both the isMainSleep and TSP algorithms classify it as
non-primary sleep on Day 1. 

Figure  1A-B:  Conceptual  overview  of  how  the  calendar-relative  “isMainSleep”  and  user-
centric “TSP” algorithms handle high-resolution sleep data. 

TSP BT and TSP WT are derived from the median bedtime and wake time across all relevant sleep
logs around a user’s median mid-sleep point (MSP) (not shown). TSP = typical sleep period, BT =
bedtime, WT = wake time. 

Real-world data example

Figure 2 provides an illustrative example of the limitation of the isMainSleep algorithm based on
actual Fitbit measured sleep data from one of the co-authors (LS) who has consented to share his
data. In this example, the primary sleep period spanning 4/3 to 4/4 (April 3 rd to April 4th) includes 2
sleep logs, each starting and ending on 4/3 and 4/4 respectively. The isMainSleep algorithm classifies
the longer sleep log on 4/4 as primary sleep, but excludes the initial period of sleep that began on 4/3
(which is misclassified as a non-primary sleep on 4/3). Compared to the full primary sleep period,
the isMainSleep algorithm incorrectly identifies a much later bedtime, shorter TATS, TST, WASO,
fewer NWAK, and higher sleep efficiency percentage.

Figure 2A-B. Calendar-relative ‘isMainSleep’ vs.user-centric ‘TSP’ algorithm - an illustrative
data example.
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The data shown in this figure is sourced directly from the Fitbit Web API sleep record for one of the
co-authors (LS) who has consented to share data for illustration purposes.  Please note that non-
primary sleep logs are not shown in the visualization as none were logged during this timeframe.

In contrast, the TSP algorithm classifies both sleep logs, and the intervening wake time between the
logs as the primary sleep period which spans 4/3 to 4/4 (* in Figure 2). Note that the primary sleep
periods ending on 4/2, 4/3, and 4/5 are correctly classified by the isMainSleep algorithm as they
correspond to the longest duration sleep log ending on each calendar day so there is no change under
TSP.

Technical implementation of both algorithms

The decision making process for  classifying sleep logs  using both algorithms are illustrated  in
Figure 3A-B. The calendar-relative isMainSleep algorithm identifies primary sleep as the longest
sleep logs on each calendar day (as shown in Figure 3A). The user-centric TSP algorithm is agnostic
of calendar date and aggregates logs based on a user’s typical sleep period through a multi-step
process.  The algorithm first  establishes  the  typical  time range during  which  the  user  logs  their
longest sleep each day, and identifies primary sleep as those sleep logs that overlap with this range.
(as shown in Figure 3b and described in detail in the method supplement). 

Figure 3A-B: Decision making process for sleep log classification using calendar-relative and
user-centric algorithms.
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Variation from typical sleep patterns

To characterize the extent to which a participant’s sleep logs vary from the typical sleep pattern
assumed by the calendar-relative isMainSleep algorithm, we apply the TSP algorithm and calculate
the difference in the number of TSP- versus isMainSleep-classified primary sleep logs per night for
each participant (Equation 1). Depending on how individual sleep logs are re-classified by TSP,
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there may be an increase, decrease, or no change to the number of primary sleep logs ascribed to a
given night.

Equation 1: Measure of variation from typical sleep pattern for a given participant:

Variation¿ typical sleep pattern=
1
n
∑
i=1

n

(SLi
TSP

−SLi
isMainSleep

)0

for the i-th day in a monitoring period of n total days given the number of sleep logs SL

 For primary sleep periods that include two or more sleep logs, this measure increases as disjointed
logs are “stitched” by TSP to obtain the full primary sleep period (i.e., increase from 1 to 2 on Day 1
of Figure 1). For primary sleep periods that include a isMainSleep-classified primary sleep log that
falls  outside  of  the  participant’s  typical  sleep  period,  this  measure  decreases  as  these  logs  are
“cleaned” by TSP and re-classified as naps (i.e., decrease from 1 to 0 on Day 0 of Figure 1). For
primary  sleep  periods  when  neither  “stitching”  nor  “cleaning”  is  applied,  there  is  no  change.
Therefore, the net change in the mean number of primary sleep logs per night reflects the extent to
which a participant’s primary sleep tends to be interrupted (net increase under TSP), tends to fall
outside of their typical sleep period (net decrease under TSP), or is otherwise consistent with typical
sleep patterns (no change under TSP).

Demographic and clinical characteristics:

Demographic  characteristics  such  as  age,  sex  at  birth,  race/ethnicity,  and  education  were  self-
reported by participants by completing the Basics survey at the time of enrollment. EHR data from
several  healthcare  provider  organizations  who  are  funded  and  part  of  All  of  Us  Program  was
harmonized using  the  Observational  Medical  Outcomes  Partnership  common data  model[18,19].
This harmonized EHR data was used to derive body mass index (BMI) and incident insomnia cases,
which were quantified using International Classification of Diseases (ICD) billing codes mapped to
phecodes,  as  described  elsewhere[20,21].  To  determine  incident  insomnia  cases,  any  diagnosis
before or during the first 6 months of Fitbit sleep monitoring were not counted as “incident cases” in
this study.

Analysis:

Descriptive  statistics  for  participants’ characteristics  were  presented  by  median  and interquartile
range for continuous variables, and frequency for categorical variables. Mann–Whitney U and chi-
squared  tests  for  continuous  and  categorical  variables,  respectively,  were  used  to  compare
participants  characteristics  included versus  excluded in the  analytical  dataset  for  this  study.  The
isMainSleep  and  TSP algorithms  were  applied  using  sequence-level  Fitbit  data  on  Researcher
Workbench using R programming language[22]. The number of primary versus non-primary sleep
logs based on these two algorithms were evaluated using a 2X2 matrix table.

A data-driven quartile approach was taken to empirically examine the differences in variation from
typical sleep patterns across clinical and demographic characteristics and sleep onset /offset patterns.
Further, sleep metrics (listed in Table 1) were quantified using both algorithms across these quartiles.
To  account  for  repeated  measures  within  individuals  while  accounting  for  between  participant
differences  in  the  impact  of  the  algorithm,  mixed-effects  linear  regression  models  were  used  to
evaluate the main (i.e. quartiles and algorithms) and interaction effects. Specifically, these models
were used to further examine how sleep metrics, such as time attempting to sleep (TATS), TST,
WASO, number of awakenings (NWAK), total sleep time in non-primary sleep period (TST-NP) and
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counts  of  non-primary  sleep,  total  wakefulness  duration,  and  sleep  efficiency  percentage  vary
between the isMainSleep and TSP algorithms. Post-hoc pairwise comparisons were conducted using
the Wilcoxon signed rank test. To test the stability of the finding, differences in sleep metrics using
both algorithms were evaluated by looking at participants who had a higher proportion of “cleaned”
versus “stitched” logs.

Given the longitudinal nature of Fitbit sleep data, we additionally explored whether our findings
were sensitive to the amount of sleep data provided. We conducted sensitivity analyses by excluding
participants who had fewer than 4 hours of sleep data on greater than 30% of days. These thresholds
were informed by prior mathematical models as the theoretical cutoff at which insufficient sleep
would be unsustainable[23].

Results

Of 413,457 total participants in v7 Controlled tier on Researcher workbench, 8,563 participants (72%
female and 88% white) provided any sleep and EHR data and were included in the analytical sample
(Table 2). The median Fitbit sleep monitoring duration was 4.2 years, which included sleep data over
weekends.

