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Abstract

Background: The proliferation of wearable devicesthat collect activity and heart rate data has facilitated new ways to measure
sleeping and waking durations unobtrusively and longitudinally. Most existing sleep/wake identification algorithms are based
on activity only and are trained on expensive and laboriously annotated polysomnography (PSG). Heart rate can al so be reflective
of sleep/wake transitions, which has motivated its investigation herein in an unsupervised algorithm. Moreover, it is necessary
to develop a personalized approach to deal with interindividual variance in sleep/wake patterns.

Objective: We aimed to develop an unsupervised personalized sleep/wake identification algorithm using multifaceted data to
explore the benefits of incorporating both heart rate and activity level in these types of algorithms and to compare this approach’s
output with that of an existing commercial wearable device's algorithms.

Methods: In this study, atotal of 14 community-dwelling older adults wore wearable devices (Fitbit Alta; Fitbit Inc) 24 hours
aday and 7 daysaweek over period of 3 monthsduring which their heart rate and activity datawere collected. After preprocessing
the data, amodel was developed to distinguish sleep/wake states based on each individua’s data. We proposed the use of hidden
Markov models and compared different modeling schemes. With the best model selected, sleep/wake patterns were characterized
by estimated parameters in hidden Markov models, and sleep/wake states were identified.

Results:  When applying our proposed algorithm on a daily basis, we found there were significant differences in estimated
parameters between weekday models and weekend models for some participants.

Conclusions: Our unsupervised approach can be effectively implemented based on an individual’s multifaceted sleep-related
data from a commercial wearable device. A personalized model is shown to be necessary given the interindividual variability in
estimated parameters.

(JMIR Mhealth Uhealth 2020;8(8):€18370) doi: 10.2196/18370
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short sleep duration may lead to adverse health outcomes, such

Introduction as obesity, insulin resistance, depression, hypertension, and
Background cardiovascular disease [4-8]. Changes in sleep duration have

, , o been associated with declined cognitive function and increased
Sleep plays avitdl role in maintaining health [1,2]. Adequate ity ratein middle-aged population [9,10]. Thus, to detect
deep can help to maintain ahigh quality of life[3]. In contrast, changesin sleep patterns early on or for sleep disorder diagnosis,
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it is essential to measure deep duration accurately and
longitudinally.

Polysomnography is the gold standard for sleep duration and
dleep quality assessment; various devices are used to record
multiple body functions such as brain activity, eye movements,
skeletal muscle movement, and heart rhythm during sleep, and
it is typically done in a sleep lab or clinic [11]. Health care
professional s use these physiological measures to assess sleep
states, however, the cost of overnight PSG may range from US
$600 to $5000 each night [12]. Such assessment is expensive
and intrusive for consumers, and labor-intensive and
resource-demanding for health care professionals to achieve
[13-15], making it hard to use for long-term sleep monitoring
at home.

An emerging trend has been to adopt sensor-based wearable
devices to assess deep duration and achieve long-term sleep
monitoring. According to the reports from the International
Data Corporation, 83.8 million wearable devices were shipped
during the first two quarters of 2019 [16,17]. One of the most
common technol ogies for consumer sleep-monitoring wearable
devices is accelerometer-based actigraphy [18], which tracks
physical movement and determines when a person is asleep or
awake based on whether a low or high amount of activity is
recorded [19,20].

Related Work

A recent paper [21] reviewed and validated existing supervised
sleep-scoring algorithms using actigraphy in a large cohort.
Many types of supervised algorithms have been used, such as
linear discriminative analysis [22,23], decision trees [24],
artificial neura networks [24], long short-term memory [21],
and convolutional neural networks [21]; however, al require
training with annotated PSG, collected and labeled at great
expense. Moreover, the labeled daily-living sleep/wake PSG
data are challenging to collect during daytime making 24-hour
accuracy hard to evaluate.

Because annotated PSG is hard to acquire for model building,
it isintuitive to use an unsupervised method. Commonly used
techniques are based on rules and thresholds. For instance, the
Actiwatch (Mini Mitter Co Inc) software determined the start
of deep when therewere 10 consecutive minutes below acertain
mobility threshold and determined the end of sleep with 10
consecutive minutes above the threshold [25]. This approach
was commonly adopted in commercial wearable devices because
of its simplicity; however, the choice of the mobility threshold
was relatively arbitrary. Few studies have used other
unsupervised machine learning approaches such as clustering
[15] and hidden Markov model (HMM) [26].