Table 2: Participant characteristics for those included and excluded from the analytical cohort.

Included
N=8563

Excluded*
N=404894 Test Statistic

Descriptive Statistics Median (IQR) or % (n /N)

Age (years) 58.1 (43.1 - 69.1) 57.1 (41.1 - 69.1)
F1 413455=15.6,

P<0.0011

Sex at birth χ21=382, P<0.0012

Female 72 (6002 /8341) 61 (243563 ⁄396393)

Male 28 (2339 / 8341) 39 (152830 ⁄396393)

Race χ22=1655, P<0.0012

Black 6 (454⁄ 8008) 24 (78050 ⁄328988)

Other 6 (486⁄ 8008) 9 (28848 ⁄328988)

White 88 (7068⁄ 8008) 68 (222090 ⁄328988)

Education χ22=2779, P<0.0012

College 71 (5955⁄ 8332) 45 (176390 ⁄391595)

No college 6 (509⁄ 8332) 29 (112937 ⁄391595)

Some college 22 (1868⁄ 8332) 26 (102268 ⁄391595)

BMI (kg/m2) 28.4 (24.7 - 33.5) 28.3 (24.4 - 33.6)
F1 331488=6.35,

P=0.0121

Fitbit monitoring duration
(years) 4.2 (2.2 - 6.3) 4.0 (1.9 - 6.2)

F1 14906=11.6, 
P<0.0011

*participants were excluded because of not having EHR and Fitbit sleep data. Please note that total
participants  for demographic characteristics  such as sex at  birth,  race,  ethnicity,  education are
different from the primary analytical sample size because participants who have missing responses
such as “none indicated”, “skip” have been removed. 
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Impact of algorithms on sleep logs and participant characteristics

Almost 93% of sleep logs shown in categories A and D indicate ‘No change' using either algorithm
(Table 3), suggesting these logs were consistently classified as being primary vs. non-primary sleep
by both algorithms. However, 5% (n= 401,777) of sleep logs in category B were classified as non-
primary sleep under isMainSleep, but re-classified as primary sleep under  TSP after  “stitching”.
More  than  2%  (n=  180,547)  of  sleep  logs  in  category  C  classified  as  primary  sleep  under
isMainSleep actually fall outside of the typical sleep period, and were re-classified as non-primary
sleep via “cleaning”. The mean change in primary sleep logs per night after applying TSP, which
measures variation from typical sleep patterns, ranged from -0.076 to 1 (Supplemental Figure1).
Negative values represent a relatively larger net “cleaning” effect, as TSP reduced the mean number
of primary sleep logs per night among participants whose non-primary sleep were labeled as primary
sleep under isMainSleep. The values between 0 and 0.05, represent participants for whom TSP had
relatively  modest  net  impact  because  their  sleep  logs  were  consistently  classified  under  both
algorithms. The values >0.05 represent a relatively larger net “stitching” effect, as TSP increased the
mean number of primary sleep logs per night among participants whose sleep tends to be interrupted
and were thus incompletely captured under isMainSleep.

Table 3: 2x2 matrix table of primary sleep logs* as classified by calendar-relative and user-centric
algorithms.

Number of sleep logs*

Calendar-relative (isMainSleep) algorithm

Primary Sleep
“isMainSleep=true”

Non-Primary Sleep
“isMainSleep=false”

User-centric (TSP)
algorithm

Primary Sleep
“TSP=true”

A (No change)
84.38% (N=7,132,635)

B (Stitching)
4.75% (N=401,777)

Non-Primary Sleep
“TSP=false”

C (Cleaning)
2.14% (N=180,547)

D (No change)
8.73% (N=737,671)

*Note: The sum of logs in each category exceeds the total sleep logs (N=8,435,172) due to
17,458 sleep logs reporting more than one value for isMainSleep. This discrepancy arises from
the simplified method used to reconstruct sleep logs, as the log ID from the Fitbit Web API was
not available in the dataset at the time of analysis on the Researcher Workbench.

Table  4 shows  participant  characteristics  organized  by  variation  in  typical  sleep  patterns.  Q1
represents the lowest quartile of variation from typical sleep patterns and Q4 the highest quartile, in
which  the  participants’ sleep  logs  have  a  higher  proportion  of  “cleaned”  and  “stitched”  logs,
respectively.  Participants  in  Q4  are  older  (61.1±14.7  vs.  54.5±15.5  years)  and  have  a  higher
incidence of insomnia (19% vs 10%) compared to those in Q1 (Table 4).

Table 4: Participants characteristics across quartiles (Q1-Q4) of variation from typical sleep patterns

Characteristics Q1 Q2 Q3 Q4
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(N=2140) (N=2141) (N=2141) (N=2141)

Change in number of
primary  sleep  logs
(TSP - isMainSleep)
per night 

[-0.08,0.01] [0.01,0.02] [0.02,0.06] [0.06,1]

Descriptive
Statistics Median (IQR) or % (n /N)

Age (years) 56.2 (41.2 - 67.2) 55.2 (41.2 - 67.2) 58.2 (44.2 - 69.2) 64.2 (50.2 - 73.2)

Sex at birth

Female 72 (1491/2078) 73 (1530 ⁄2098) 74 (1540 ⁄2088) 69 (1441 /2077)

Male 28 (587/2078) 27 (568 ⁄ 2098) 26 (548 ⁄2088) 31 (636 ⁄2077)

Race

Black 4 (71 ⁄1985) 4 (85 ⁄2021) 7 (132 ⁄2006) 8 (166 ⁄1996)

Other 6 (114 ⁄1985) 7 (148 ⁄2021) 6 (120 ⁄2006) 5 (104 ⁄1996)

White 91 (1800 ⁄1985) 88 (1788 ⁄2021) 87 (1754 ⁄2006) 86 (1726 ⁄1996)

Education

College 75 (1566 ⁄2077) 75 (1581 ⁄2095) 69 (1448 ⁄2085) 66 (1360 ⁄2075)

No
college 5 (107 ⁄2077) 5 (105 ⁄2095) 7 (136 ⁄2085) 8 (161 ⁄2075)

Some
college 19 (404 ⁄2077) 20 (409 ⁄2095) 24 (501 ⁄2085) 27 (554 ⁄2075)

BMI, kg/m2 27.2 (23.7 - 31.5) 27.7 (24.3 - 32.5) 29.0 (25.2 - 33.9) 30.1 (26.0 - 35.7)

Fitbit  monitoring
duration (years) 3.4 (1.6 - 5.5) 4.7 (2.6 - 6.49) 4.7 (2.5 - 6.5) 4.0 (2.0 - 6.3)

Incident  Insomnia
diagnosis 10 (221 ⁄2107) 10 (220 ⁄2105) 14 (305 ⁄2104) 19 (389 ⁄2083)

Sleep metrics

Upon visual inspection of the heatmaps for sleep onset /offset (Figure 4A-B), the TSP algorithm
effectively recategorizes all isMainSleep-classified primary sleep logs that fall outside of 12:00 AM
to 12:00 PM across all quartiles, as noted by the dramatic reductions in short sleep logs occurring
around midday (ie, likely non-primary sleep mislabeled by isMainSleep as primary sleep). Further,
we observe considerable differences in median sleep onset /offset under both algorithms and greater
variability in sleep onset and offset  times among participants with greater variation from typical
sleep patterns.  Among Q4 participants, sleep onset and offset were shifted by 6 and 37 minutes,
respectively, whereas the sleep onset and offset were shifted by 5 and 15 minutes respectively among
Q1 participants.
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Figure 4A-B: Sleep onset  /offset by quartiles of variation from typical sleep patterns using
calendar-relative (A) and user-centric (B) algorithms.

Figure 5 and Supplemental Table 1 shows significant interactions (P<.001) between the algorithm
applied and all key sleep metrics across quartiles. For participants in Q4, the median (IQR) TATS

https://preprints.jmir.org/preprint/71718 [unpublished, peer-reviewed preprint]



JMIR Preprints Master et al

was 404.72 (350.4, 447.91) under isMainSleep, compared to 442.03 (399.17, 482.93) under TSP
(Supplemental Table 1). This suggests that median TATS computed using isMainsleep is shorter by
32.5 minutes ([21.9, 48.8], P<0.001) compared to TSP. Similarly, lower values were observed for
TST by 17.6 median minutes ([11.7,28.4], P<0.001), WASO by 13.9 median minutes ([9.4, 20.7],
P<0.001), NWAK by 0.5 median counts ([0.3, 0.7], P<0.001) and total wakefulness duration by 12.2
median minutes ([8.5, 18.9], P<0.001) when computed using isMainSleep compared to TSP (Figure
5). On the other hand,  among participants in Q4, isMainSleep-derived median non-primary sleep
counts [0.31 (0.22, 0.46)] and sleep efficiency percentage [91.27 (89.66, 92.67)] were higher by 0.14
([0.09,  0.22]),  P<0.001)  and 2.0% ([1.35,  3.2]),  P<0.001),  when compared to  TSP-derived non-
primary  sleep  counts  [0.15  (0.07,  0.27)]  and sleep  efficiency percentage  [88.96 (86.71,  90.51)],
respectively.  We observe  similar  trends  for  these  metrics  comparison between algorithms across
other  quartiles  (Q1-Q3),  however,  the  magnitude  of  differences  were  attenuated  relative  to  Q4
(Supplemental Table 1).

Figure  5:  Boxplots  of  paired  differences  between  user-centric  (TSP)  and  calendar-relative
(isMainSleep) algorithms for each of the key hypothesized sleep metrics across the quartiles of
variation from typical sleep patterns. 
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Box bounds, midline, and whiskers represent the IQR, median, and 1.5 x IQR, respectively. Values
above the dotted red line indicate a higher value from the isMainSleep algorithm relative to the TSP
algorithm;  whereas,  values  below  the  red  line  indicate  a  lower  value.

Differences  in  other  sleep  metrics  shown  in  Table  1  are  provided  in  Supplemental  Table  1.
Specifically, although there are statistically significant differences in sleep stage metrics (light, deep,
REM) between the two algorithms, they are modest (<5 minutes). Similar findings in sleep metrics
were observed when examining the differences using 3-level categories of variation from typical
sleep patterns (Supplemental Table 2) and when repeating these analyses by excluding participants
who had fewer than 4 hours of sleep data on greater than 30% of days (results not shown).
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Discussion

Principal findings

We developed and implemented a user-centric algorithm that more appropriately classifies primary
sleep logs based on users’ habitual sleep patterns using the All of Us Fitbit sequence level sleep data.
This  TSP algorithm re-classified 5% of sleep logs  previously classified as non-primary sleep as
primary sleep, thus more accurately capturing all short  sleep segments within the users’ primary
sleep  period,  particularly  among  individuals  with  more  disrupted  sleep  patterns.  The  default
calendar-relative  isMainSleep  algorithm  resulted  in  lower  values  for  TATS,  TST,  WASO,  total
wakefulness duration,  and NWAK, and higher values for counts of non-primary sleep and sleep
efficiency percentage compared to the user-centric TSP algorithm. Comparatively, the algorithm had
an expectedly modest  impact  on sleep stage and sleep pattern metrics.  These findings  remained
consistent across the empirically established quartiles of variation from typical sleep patterns and
within the subgroup of participants who contributed above a minimum threshold of sleep data.

Interpretation of findings

While the algorithm did not affect 93% of sleep logs, we found that participants who had a higher
preponderance of “stitched” logs, i.e., evidence suggesting disrupted sleep, also had higher incidence
of insomnia. These findings suggest that while the two algorithms may perform similarly well in the
general healthy population, mis-estimation of sleep metrics by the isMainSleep algorithm may be
particularly pronounced among participants with more disrupted sleep patterns and physiology such
as insomnia. The American Academy of Sleep Medicine estimates that 30% of adults have symptoms
of insomnia[24]. Our prior study[3] underscored the potential value of long-term monitoring of sleep
stages,  duration,  and  regularity  in  identifying  chronic  disease  risk,  which  aligns  with  broader
research  on the  limitations  of  traditional  sleep monitoring methods (e.g.  7-to-14-day actigraphic
assessments  requiring  sleep  diaries  and  manual  annotations)  and  the  benefits  of  advanced
technologies to passively and reliably track sleep-wake data[25,26]. Given that there is a growing
body  of  evidence  supporting  the  notion  that  sleep  regularity  may  be  an  even  more  important
predictor of health outcomes and duration[27], getting a more accurate picture of the day over day
patterns - beyond just a week or two - of sleep-wake behaviors and sleep disturbances is essential to
drawing correct inference about the bidirectional relationship between sleep and health. Our method
is particularly sensitive to correctly accounting for the most disturbed sleep patterns that tend to
cause failures of algorithms derived from generally healthy sleepers.

The  user-centric  algorithm takes  a  significant  step  to  advance  epidemiologic  and sleep-disorder
specific sleep research relying upon Fitbit sleep data, by aligning the identification of participants’
primary  sleep  periods  with  homeostatic  and  physiological  sleep  patterns,  rather  than  arbitrary
calendar times. For instance, through ‘stitching’ and ‘cleaning’ of sleep logs, the TSP algorithm does
not meaningfully impact sleep staging-based metrics, but it impacts the calculation of sleep-wake
metrics  such  as  BT,  WT,  TST,  TATS,  WASO,  counts  of  non-primary  sleep,  sleep  efficiency
percentage, etc. For context, the average difference in these metrics in the most-affected population
constitutes about half of the minimum clinically important difference (MCID) suggested by studies
assessing insomnia treatment response [28,29]. Consequently, this method enhances the precision of
these day-over-day behavioral sleep metrics and provides more relevant insights into the behavioral
and physiological factors influencing sleep health for most people some of the time, and for some
people (likely those with chronic insomnia) much of the time. This refinement in pre-processing
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sleep  data  from wearables  is  critical  for  advancing  our  understanding  of  the  complex  interplay
between longitudinal measurements of sleep-wake patterns and various health conditions[27,30].

While found to be statistically significant,  durations in staged sleep had only modest differences
between two algorithms, which are unlikely to be clinically meaningful. This is likely because most
sleep logs that are re-classified (from non-primary to primary sleep period logs) and “stitched” by the
TSP algorithm are less than 3 hours and, therefore, do not have sleep staging information. As the TSP
algorithm is focused on refining measures related to sleep-wake proportionality using existing sleep
logs via data modeling, it does not address limitations that underlie the data derived from the Fitbit
sleep staging algorithm. For example, sleep logs can consist of 1 or more sleep segments without
sleep stages are “stitched”with staged sleep segments by TSP to form a primary sleep period. TSP
does not update reported sleep stages for the entire sleep period since the raw signal data used to
estimate sleep stages are not available. However, this only occurs relatively infrequently, affecting
<0.2% (N=15,029) of the TSP-classified primary sleep logs (N=7,518,329) where both staged and
unstaged sleep co-exist. To further enhance the value of the TSP algorithm, we provide a flag to
identify all TSP hybrid stitched sleep logs (where staged and unstaged sleep segments can co-exist),
offering a simple method for filtering out nights with potentially underestimated sleep architecture
(i.e., those nights with staged and unstaged segments). This flag is important for sleep stage-based
research because it identifies sleep logs that are fully captured and staged by the default isMainSleep
algorithm.