Hidden Markov models are well suited to modeling time series
datain aprobabilistic way by using latent states[27]. Temporal
dependency can be learned, and the parameters of the model
areinterpretable. In the context of bioinformatics, HMMs have
been applied to monitor circadian rhythmicity using physical
activity datato characterize interindividual variability [28]. In
other high-frequency physiological data collected during
PSG—such as electroencephalography, electrooculography,
and el ectromyography—HMM s have been used to classify deep
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stages [29,30]. These papers showed that the sleep/wake cycle
could be inferred from physiologica data using HMMs;
therefore, we wanted to extend this approach and its strengths
to activity and heart rate data from wearable devices.

In addition to modeling sleep/waketransitions viaactivity data,
heart rate is also reflective of the circadian cycle, and it can be
recorded accurately using photoplethysmography in wearable
devices [31]. In a 24-hour assessment study in ambulatory
patients, heart rate varied significantly in deep and wake periods
[32]. Willemen et a [33] showed that heart rate, along with
activity, can predict sleep and wake well with the use of support
vector machine al gorithms on healthy participant data; however,
this approach also required supervised training (ie, labeled PSG).

Furthermore, the generalizability of existing algorithms is of
concern especially when different sleeping patterns and habits
can be observed in different people [15]. Person-to-person
differencesin demography and physiology can have significant
effects on deep/wake patterns and characteristics [34,35].
Personalized sleep-scoring algorithms are needed to avoid
interindividual variance problems, since algorithmslearn from
individual lifestyle and physiological patterns using long-term
contextual history. Existing studies have shown that the
deep/wake state can be better inferred using a personalized
approach from actigraphy [36,37].

Objectives

In this paper, we aimed to explore the feasibility of using HMM
to analyze heart rate and activity data collected by a wearable
device and to develop a personalized and unsupervised
sleep/wake identification approach. To our knowledge, thereis
little research focused on personalized and unsupervised
sleep/wake identification algorithms using a wearable device.
Also, the approach enables advantageous complementary use
of both heart rate and activity data. The algorithm is
demonstrated using a real-world data set collected with
commercia wearable devicesin the older adult population and
its performance isillustrated with case studies.

We describe recruitment and data collection, data preprocessing
steps, HMM, rescoring rules, and comparison scoring results.
We al so demonstrate the approach with acase study, investigate
the fusion effect of heart rate and activity data in modeling,
compare our scoring results with Fitbit's results individually,
and investigate pattern changes using daily models.

Methods

Participant Recruitment and Data Collection

We collaborated with an older adult care center in Hong Kong
to recruit participants who met the following criteria: aged 60
yearsor above, community-dwelling Hong Kong residents, and
willing to take participate in a 3-month longitudina
observational study from December 18, 2017 to February 28,
2018. The Research Ethics Committee of the City University
of Hong Kong approved this pilot study (reference number
3-2-201803_02). All participants provided written consent.

Heart rate dataand activity datawere collected using Fitbit Alta
(Fitbit Inc). Participants were asked to wear the device on their
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nondominant hand for the full 24 hours each day for 3
consecutive months. For activity data, the most common choice
for usein sleep/wake classification algorithmsis activity count.
However, since activity count was unavailablein Fitbit, we used
step count instead, which was also a reflection of activity
intensity in an epoch. Fithit Alta reported heart rate every 1
minute and reported step count every 15 minutes.

Data Preprocessing

Since the study was conducted in a freeliving home
environment, some participants removed the devices when
showering or at night. When the participant removed the device,
the device reported heart rate and step count as zero, and the
nonwear time could beinferred. The recordingswere examined,
and nonwear days wereidentified and removed before analysis
if (1) more than 30 minutes of heart rate data were in that day
or (2) there was a step count of zero on that day. We excluded
participants who had more than 50% of the days in the
observation period identified as nonwear from analysis.

After the elimination of nonwear days, any remaining datawith
missing values could be kept and dealt within HMM. Next, we
further preprocessed the step count data. In order to facilitate
the fusion of step count and heart rate data in the models,
downscaling was used to deal with the multigranularity data
[38]. It was achieved by disaggregating the 15-minute step count
data and simulating the of 1-minute step count time series. We
assumed that the 15-minute step count USE was evenly
distributed to every minute. Thus, 1-minute step counts were
generated by

USTEP
XSTEP_ 01

N 5 0.0
@

The total step count in 15 minutes was closely preserved.
Hidden Markov Models
Definitions

Hidden Markov models are composed of paired stochastic
variables: hidden states and observed variables. The model
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assumes that an observed sequence has been generated by
distributions, which conditionally depend on the hidden states
in an underlying and unobserved Markov process. In our
deep/wake identification problem, we considered two-state
hidden Markov models. The hidden stateswere S={ s;, s,} . Each

observed bivariate time series (of heart rate and activity data)
was denoted as

Xr={(<AT ), (T RR), ., (AT )

)

wheret 0 {1,...,T} and T was the total length. The two-state
chainwasinitialized by theinitial statedistribution, T={ T, T,,}
where Zm=1. The sequence of hidden states was
Z1={2,,2,,....z7}, Where z, O S for any t. The structure of a
standard multivariate HMM is shown in Figure 1.