We found clinically meaningful differences for metrics related to sleep disturbances and duration,
i.e.,  the  TSP  algorithm  achieved  the  intended  result  of  addressing  issues  with  sleep-wake
proportionality,  particularly  among  those  individuals  with  the  most  disrupted  sleep  patterns.
Therefore, relying solely on the isMainSleep algorithm to identify primary sleep logs could cause
mis-aggregation of sleep logs and inaccuracy in calculating sleep and wake durations as well as day-
over-day bed /wake time metrics. Both metrics have significant health implications[27,30]. As shown
in our conceptual and data examples, the isMainSleep algorithm is more likely to mis-aggregate the
sleep to the wrong day, and also mis-characterize primary sleep as a non-primary sleep (and vice
versa),  particularly  when  sleep  is  broken  on  either  side  of  midnight.  While  the  analysis  and
comparison  conducted  in  this  study  were  data-driven,  future  studies  are  needed  comparing  the
performance of the TSP algorithm against polysomnography and/or actigraphy with sleep diaries,
including participants with atypical sleep patterns or sleep disorders.

This study provides a practical guide for utilizing the user-centric sleep algorithm on a cloud-based
platform and  offers  a  user-friendly  R  package  to  streamline  its  implementation.  Prior  technical
automation  codes  required  self-reported  sleep  logs  from  participants[13],  whereas  R  package
developed in this study requires Fitbit sleep data from wearables only. While the validity of passive
detection and reassignment of logs to the primary sleep period was explored in this manuscript, we
hope that the open-source R package allows researchers to easily study whether the reassigned logs
adequately capture sleep patterns that they are investigating, thereby promoting transparency and
reproducibility,  and  making  Fitbit  Web  API  data  more  accessible  for  clinical  and  translational
research.  These  contributions  align  with  open  science  principles,[31,32] encouraging  further
refinement of sleep analysis methods and advancing sleep research. The algorithm’s applicability
extends to  all  Fitbit  devices,  with potential  to  generalize the logic related to  sleep-wake pattern
identification to other data sources, such as manually annotated actigraphs and sleep data from other
consumer wearable devices, with appropriate adaptation of the algorithm’s concept to the unique data
types/representations from different sources. While external validation is needed, this open-source R
package equips researchers with a tool informed by Fitbit developers and sleep medicine experts,
fostering  improved  data  interpretation  and  methodological  advancements  by  addressing  known
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limitations in the current algorithms.

Limitations

While we have demonstrated the key advantages of the user-centric TSP algorithm in accounting for
habitual sleep patterns, there remain a few important caveats. First, the absence of sleep data from
gold  standard  measures  like  polysomnography  prevents  a  direct  evaluation  of  algorithm
performance.  Future  research  could  address  this  by  incorporating  polysomnography  or  other
validated sleep assessments to better validate the algorithms. Second, the user-centric TSP algorithm
assumes that all periods of wakefulness imputed between “stitched” primary sleep logs are part of
the  primary  sleep  period.  We  are  not  able  to  distinguish  between  cases  when  the  user  was
intentionally awake and engaged in purposeful activity or when the user was attempting to sleep
during this imputed wake period. Therefore, TSP may introduce variations in activity levels due to
differences in sleep and wake period breakdowns. Research studies designed to examine the 24-
hourActivityCycle model[33], i.e.,  inter-relatedness of different activity and sleep behaviors may
need to  perform sensitivity  analyses  to  account  for  these  variations  and validate  findings  under
diverse conditions. Third, TSP does not address inherent limitations to wearable data collection that
may introduce errors  in  sleep  logs,  including issues  such as  low battery  power,  device  removal
during sleep, or poor heart rate variability data quality that prevents sleep staging. Given that the
median monitoring time of Fitbit sleep data used in this study was 4.2 years, data outliers on a small
proportion of nights are less likely to influence the overall understanding of habitual sleep behaviors
over time. Lastly, the generalizability of our results may be limited by the inclusion of atypical sleep
schedules, such as polyphasic sleep or rotating shift work, which our methods cannot adequately
characterize.  However,  prior  study  leveraging  All  of  Us  Fitbit  sleep  data  showed  that  <7% of
weekdays had a sleep onset outside of traditional sleep hours of 8:00 p.m. to 2:00 a.m., suggesting
that the probability of atypical sleep schedules is low in this cohort[3]. Future studies could explore
alternative algorithms or additional data sources to better understand and address the effects of these
variations  from  typical  sleep  patterns.  That  being  said,  we  do  want  to  highlight  that  this  new
algorithm’s approach to identifying the primary sleep period of the individual, based on their typical
sleeping pattern rather than by the longest sleep log that ends on a given calendar day, is more likely
to accurately capture and aggregate sleep logs that reflect an individual’s primary sleep period, even
if it occurs at an atypical time of day. This requires that there is at least some regularity to that sleep
schedule  to  be  able  to  (1)  leverage  to  longitudinal  data  in  identifying  what  is  “usual”  for  that
individual and (2) identify logs that are sufficiently overlapping the identified TSP/primary sleep
period  window  to  be  labelled  accordingly.  In  the  latter  case,  only  the  most  extremely  varying
schedules (which would be very unhealthy and physiologically difficult to maintain for extended
periods of time, from a circadian rhythm standpoint) are likely to have primary sleep sessions that
have no overlap - thus not being able to be assigned to the TSP - with the “usual” primary sleep
period of the individual. There have been active efforts by the All of Us Research Program to address
diversity gaps in the Fitbit data collection through the Wearables Enhancing All of Us Research
(WEAR) study, which provides devices to participants from underrepresented communities at no
cost.  This  might  provide  future  research  opportunities  to  re-evaluate  this  algorithm in  a  socio-
demographically diverse population.

Conclusion

In summary, the user-centric algorithm represents a significant advancement in the analysis of sleep-
wake patterns by better aligning with individuals' habitual sleep behaviors, rather than relying on
fixed calendar times. This algorithm captures the natural variability in sleep schedules, offering a
more accurate tool for evaluating sleep metrics related to schedule, duration and disturbances. The
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robustness of the user-centric algorithm enhances its utility in both clinical and translational research,
where individualized and precise sleep assessments are essential. To support its widespread adoption,
we have developed a comprehensive and user-friendly R package, enabling seamless integration of
the  TSP algorithm  into  existing  research  workflows.  This  tool  holds  considerable  potential  for
advancing  personalized  sleep  medicine  and  deepening  our  understanding  of  sleep-related  health
outcomes.
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Abbreviations:

EHR:  Electronic health records

WASO: Wake after sleep onset 

TST: Total sleep time 

TSP: Typical sleep period 

API: Application Programming Interface 

BMI: Body mass index 

ICD:  International Classification of Diseases

TATS: Time attempting to sleep

NWAK: Number of awakenings 

TST-NP: Total sleep time in non-primary sleep period

BT: Bedtime

WT: Wake time

MSP: Midsleep point 
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Methods Supplement: 

Technical implementation of the TSP algorithm:

The  implementation  steps  outlined  below  are  applicable  to  sleep  data  captured  from  all  Fitbit
devices.