The unobserved process was assumed to satisfy the Markov

property. The transition probability matrix was denoted by I
as

140

el

r=
Y22

3

whose (i,j) entry represented the probability of state s
transitioning to state §;:

P(z1=5 12=s) = Vi 5, § 0 S(4)
The emission density function

p(X; | Z=s) (5)
was associated with hidden states, which denoted the density
of the observation X if the hidden state was s at time t. For
multivariate time series, there were 2 schemes to develop
HMMs: (1) Specify the state-dependent joint distributions of
the observed variables for different states or (2) assume
contemporaneous conditional independence.

Figurel. Anillustration graph of the structure of multivariate hidden Markov model.

Unobservable/
hidden state

Observed
sequence

https://mhealth.jmir.org/2020/8/€18370

RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8| e18370 | p. 3
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH

Model SchemeM1: Specification of the State-Dependent
Joint Distributions

In the multivariate case, it can be straightforward to specify the
joint distribution in the context of our application, since heart
rate is highly correlated with activity intensity. The bivariate
normal distribution was considered because of its practical
unigqueness. Thus, the emission density function could be written
as follows if we assumed a bivariate joint distribution for X |

S:

1 T
e'z(xt'ﬂi) 2} l(xt'lli)

p(x|Z=s;)=
: T Zi
(6)
with
Mi Gif\CTZ P GiﬁCTGi-IR
ACT i
“i=(i ),zi= i C2 |ssiES
HER P;CACTOHR OHR

()

The correlation between heart rate and activity level can be
directly characterized by p;.

Model Scheme M2: Contemporaneous Conditional
I ndependence

Specifying suitablejoint distributions can be sometimes difficult,
and for simplicity, contemporaneous conditional independence
can be assumed. This means that the state-dependent joint
distribution is the product of the corresponding marginal
distributions:

p(x|Z=s;)=p (X?CT |Zt=si)-p (xfm|Zt=si) S;ES
8)

Note, contemporaneous conditional independence does not
mean the two observed time series are mutually independent
since the Markov chain can induce dependent pairs [27], and
the marginal distributions need not necessarily belong to the
samefamily of distribution. Thus, we can assumethe univariate
distributions in different states according to prior information.
The choices of distributions are discussed in our real-world case
study.

Model Fitting and Decoding

After the model was fully specified. The likelihood could be
obtained by summing the values assumed by z,,2,,...,z;:

L=nP(x;)TP(x,)P(x;)...TP(xp)1’

9)

Thelikelihood function was evaluated by theforward algorithm.
An advantage of the HMM is that missing data can be dealt
with simply by adjusting the likelihood computation. The
corresponding state-dependent probabilities were replaced by
1for all states. Parameter estimation was achieved by numerical
maximization or Baum-Welch algorithm [27]. Next, we decoded
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the series of the hidden states globally by maximizing the
conditional probability of the whole sequence P(Z | X5). The
optimal path was found using the Viterbi algorithm with
estimated parameters. The hidden states were matched with
sleep and wake states. The state with higher estimated mean
heart rate, g, and mean activity level, Uacr, represented the
active status of the participants, and related to a waking state.
On the other hand, the state with lower estimated mean heart
rate and mean activity level represented the resting status, which

was related to a sleeping state (heart rate variance, OZHR: and
activity level variance, 6%5cy).

Implementation of the Hidden Markov M odels

After preprocessing, the datawere ready for implementation of
the HMMs. For each participant, we plotted the kernel density
estimates of heart rate and of |og-transformed step count (Figure
2) to explore suitable prior joint emission distributions. From
the kernel density plot of heart rate, the overdispersed and
nonsymmetric observations suggested a bimodal distribution,
which may be modeled by a mixture model, and very likely a
two-component Gaussian mixture; however, mixture models
do not taketemporal dependency into account, which prompted
us to adopt the hidden Markov model. A Poisson distribution
isanatura choice for modeling count data; however, the step
count ranged from O to 160. Since it would have been
computationally expensive to estimate, especially for our long
sequence, we took the log transformation of step count and
found that they were aso distributed marginally as a
two-component Gaussian mixture.

Based on the marginal density plots, we proposed two schemes
for fitting multivariate HMM. For model scheme M1, we
specified bivariate Gaussian distribution for heart rate and

log(XSTEP+1) for both states; for model scheme M2, we assumed
univariate Gaussian distribution for heart rate for both states
and univariate Gaussian distribution for log-transformed step

count for both states.

Two HMMswerefitted for each participant, one HMM modeled
using model scheme M1 and another using model scheme M2.
The best model was chosen based on Akaike information
criterion (AIC) and Bayesian information criterion (BIC).
Moreover, the goodness of fit of the best model was further
assessed by ordinary normal pseudo-residuals [27]:

=0 (P(X=x X I=xY)) =07! (Fx (x))
(10)

If the observations x,,...,Xt wereindeed generated by the model
X, theordinary norma pseudo-residualswould be distributed
standard normal.

With the estimated parameters for the best model, we found a
globally optimal path for the observations. The decoding of the
hidden states was passed to rescoring rules, and thefinal scoring
results of deep and wake states were decided. The
implementation of HMM was built based on the dependent
mixture models package (depmix$4; version 1.4-2) in R
software (version 3.5.1) [39]
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To study the fusion effect of heart rate and activity in HMM,
two HMM model s observing single source datawas considered
for comparison. We fitted a two-state hidden Markov model

observing activity level X", which waslog(X>"5"+1), denoted

Liuetd

asthe activity HMM, and amodel observing heart rate denoted
asthe heart rate HMM. In both the activity HMM and the heart
rate HMM, the emission distributions for both states were
assumed to be normal distributions according to the empirical
data analysis.

Figure 2. Kernel density plots for heart rate and log(X_STEP+1) for al participants.
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Rescoring Rules

In actigraphy algorithms, Webster et al [40] reported that the
most common error was scoring wake as seep. In order to
correct this systematic error, they developed these rescoring
rules, which were further validated by different researchers
[21,22]. Webster rescoring rules can be described as (1) after
at least 4 minutes scored as wake, the first minute scored sleep
will be rescored wake; (2) after at least 10 minutes scored as
wake, the first 3 minutes scored sleep will be rescored wake;

Density

Kernel density plot of log(XS™5 + 1)

1.5

1.0

0.5

0.0

log(X°Te" + 1)

(3) after at least 15 minutes scored as wake, the first 4 minutes
scored sleep will be rescored as wake; (4) 6 minutes or less
scored sleep surrounded by at least 10 minutes (before or after)
scored as wake are rescored wake; and (5) 10 minutes or less
scored as sleep surrounded by at least 20 minutes (before or
after) scored as wake are rescored wake. These rules were
applied to 1-minute decoding results from HMM sequentially.

Theworkflow of our sleep/wake identification approach can be
summarized in Figure 3.

Figure 3. The workflow of our hidden Markov model—based sleep/wake identification approach. S/W: sleep/wake.

! |Ip Data Model Hidden States S/W State
w z_ » Preprocessing v Fitting v Decoding Rescoring
Heart rate Activity data

data

Comparison of Scoring Algorithms

Fitbit Altaautomatically detects sleep based on activity—"“When
your body iscompletely at rest and you haven’'t moved for about
an hour, your Fithit device records that you're asleep”
[41];—however, the exact scoring algorithm is proprietary.
Only the sleep/wake scoring results can be compared with
Fitbit's output (7 sleep-related states). For comparison, asleep,
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deep, light, and REM were reclassified as deep, while restless,
awake, and wake were reclassified as wake.

Daily Basis M odél

In addition to applying the proposed model to 3-month time
periods for each participant, as a pilot experiment, we applied
the personalized algorithms on a daily basis for each person.
To investigate whether there was any difference in estimated
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parameters between weekdays (Monday to Friday) and
weekends (Saturday and Sunday), we used two-tailed
independent t tests to compare the parameters of the two for
each participant (P<.05 was deemed significant).

Results

Overview

After nonwear exclusion, therewere 14 participantswhose data
qualified for analysis (aged from 61 to 91 years old; 12 women

Liuetd

and 2 men); 6 participants had hypertension, 5 had high
cholesterol, 2 had diabetes mellitus, 3 had cancer, and 1 had a
stroke. The percentage of missing heart rate data ranged from
0.31% to 0.96% (mean 0.64%). Examples of 24 hours of step
count and heart rate data are shown in Figure 4 in which the
circadian cycle was quite clearly evident, and the segmentation
of activity and heart rate over the 24 hours was visible.