Step 1: Construct Fitbit sleep logs from sequence-level sleep data

Currently, the Fitbit sequence level sleep data available on All of Us Researcher Workbench only
includes the start date time and duration for each sleep segment. Therefore, to implement the user-
centric TSP algorithm on All of Us Researcher Workbench, we first apply a stitching rule to the
sequence level sleep data to reconstruct Fitbit sleep logs by aggregating consecutive sleep segments
that are separated by less than one hour. While this simplified approach may not perfectly replicate
the structure of algorithmically-constructed Fitbit sleep logs, the discrepancy is likely minimal as our
post hoc QA (quality assurance) process identified data inconsistencies in only <0.2% of sleep logs
(e.g.sleep logs reporting more than 1 value for “isMainSleep”). This step of re-constructing sleep
logs can be omitted, however, if the sleep data is accessed directly from the Fitbit Web API and
includes the logID data element. In this case, sleep logs are simply those sequence level data that
share a common logID.

Step 2: Identify the typical sleep period

Next, we calculate the mid-sleep point (MSP) as the midpoint time between sleep onset and sleep
offset for each isMainSleep-classified primary sleep log. We determine the median MSP across all
available “isMainSleep=true” logs for each user, and also establish a time range of median mid-sleep
point + /- 8 hours as the overlap period over which sleep logs are deemed relevant for establishing
the user’s typical sleep period. Lastly, each user’s TSP bedtime and TSP wake time are calculated as
the median bedtime and wake time across all relevant sleep logs, with bedtimes derived from the
start of the first relevant sleep log in each sleep period and wake times derived from the end of the
last relevant sleep log in each sleep period.

Step 3: Classify sleep logs based on overlap with the typical sleep period

All sleep logs that overlap with the typical sleep period, i.e. with bedtime (BT) and wake time (WT)
between  the  TSP  bedtime  and  wake  time  as  defined  above,  are  classified  as  primary  sleep
(“TSP=true”). All other sleep logs that do not meet the above criteria are classified as non-primary
sleep (“TSP=false”), as these are most likely non-primary sleep outside of the typical sleep period.

Given how inconsistent sleep schedules may lead to incorrect BT /WT estimates, if the time between
the TSP BT and WT is <5 hrs (i.e., indicative of habitually unhealthy short sleep durations), then the
TSP BT and WT are set as the 7-hour window of sleep opportunity around the median MSP, based on
the  minimum  recommended  sleep  opportunity  for  adults[34,35] (e.g.,  BT=MSP-3.5hrs  and
WT=MSP+3.5hrs). Though we acknowledge this as a simplifying assumption, the prevalence of this
edge case was relatively low (<1% of sleep logs, n = 69,067), and contributed by <5% of the total
analytical sample (n= 417). In addition to BT and WT, these TSP-classified primary sleep logs can
now be used to calculate other metrics related to a user’s sleep schedule, sleep duration, and sleep
disturbances.
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Supplemental Figure 1: Distribution of change in the mean number of primary sleep logs per
night as a measure of variation from typical sleep patterns. 

Negative values represent participants whose non-primary sleep were mislabeled as primary sleep
under  isMainSleep.  Values  between  0  and  0.05  represent  participants  whose  sleep  logs  were
consistently classified under both algorithms. Values >0.05 represent participants whose sleep tends
to be interrupted, and were previously incompletely captured under isMainSleep.
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Supplemental Tables

Supplemental Table 1: Descriptive stats of sleep metrics by calendar-relative (isMainSleep) and user-
centric (TSP) algorithms by quartiles for variation from typical sleep patterns

Variable Algorithm Q1 Q2 Q3 Q4
P-value

(A^)
P-value
(B^^)

P-value
(AxB^^

)

Mean #
logs / day
(Range)

NA
[-

0.0761,0.007
35]

[0.00735,0.0
235]

[0.0235,0.05
94]

[0.0594,1]

Number of
participants

NA 2140 2141 2141 2141

Number of
logs

isMainSleep 1428784 2122928 2042406 1711392
NA NA NA

TSP 1408141 2118034 2080945 1902153

Person-days
isMainSleep 1427450 2132910 2063404 1756258

NA NA NA
TSP 1420310 2123700 2051308 1738234

Sleep schedule

Bedtime
(BT) isMainSleep

22:50:12
[22:01:54,23:

36:00]

23:06:18
[22:27:12,23

:51:54]

23:40:36
[22:45:24,00

:46:12]

23:13:36
[22:27:12,00

:04:06]

<0.0001 0.9465 <0.0001

TSP 22:54:06 23:09:00 23:33:48 23:15:12

30
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[22:08:24,23:
39:54]

[22:30:00,23
:55:48]

[22:38:06,00
:42:30]

[22:28:24,00
:06:36]

Sleep onset

isMainSleep
22:55:54

[22:07:24,23:
41:12]

23:10:54
[22:32:12,23

:56:54]

23:43:06
[22:49:36,00

:49:00]

23:18:24
[22:31:18,00

:08:30]
<0.0001 <0.0001 <0.0001

TSP
23:00:06

[22:14:54,23:
45:48]

23:13:36
[22:35:24,00

:00:42]

23:37:42
[22:41:12,00

:46:18]

23:19:24
[22:32:54,00

:11:06]

Sleep offset

isMainSleep
06:16:30

[04:46:00,06:
59:24]

06:28:36
[05:47:00,07

:06:48]

05:56:18
[04:48:00,06

:45:36]

06:17:54
[05:23:12,06

:59:30]
<0.0001 <0.0001 <0.0001

TSP
06:31:36

[05:41:48,07:
12:36]

06:44:30
[06:08:24,07

:19:42]

06:33:42
[05:42:36,07

:20:24]

06:39:18
[05:55:30,07

:17:24]

Wake time
(WT)

isMainSleep
06:19:54

[04:49:24,07:
03:12]

06:32:06
[05:49:36,07

:10:06]

05:59:06
[04:50:24,06

:48:30]

06:20:36
[05:25:42,07

:02:12]
<0.0001 <0.0001 0.0001

TSP
06:34:54

[05:44:24,07:
15:36]

06:47:24
[06:10:54,07

:22:48]

06:36:30
[05:44:18,07

:22:12]

06:42:00
[05:58:12,07

:20:48]

Time
attempting to
sleep (TATS)

isMainSleep
455.29

(401.05,
490.54)

456.37
(421.53,
485.75)

441.44
(400.32,
476.44)

404.72
(350.4,
447.91)

<0.0001 0.435 <0.0001

TSP 466.23 465.32 457.55 442.03

31
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(425.13,
499.34)

(433.67,
494.25)

(420.89,
490.86)

(399.17,
482.93)

Total sleep
duration

isMainSleep
446.63

(391.27,
480.3)

447.18
(413.27,
476.94)

433.84
(393.46,
468.08)

398.74
(345.23,
441.66)

<0.0001 <0.0001 <0.0001

TSP
457.05

(416.54,
489.53)

456.64 (425,
485.36)

449.63
(412.56,
482.44)

435.74
(393.1,
476.47)

Midsleep
point (MSP)

isMainSleep
02:32:42

[01:31:12,03:
14:24]

02:48:36
[02:14:30,03

:27:54]

02:49:12
[01:58:12,03

:34:42]

02:47:12
[02:01:42,03

:28:00]
<0.0001 <0.0001 <0.0001

TSP
02:46:48

[02:04:36,03:
25:00]

02:58:12
[02:25:42,03

:36:36]

03:04:06
[02:20:18,03

:51:48]

03:00:18
[02:18:30,03

:40:24]

Sleep duration

TST of
primary

sleep period

isMainSleep
419.97

(363.65,
452.04)

418.46
(385.85,
446.26)

401.71
(363.19,
434.31)

365.73
(313.6,
406.82)

<0.0001 <0.0001 <0.0001

TSP
429.42

(389.58,
459.34)

425.48
(394.92,

453)

413.39
(376.88,
445.1)

387.15
(342.55,
428.13)

Daily TST isMainSleep 408.84 411.5 394.45 357.78 <0.0001 <0.0001 <0.0001
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(345.53,
442.93)

(378.32,
440.16)

(355.59,
426.41)

(305.42,
398.66)

TSP
417.96

(375.21,
448.83)

419.32
(387.54,
445.49)

405.34
(369.6,
436.39)

379.1
(333.34,
419.58)

Total
wakefulness

duration

isMainSleep
33.1 (25.13,

41.39)

35.34
(29.24,
42.38)

36.19
(29.72,
43.65)

34.79
(27.05,
42.68)

<0.0001 <0.0001 0.1601

TSP
33.45 (25.5,

41.81)
36.9 (30.58,

43.98)

40.11
(33.67,
48.29)

49.01
(40.03,
59.93)

Sleep
efficiency
percentage

isMainSleep
92.54 (90.96,

93.85)

92.21
(90.85,
93.32)

91.72
(90.31, 92.9)

91.27
(89.66,
92.67)

<0.0001 <0.0001 <0.0001

TSP
92.48 (90.9,

93.8)

91.98
(90.59,
93.08)

91.03
(89.65,
92.22)

88.96
(86.71,
90.51)

Sleep onset
latency
(SOL)

isMainSleep
4.73 (2.99,

6.73)
4.44 (3.11,

6.18)
3.88 (2.7,

5.52)
3.11 (2.05,

4.52)
<0.0001 <0.0001 <0.0001

TSP
4.88 (3.09,

6.95)
4.51 (3.17,

6.24)
3.93 (2.73,

5.58)
3.13 (2.09,

4.56)

Latency
from wake to

isMainSleep
2.99 (1.46,

4.54)
3.13 (2.04,

4.48)
2.83 (1.83,

4.12)
2.41 (1.48,

3.66)
<0.0001 <0.0001 0.1601
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end of log TSP
3.03 (1.5,

4.59)
3.1 (2.02,

4.45)
2.73 (1.77,

3.99)
2.28 (1.36,

3.51)

Sleep Disturbances

Wake after
sleep onset
(WASO)

isMainSleep
28.73 (22.07,

36.3)

31.25
(25.88,
37.53)

32.99
(26.95,
40.02)

33.06
(26.42,
40.91)

<0.0001 <0.0001 <0.0001

TSP
29.96 (23.23,

37.9)

33.34
(27.94,
39.91)

37.73
(31.91,
45.21)

48.6 (40.28,
59.68)

# of
awakenings

isMainSleep 4.3 (3.25, 6)
4.9 (3.82,

6.57)
5.07 (3.98,

6.83)
4.81 (3.72,

6.41)
<0.0001 <0.0001 <0.0001

TSP
4.42 (3.36,

6.24)
5.02 (3.95,

6.71)
5.3 (4.21,

7.11)
5.36 (4.21,

7.08)

# of long
awakenings

isMainSleep
0.03 (0.01,

0.06)
0.04 (0.02,

0.07)
0.05 (0.03,

0.08)
0.06 (0.03,

0.11)
<0.0001 <0.0001 <0.0001

TSP
0.03 (0.01,

0.06)
0.05 (0.04,

0.08)
0.09 (0.06,

0.12)
0.18 (0.13,

0.26)

Length of
longest wake isMainSleep

11.8 (9.28,
14.09)

12.56
(10.66,
14.43)

13.05
(10.98,
15.19)

13.58
(11.07,
16.09)

<0.0001 <0.0001 <0.0001

TSP 12.45 (9.97, 14.13 16.91 25.35
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14.71)
(12.07,
16.03)

(14.58,
19.35)

(21.08,
31.95)

Sleep pattern and stages

Wake

isMainSleep
36.71 (31.43,

43.15)
38.06 (32.9,

44.07)

39.32
(34.09,
45.33)

38.78 (33,
45.48)

<0.0001 <0.0001 <0.0001

TSP
36.79 (31.48,

43.1)

38.15
(33.06,
44.21)

39.56
(34.32, 45.6)

39.27 (33.4,
46.15)

Awake

isMainSleep
5.02 (3.38,

8.04)
5.8 (4.21,

7.95)
6.19 (4.37,

8.6)
6 (4.14,
8.68)

0.0036 0.5199 <0.0001

TSP
5.2 (3.5,

8.36)
5.72 (4.15,

7.86)
5.94 (4.2,

8.33)
5.62 (3.75,

8.21)

Restless

isMainSleep
16.66 (10,

26.41)

20.21
(13.94,
28.63)

21 (14,
30.14)

19.2 (12.19,
29.45)

<0.0001 0.5711 <0.0001

TSP
17.9 (10.75,

27.47)

19.98
(13.82,
29.01)

20.38
(13.39,
29.87)

18.4 (11.19,
28.8)

Imputed
Wake

isMainSleep NA NA NA NA <0.0001 NA NA

TSP 82.5 (65.5, 90.2 (74.53, 95.74 (81.8, 103.82
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103.04) 106.29) 109.66)
(90.72,
119.98)

Asleep

isMainSleep
350.6

(205.15,
428.46)

374.9
(280.11,
424.63)

346.77
(246.34,
407.17)

283.63
(184.52,
368.02)

<0.0001 0.3895 <0.0001

TSP
377.01

(235.66,
439.15)

373.5
(269.37,
426.06)

340.99
(223.14,
406.85)

265.68
(162.42,
359.97)

Light

isMainSleep
273.6

(249.73,
300.41)

273.28
(250.16,
298.37)

269.38
(244.31,
294.84)

256.5
(228.3,
284.74)

<0.0001 <0.0001 <0.0001

TSP
274.4

(250.42,
300.88)

274.1
(251.22,
298.98)

271.16
(245.81,
296.45)

260.03
(232.42,
289.15)

Light as %
of TST

isMainSleep
63.77 (60.07,

68.46)
64.15 (60.6,

68.42)
65.3 (61.46,

69.52)

67.63
(63.03,
71.95)

<0.0001 <0.0001 <0.0001

TSP
63.58 (59.96,

68.16)
63.94

(60.35, 68.2)
64.74 (60.9,

68.92)
65.48 (61.4,

69.89)

Deep
isMainSleep

65.73 (54,
75.9)

64.22
(53.87,
74.37)

60.54
(50.78,
70.05)

53.12
(43.19,
63.54)

<0.0001 <0.0001 <0.0001

TSP 66.23 (54.68,
76.19)

64.38
(54.01, 74.7)

60.81
(51.11,

53.8 (43.79,
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70.49) 64.46)

Deep as % of
TST

isMainSleep
15.42 (12.99,

17.51)

15.11
(12.84,
17.37)

14.75
(12.47,
16.92)

13.84 (11.7,
16.28)

<0.0001 <0.0001 <0.0001

TSP
15.45 (13.01,

17.52)

15.06
(12.84,
17.35)