Figure 4. A 24-hour example plot of step count every 15 minutes and heart rate every 1 minute for participant ELO1 from 8 AM to 7:59 AM the

following morning. Note: Times are in 24-hour format.
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M odel Selection and Parameter Estimation Results

In order to illustrate our proposed approach, we used the sleep
and wake identification of two typical examples, participants
ELO2 and ELZ21, for demonstration. We first examined the
recordingsto eliminate nonwear days. There were 16 dayswere
eliminated from analysis for EL02 and 9 days were eliminated
from analysisfor EL21.

P
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To compare two schemes of modeling multivariate time series,
we present model selection results, including log likelihoods,
AIC, and BIC in Table 1. According to both AIC and BIC, the
model with bivariate normal joint distribution specified for both
states was more appropriate for ELO2. For the other 13
participants, both AIC and BIC aso tended to favor model
scheme M1, which assumed bivariate norma emission
distributions for both states.

Table 1. Comparison of models fitted to heart rate and log(X STEP+1) for EL02.

Model scheme Emission distribution df Log likelihood AlC BIC
M1 Bivariate normal 13 —419428.3 838882.7 839004.3
M2 Conditional independence 11 —424798.5 849721.9 849721.9
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We checked the general goodness of fit of the best model with
ordinary normal pseudo-residuals. If thefitted model wasvalid,
the pseudo-residuals would be distributed normally. By visual
inspection of the quantile-quantile (QQ) plot of the
pseudo-residuals for each participant’s best model, we found
they fit well. We present QQ-plotsfor EL02 and EL21 in Figure

Liuetd

5, we could observe that for ELO2 and EL21 the
pseudo-residualswere, in general, distributed normally, though
the distribution had heavier tailsfor EL21. Overall, our 2-state
HMM model assuming bivariate Gaussian was adequate and
valid for the participantsin our study.

Figure 5. Quantile-quantile plots of ordinary normal pseudo-residualsin model scheme M2 for EL02 and EL21.
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|
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The estimated parameters in emission distributions for EL02
are shown in Table 2 for the best model chosen by AIC and
BIC. According to the estimated parameters for emission
distribution in different states, we can generally classify the 2
hidden states as sleep and wake. Wake wasthe state with higher
mean heart rate and mean activity level in the emission density
distribution. In the wake state, the estimated variance for heart
rate was 213.68 and for activity level was 0.83, which were
much larger than those of 157.37 for heart rate and 0.15 for
activity level during the sleep state. Thisreflected the variability
of activities during the participant’s waking period. The
estimated transition probability for EL02 was as follows:

f:[0‘9903 0.0097
0.0141 0.9859

From the estimated transition probability, it was more likely
that, in a given minute, the participant would stay in the same
state as the state in the previous minute. It also supported the
necessity of the use of HMM to deal with the time dependence
in observations.

For participant EL21, the estimated parameters in emission
density distributions are also shown in Table 2. The transition
probability for EL21 was estimated as

https://mhealth.jmir.org/2020/8/€18370

EL21

Thearetical Quantiles
0
|

Sample Quantiles

0 [0.9918 0.0082

0.0148 0.9852

The genera pattern of estimated parameters for EL21 was
similar to EL02. While the difference between estimated mean
values in the two states were much lower than that of ELO2.
For the deep state, the activity level was roughly zero (Uacr
<0.01). For the wake state, the heart rate (;g=80.17) and the
activity level (Upcr=2.22) were lower than those for ELO2,
showing that the mean intensity of activity of EL21 was lower

than EL02. In terms of transition probability, Y12 was 0.0082
for EL21 and 0.0097 for EL02, which might suggest that for
participant EL21, it was dlightly harder to fall asleep when
awake than for EL02.

Since the models were fitted individually, we report the
estimated parametersfor 14 individualsin Table 3. For thewake

state, mean MR was 87.18 (SD 12.52), while mean Hr for the
deep state was 66.37 (SD 7.82). The difference in variance in
the estimated meansin two states among individual s potentially
reflected the person-to-person diversity in lifestyle and heart
rhythm. Moreover, the individual-specific parameters helped
characterize the sleep/wake cycle.
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Table 2. Estimated parametersin model M2 for EL02 and EL21.

Liuetd

Participant and emission parameters Wake state Sleep state
EL02
Activity
U ACT 2.98 0.27
o2 ACT 0.83 0.15
Heart rate
o2 LR 213.68 157.37
Correlation, p 041 0.04
EL21
Activity
W ACT 2.22 <0.01
G2 ACT 1.08 <0.01
Heart rate
U HR 80.17 56.46
o2 HR 276.27 58.56
Correlation, p 0.56 0.01

Table 3. Mean estimated HMM parameters for the sample of participants.