14.66
(12.36, 16.8)

13.46 (11.3,
15.9)

REM

isMainSleep
89.6 (74.7,

102.82)

88.11
(74.94,
101.05)

83.64
(70.24,
96.81)

73.85
(59.78,
87.84)

<0.0001 <0.0001 <0.0001

TSP
89.97 (75.39,

103.19)

88.43
(75.35,
101.31)

84.17
(70.69,
97.16)

74.74
(60.71,
88.83)

REM as %
of TST

isMainSleep
20.82 (17.85,

23.19)
20.7 (17.88,

23.04)

20.13
(17.37,
22.41)

18.98
(16.26,
21.32)

<0.0001 <0.0001 <0.0001

TSP
20.87 (17.93,

23.23)

20.64
(17.86,
23.03)

20.02
(17.27,
22.25)

18.43 (15.7,
20.92)

Non-primary sleep period

Count per isMainSleep 0.04 (0.02, 0.08 (0.05, 0.15 (0.1, 0.31 (0.22, <0.0001 <0.0001 <0.0001
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day

0.09) 0.14) 0.22) 0.46)

TSP
0.06 (0.02,

0.15)
0.07 (0.03,

0.15)
0.1 (0.05,

0.2)
0.15 (0.07,

0.27)

TST-NP

isMainSleep
90.34 (78.04,

105.45)

95.95
(84.27,
108.73)

100.51
(87.87,
112.86)

105.54
(91.02,
121.49)

<0.0001 <0.0001 <0.0001

TSP
97.5 (82,
120.85)

100.02
(86.29,
119.12)

100.96
(86.93,
120.86)

101.93
(86.16,
123.33)

Note that the total number of logs across quartiles may not equal the total number of logs given the simplified
approach of definition that was used to identify sleep logs and in these analyses we only consider nights where
a  non-waking  level  is  present.
A^  -  Refers  to  main  effect  of  quartile
B^^  -  Refers  to  main  effect  of  algorithm
AxB^^^ - Refers to interaction effect of quartile and algorithm

Supplemental Table 2: Descriptive stats of sleep metrics by calendar-relative (isMainSleep) and user-
centric (TSP) algorithms by 3-level categories of variation from typical sleep patterns

Variable
Algorith

m
Group 1

(Cleaning)
Group 2 (No

change)
Group 3 (most
stitched logs)

P-value
(A^)

P-value
(B^^)

P-value
(AxB^^)

Mean # logs / day
(Range)

NA [-0.0076-0] [0-0.0594] >= 0.0594
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Number of
participants

NA 59 6361 2143

Number of logs

isMainSl
eep

54720 5538791 1711999
NA NA NA

TSP 52627 5553851 1902795

Person-days

isMainSl
eep

50453 5572696 1756873
NA NA NA

TSP 50192 5544514 1738846

Sleep schedule

Bedtime (BT)

isMainSl
eep

23:40:30
[22:45:18,00:

46:06]

22:25:06
[21:45:30,23:24

:06]

23:03:54
[22:20:06,23:51

:54]
<0.0001 0.0313 <0.0001

TSP
23:33:48

[22:38:06,00:
42:24]

22:25:48
[21:49:42,23:30

:18]

23:06:36
[22:22:54,23:55

:12]

Sleep onset

isMainSl
eep

23:43:06
[22:49:30,00:

48:48]

22:32:36
[21:50:18,23:29

:12]

23:08:42
[22:25:12,23:56

:00]
0.0254 <0.0001 <0.0001

TSP
23:37:36

[22:41:12,00:
46:12]

22:33:48
[21:54:30,23:34

:00]

23:11:18
[22:28:18,23:59

:48]

Sleep offset isMainSl 05:56:18 06:24:48 06:22:12 <0.0001 <0.0001 <0.0001
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eep
[04:48:24,06:

45:36]
[05:30:00,06:53

:18]
[05:26:00,07:02

:06]

TSP
06:33:36

[05:42:36,07:
20:24]

06:34:00
[05:54:36,07:12

:24]

06:39:00
[05:56:24,07:16

:36]

Wake time (WT)

isMainSl
eep

05:59:06
[04:50:24,06:

48:30]

06:30:12
[05:35:24,06:56

:48]

06:25:12
[05:28:42,07:05

:18]
<0.0001 <0.0001 0.0003

TSP
06:36:24

[05:44:18,07:
22:12]

06:36:24
[05:58:00,07:14

:24]

06:42:06
[05:58:42,07:20

:00]

Time attempting
to sleep (TATS)

isMainSl
eep

486.19
(460.34,
518.9)

450.91 (408.83,
484.5)

404.8 (350.48,
447.9)

<0.0001 0.0474 <0.0001

TSP
486.11

(462.57,
519.2)

462.81 (426.54,
494.75)

442.03 (399.17,
482.91)

Total sleep
duration

isMainSl
eep

475.42
(453.05,
509.34)

442.8 (400.92,
475.29)

398.88 (345.41,
441.54)

0.0113 <0.0001 <0.0001

TSP
477.37

(454.67,
508.84)

454.52 (418.68,
485.34)

435.74 (393.25,
476.36)

Midsleep point isMainSl 02:49:06 02:28:30 02:43:18 <0.0001 <0.0001 <0.0001
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(MSP)

eep
[01:58:24,03:

34:36]
[01:50:00,03:07

:24]
[02:00:30,03:23

:24]

TSP
03:04:00

[02:20:12,03:
51:48]

02:37:24
[01:56:36,03:16

:30]

02:54:48
[02:16:42,03:34

:48]

Sleep duration

TST of primary
sleep period

isMainSl
eep

434.61
(410.86,
469.47)

413.1 (371.34,
444.81)

365.77 (313.61,
406.78)

<0.0001 <0.0001 <0.0001

TSP
439.42

(416.96,
468.34)

422.51 (387.25,
452.56)

387.31 (342.55,
428.08)

Daily TST

isMainSl
eep

428.53
(404.18,
466.19)

404.9 (361.51,
437.34)

357.78 (305.46,
398.65)

<0.0001 <0.0001 <0.0001

TSP
432.15

(408.59,
466.21)

413.89 (377.79,
444)

379.1 (333.36,
419.53)

Total wakefulness
duration

isMainSl
eep

39.74 (33.89,
47.36)

34.87 (28.18,
42.45)

34.79 (27.03,
42.7)

<0.0001 0.2681 0.9342

TSP
41.61 (33.65,

52.22)
36.93 (29.85,

44.7)
49.01 (40.02,

59.92)

Sleep efficiency isMainSl 91.12 (89.15, 92.16 (90.7, 91.27 (89.66, <0.0001 <0.0001 <0.0001
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percentage

eep 92.54) 93.37) 92.67)

TSP
91.28 (89.48,

92.99)
91.82 (90.32,

93.07)
88.96 (86.72,

90.51)

Sleep onset
latency (SOL)

isMainSl
eep

5.38 (3.78,
6.76)

4.31 (2.9, 6.16)
3.11 (2.05,

4.52)
<0.0001 <0.0001 <0.0001

TSP
5.42 (3.81,

6.76)
4.39 (2.94,

6.26)
3.13 (2.08,

4.55)

Latency from
wake to end of

log

isMainSl
eep

3.38 (2.62,
4.78)

2.97 (1.81,
4.41)

2.41 (1.47,
3.67)

<0.0001 0.2681 0.9342

TSP
3.21 (2.64,

4.58)
2.94 (1.78,

4.35)
2.28 (1.36,

3.51)