Parameters Wake state, mean (SD) Sleep state, mean (SD)
Emission
Activity
U AT 2.24.(0.29) 0.02 (0.07)
02 pcr 1.16 (0.19) 0.01 (0.04)
Heart rate
U uR 87.18 (12.52) 66.37 (7.82)
02 r 241.16 (110.75) 47.18 (36.91)
Correlation, p 0.54 (0.07) 0.01 (0.02)
Transition
Wake state 0.989 (0.003) 0.011 (0.003)
Sleep state 0.017 (0.002) 0.983 (0.002)

Investigating the Effect of the Fusion of Heart Rates
and Activity in the Model

We compared the final scoring results from approaches based
on the heart rate HMM, the activity HMM and our fusion
approach minute-by-minute for each participant. Table 4
presents duration, heart rate, and activity level in different
combinations of possible results for EL02 as an example.

For EL02, 49.30% (42,599/86,400 minutes) of the recordings
were scored aswake, and 33.87% (29,264/86,400 minutes) were

https://mhealth.jmir.org/2020/8/€18370
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scored as sleep by al three methods, which indicated the
monoatonic relationship between heart rate and activity level for
most of the time, whether sleep or wake. There were 13.42%
(11,593/86,400) that changed states by our fusion approach
compared to that indicated using only one data-source type. Our
approach rarely (2/86,400, <0.001%) scored one minute assleep
state if either the heart rate HMM or the activity HMM had
classified the minute as wake state. The determination of sleep
state in our approach was a combination of activity and heart
rate for ELO2.

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8| 18370 | p. 8
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH

Liuetd

Table 4. Comparison between the activity HMM, the heart rate HMM, and our fusion approach for participant EL02.

HMM Comparison

Activity only Heart rate only Fusion Duration Heart rate, mean (SD) Activity level, mean (SD)
(total minutes=86,400), n (%)

wake wake wake 42,599 (49.30) 113.37 (11.28) 3.13(0.91)

wake wake sleep 0(0) — —

wake sleep wake 2825 (3.27) 76.12 (8.94) 2.14(0.96)

wake sleep sleep 1(0.00) 74 (—) 0.76 (—)

Sleep wake wake 8768 (10.15) 101.21 (13.74) 0.82 (0.67)

sleep wake sleep 1(0.00) 96 (—) 0.38 (—)

deep deep wake 2942 (3.41) 80.72 (8.37) 0.97 (0.68)

deep deep deep 29,264 (33.87) 69.62 (5.10) 0.28 (4.24)

For recordingsthat the activity HMM scored as wake, the heart
rate HMM scored as sleep, and our approach scored as wake,
the mean heart rate was 76.12, and the mean activity level was
2.14 (equivalent to 7.5 steps per minute). The nontrivial activity
level led our approach to score that minute as wake. For
recordings that the activity HMM scored sleep, the heart rate
HMM scored wake, and our approach scored aswake, the mean
heart rate was 101.21, and the mean activity level was 0.82.

Furthermore, we present an example of 24 hours of scoring
results from the three model types a ong with observational data
for ELO2in Figure 6. The bars bel ow the observationsindicated
the scored sleep or wake states in three models. From the
highlighted period in Figure 6, we can see that if we used
activity data alone, it was very likely to be classified as sleep
due to the extremely low activity level. However, the high and
fluctuating heart rate might suggest the person was awake.

Figure 6. An example plot of observations and scoring results from Heart Rate HMM, Activity HMM, and our approach for EL02. HMM: hidden

Markov model.
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Except for epoch-by-epoch comparison, we also evaluated the
performance on a crucial seep metric, the total amount of
deeping time in the recording period [42]. For all participants,
we calculated daily total sleep time at night for all available
days. The nighttime sleep period of each participant was
collected with the Pittsburgh Sleep Quality Index indicating
when they usually went to bed at night and got up in the morning
[43]. Figure 7 displays the boxpl ot of estimated total sleeptime

Liuetd

during their bedtime for all participants. We could see that the
median estimated total sleep time at bedtime varied alot from
person-to-person. For EL01, EL02, EL06, EL 24, and EL 25, the
median total sleep time estimated by our approach waslessthan
those from the heart rate HMM and the activity HMM. For the
other participant, they were nearly the same as the activity
HMM.