Sleep
Disturbances

Wake after sleep
onset (WASO)

isMainSl
eep

34.38 (29.88,
42.81)

30.95 (24.95,
38.18)

33.06 (26.41,
40.91)

<0.0001 <0.0001 <0.0001

TSP
37.05 (30.4,

48.62)
33.85 (27.42,

41.28)
48.59 (40.27,

59.67)

# of awakenings

isMainSl
eep

4.83 (3.61,
6.67)

4.77 (3.7, 6.49)
4.81 (3.72,

6.41)
<0.0001 <0.0001 <0.0001

TSP
4.83 (3.67,

6.91)
4.94 (3.85,

6.71)
5.36 (4.2, 7.07)
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# of long
awakenings

isMainSl
eep

0.05 (0.04,
0.07)

0.04 (0.02,
0.07)

0.06 (0.03,
0.11)

<0.0001 <0.0001 <0.0001

TSP
0.06 (0.04,

0.13)
0.06 (0.03, 0.1)

0.18 (0.13,
0.26)

Length of longest
wake

isMainSl
eep

13.72 (11.74,
15.87)

12.5 (10.36,
14.56)

13.58 (11.07,
16.09)

<0.0001 <0.0001 <0.0001

TSP
14.65 (12.42,

17.92)
14.4 (11.86,

17.11)
25.35 (21.08,

31.95)

Sleep pattern and stages

Wake

isMainSl
eep

40.36 (34.95,
44.46)

38.08 (32.72,
44.25)

38.78 (32.97,
45.49)

0.0003 <0.0001 <0.0001

TSP
40.11 (34.47,

44.18)
38.23 (32.88,

44.37)
39.27 (33.39,

46.16)

Awake

isMainSl
eep

5.64 (4.27,
7.56)

5.72 (4, 8.18) 6 (4.14, 8.68)

0.9297 0.0071 <0.0001

TSP 5.5 (4.1, 8) 5.67 (4, 8.13)
5.62 (3.75,

8.21)

Restless

isMainSl
eep

21.64 (13.03,
35.19)

19.34 (12.73,
28.61)

19.2 (12.19,
29.44)

<0.0001 <0.0001 <0.0001

TSP
23.01 (11.6,

32.87)
19.47 (12.89,

29)
18.4 (11.19,

28.77)
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Imputed Wake

isMainSl
eep

<0.0001 <0.0001 <0.0001

TSP
39.27 (24.03,

57.12)
91.5 (74.91,

107.64)
103.79 (90.73,

119.94)

Asleep

isMainSl
eep

317.63
(199.24,
390.04)

359.52 (245.87,
420.24)

283.63 (184.56,
368.08)

<0.0001 <0.0001 <0.0001

TSP
289.2

(164.14,
371.02)

364.53 (243.9,
424.41)

265.68 (162.55,
359.92)

Light

TSP
281.82

(254.77,
305.49)

271.89 (247.95,
297.61)

256.5 (228.33,
284.78)

<0.0001 <0.0001 <0.0001

isMainSl
eep

282.54
(253.77,
306.21)

272.96 (249.05,
298.42)

260.03 (232.44,
289.13)

Light as % of
TST

TSP
64.17 (57.89,

67.42)
64.43 (60.77,

68.81)
67.63 (63.03,

71.95)
0.0334 0.22 <0.0001

isMainSl
eep

63.63 (57.86,
67.29)

64.15 (60.47,
68.48)

65.48 (61.41,
69.89)

Deep
TSP

65.35 (57.38,
75.45)

63.14 (52.74,
73.58)

53.12 (43.22,
63.56) <0.0001 NA NA

isMainSl 66.11 (58.9, 63.51 (53.03, 53.8 (43.8,
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eep 75.5) 73.93) 64.46)

Deep as % of
TST

TSP
14.82 (13.13,

16.2)
15.07 (12.74,

17.3)
13.84 (11.69,

16.28)
<0.0001 <0.0001 <0.0001

isMainSl
eep

14.76 (13.13,
16.25)

15.02 (12.71,
17.26)

13.46 (11.3,
15.91)

REM

TSP
89.36 (72.94,

100.61)
86.96 (72.86,

99.97)
73.85 (59.79,

87.85)
<0.0001 0.0002 <0.0001

isMainSl
eep

89.41 (74.59,
100.55)

87.36 (73.37,
100.34)

74.74 (60.72,
88.87)

REM as % of
TST

TSP
19.43 (16.57,

22.33)
20.55 (17.71,

22.91)
18.98 (16.27,

21.32)
<0.0001 0.0002 <0.0001

isMainSl
eep

19.6 (16.55,
22.38)

20.5 (17.68,
22.86)

18.43 (15.71,
20.93)

Non-primary sleep period 

  Count per day

isMainSl
eep

0.11 (0.06,
0.22)

0.09 (0.05,
0.16)

0.31 (0.22,
0.46)

<0.0001 <0.0001 <0.0001

TSP
0.12 (0.05,

0.29)
0.08 (0.03,

0.17)
0.15 (0.07,

0.27)

TST-NP
isMainSl

eep
89.98 (77.4,

101.55)
95.99 (83.56,

109.88)
105.44 (91.01,

121.48)
<0.0001 <0.0001 <0.0001
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TSP
97.83 (75.01,

112.58)
99.74 (85.5,

120.22)
101.9 (86.15,

123.28)

Note that the total number of logs across 3-level group may not equal the total number of logs given the
simplified approach of definition that was used to identify sleep logs and in these analyses we only consider
nights where a non-waking level is present.

A^  -  Refers  to  main  effect  of  quartile
B^^  -  Refers  to  main  effect  of  algorithm
AxB^^^ - Refers to interaction effect of quartile and algorithm
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Figures
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Conceptual overview of how the calendar-relative “isMainSleep” and user-centric “TSP” algorithms handle high-resolution
sleep data. TSP BT and TSP WT are derived from the median bedtime and wake time across all relevant sleep logs around a
user’s median mid-sleep point (MSP) (not shown). TSP = typical sleep period, BT = bedtime, WT = wake time.
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Calendar-relative ‘isMainSleep’ vs.user-centric ‘TSP’ algorithm - an illustrative data example.
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A-B: Decision making process for sleep log classification using calendar-relative and user-centric algorithms.
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Sleep onset offset by quartiles of variation from typical sleep patterns using calendar-relative and user-centric algorithms.
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Boxplots of paired differences between user-centric (TSP) and calendar-relative (isMainSleep) algorithms for each of the key
hypothesized sleep metrics across the quartiles of variation from typical sleep patterns. Box bounds, midline, and whiskers
represent the IQR, median, and 1.5 x IQR, respectively. Values above the dotted red line indicate a higher value from the
isMainSleep algorithm relative to the TSP algorithm; whereas, values below the red line indicate a lower value.

https://preprints.jmir.org/preprint/71718 [unpublished, peer-reviewed preprint]



JMIR Preprints Master et al

Multimedia Appendixes
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Distribution of change in the mean number of primary sleep logs per night as a measure of variation from typical sleep patterns.
Negative values represent participants whose non-primary sleep were mislabeled as primary sleep under isMainSleep. Values
between 0 and 0.05 represent participants whose sleep logs were consistently classified under both algorithms. Values >0.05
represent participants whose sleep tends to be interrupted, and were previously incompletely captured under isMainSleep.
URL: http://asset.jmir.pub/assets/10fa4434e444578e49d079e94c9fffd5.png
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