Figure 7. Boxplot of estimated daily total sleep time during bedtime at night from heart rate HMM, activity HMM, and fusion HMM (our approach)

for all participants. HMM: hidden Markov model; TST: total sleep time.
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Comparison With Fitbit's Sleep-Wake Scoring Results

We compared results from our approach with those from Fitbit's
scoring agorithm minute-by-minute. We treated Fithit's
sleep/wake scoring algorithm as representative of existing
methods. The mean agreement between our approach and
Fitbit's scoring was 87.31%, (range 82.90% to 91.04%). Asfor
total sleep time, the boxplot of the estimated total sleep time at
night using our approach and Fitbit's algorithm are displayed

EL14 EL21 ELZ3 EL24 EL25 EL27

in Figure 8. There were several days where Fitbit's had no
deep/wake records but had continuous regular heart rate
recordings. The median estimates of total sleep time from our
approach were lower than those from Fitbit in 12 of 14
participants, which indicated our approach tended to score more
wake epochs. The dispersion of estimated sleep duration using
our approach was relatively narrower than that of Fitbit's
algorithm, which may suggest a stable indicator of participants
habitual nighttime sleep duration.

Figure8. Boxplot of estimated daily total sleep time during bedtime at night from our approach and Fitbit's approach for al participants. HMM: hidden

Markov model; TST: total sleep time.
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I nvestigating Pattern ChangesUsing Daily BasisM odel

The P values for independent two-tailed t tests comparing
estimated parameter values between weekdays and weekends
for each person are shown in Table 5. There was no significant
difference for y,,, 0% for wake state, and ey for sleep state

between weekends and weekdaysfor any participant. Asshown
in Table 5, 5 of 14 participants had no significant differencein

Liuetd

any of the estimated parameters between weekday models and
weekend models, while 9 participants had differencesin at least
one parameter. For example, EL04 had a significantly lower
transition probability from wake to sleep (0.015 for weekdays;
0.018 for weekends). EL11 had a higher mean estimated
variance of activity level in wake state on weekdays (1.49 for
weekdays; 1.29 for weekends).

Table 5. P valuesfor t tests on estimated parameter values for weekday and weekend for each participant.

ID P values

Transition® Weke state Sleep state

Activity Heart rate Corr? Activity Heart rate Corr

Y12 Y21 HAcT 02pcr  MHR o?pr P KAcT  02pcr MHR 62 P
ELOL 28 89 30 66 22 72 04° 94 33 34 26 83
ELO2 .64 .94 .90 .85 44 .99 74 .90 .54 .63 .55 .86
ELO3 .38 55 14 96 18 25 17 16 .09 10 08 02°
ELO4  ga¢ .70 53 31 51 63 68 78 50 82 53 08
ELO5S 45 58 64 48 91 39 69 66 74 70 o0 68
ELO6 .20 .95 .59 .05 .96 4 .92 33 .59 .92 .39 .09
ELO8 .39 .46 a2 .23 A1 .73 .93 .96 .06 12 .61 .53
EL11 .70 .70 .63 002° .60 .16 17 .18 42 73 43 .63
EL14 .58 A1 .84 04¢ .34 .50 .90 .56 .36 .58 .78 .75
EL21 .008° .07 .86 .79 .006° 94 .67 14 .07 .008¢ 04¢ .006°
EL23 97 .85 .52 .56 .56 .62 .54 .28 43 .32 .62 .63
EL24 .97 .98 .08 55 002° 38 54 07 o4 06 33 02°
EL25 19 .76 .55 47 .10 21 .54 .28 .50 .69 .89 .38
EL27 .66 54 .009° .08 .30 44 01¢ >.999 .54 73 046° 32

811 and y,, are not reported because they have the same results as yo1 and yo1.

bCorr denotes correlation.
SValueis significant P<.05.

Discussion

Principal Findings

Longitudinal monitoring of sleep duration can objectively help
detect sleep disorders and reduce the risk of related diseases.
In order to facilitate personalized home-based monitoring, itis
essential to record sleep and wake states using wearable devices
efficiently and nonintrusively. In this study, we proposed a
novel personalized and unsupervised approach for sleep/wake
identification using both heart rate and activity data from a
commercial wearable device. The approach was successfully
implemented in case studies of community-dwelling older
adults.

Our proposed approach is the first unsupervised and
personalized sleep/wake classification approach, to our
knowledge. It does not require any time-consuming and costly

https://mhealth.jmir.org/2020/8/€18370

PSG annotation, which is hard to obtain simultaneously with
wearable device data [15,36]. Furthermore, our approach was
efficient enough to be adaptive to a different participant without
requiring PSG annotations. In our case study, the variance in
estimated parametersin HMM between participants also proved
the necessity of a personalized model.

The data-level fusion of activity and heart rate data for
deep/wake scoring in wearable device was explored. Based on
comparison among scoring resultsfrom HMMsusing heart rate
only, activity data only, and both data sources, we concluded
that our approach could potentially help identify more wake
epochs for people who have distinguishable heart rate patterns
between sleep and wake. This coincided with the findings of
significant different heart rate during sleep and wake states [ 32]
and its classification power in sleep/wake identification
algorithms [33,44].
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Our approach had resultsthat were mostly consistent with those
of Fitbit, acommonly used commercial device. For most of the
participants, our approach tended to score more wake epochs
during bedtime, which may be potentially useful asit has been
shown by Montgomery-Downset al [45] that many commercial
wearabl e devices, when compared to PSG, tend to overestimate
deep epochs. This should be further investigated with PSG
annotations.

Strengths

In addition to sleep and wake identification and total sleep time
estimation results, this paper proposed an approach that provides
a new probabilistic way to characterize and quantify activity
patterns and cardiac patterns during sleep and wake for each
participant with estimated HMM parameters. A low estimated
mean activity in wake states suggest a sedentary behavior style
when the parti cipant iswake, which should be of concernto the
participant or their health care provider [46]. Abnormally high
estimated mean heart rate in sleep states can be an indicator of
autonomic nervous system dysfunction or of the devel opment
of chronic fatigue syndrome[47]. A high estimated probability
of transitioning from sleep to wake might suggest disturbed
sleep. Monitoring these parametersfor clinical useispromising
and remains to be explored in specific tasks.

In addition, we demonstrated how to characterize cardiac and
behavior patterns on a daily basis. During our 3-month study,
some participants exhibited significantly different patterns
between weekdays and weekends. On weekdays, participants
had regular visits to older adult centers in their community,
which provided various activities. This could explain why some
participants tended to have higher estimated mean and variance
of activity level for wake state and were lesslikely to transition
from wake to sleep on weekdays. There exists not only
interindividual  variability in deep patterns but aso
intraindividual variability [34]. This analysis can aso provide
areference to improve the accuracy of the personalized model
toinfer deep/wake states by including covariates (eg, weekday
or weekend) in the transition matrix or emission distributions
in HMM.
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Limitations

We acknowledge that there are also some limitations to our
work. First, direct conclusions about our approach’s accuracy
cannot be drawn because of the lack of PSG recordingsin this
study and the small sample size. The estimated d eep/wake states
might also be better interpreted as resting-active states at this
stage. Second, the comparison with Fithit's scoring may not be
very fair since the exact algorithm is not publicly known and
the datatype used for sleep/wake scoring was unknown aswell.
We also cannot reasonably compare the proposed approach with
existing methods on the same data set because of the lack of
personalized and unsupervised approachesin d eep/wake scoring
(to our knowledge). Third, we collected heart rate and step count
datausing Fitbit, which werereported in different granul arities.
In order to achieve data-level fusion and prepareit for modeling,
we simulated 1-minute step datafrom 15-minute step datawhich
might have resulted in some imprecision. We strongly call for
different reporting granularity optionsin commercia wearable
devicesto further facilitate research and their usein health care
monitoring systems.

Future Work

In the future, we plan to compare the proposed approach with
PSG to further validate the accuracy of the scoring. Some future
research directions include (1) exploring the relationship
between the length of data and accuracy of deep/wake
classification to yield a reliable algorithm, (2) exploring the
existence of not only interindividual variability in sleep patterns
but also intraindividual variability [34] (such as developing an
incremental approach for daily sleep/wake duration reporting
where the dleep/wake pattern can be re-estimated as new data
are captured), (3) with the strength of HMM, it would be
interesting to see whether sleep characteristics shown in
periodically estimated HMM parameters can be correlated with
health condition or circadian rhythm changes, and (4) exploring
the association between subjective Pittsburgh Sleep Quality
Index and estimated HMM parametersin different populations.

This study was supported by the Research Grants Council Theme-based Research Scheme (T32-102/14N) and City University

of Hong Kong (Grant No. 9610406).

Conflictsof I nterest
None declared.

References

1.  Consensus Conference Panel, Watson NF, Badr M S, Belenky G, Bliwise DL, Buxton OM, et a. Joint consensus statement
of the American Academy of Sleep Medicine and Sleep Research Society on the recommended amount of sleep for ahealthy
adult: methodology and discussion. Sleep 2015 Aug 01;38(8):1161-1183 [FREE Full text] [doi: 10.5665/sleep.4886]

[Medline: 26194576]

2. Irwin MR. Why sleep isimportant for health: a psychoneuroimmunology perspective. Annu Rev Psychol 2015 Jan
03;66:143-172 [FREE Full text] [doi: 10.1146/annurev-psych-010213-115205] [Medline: 25061767]

3. Faube R, Lopez-Garcia E, Guallar-Castillon P, Balboa-Castillo T, Gutiérrez-Fisac JL, Banegas JR, et al. Sleep duration
and health-related quality of life among older adults: a population-based cohort in Spain. Sleep 2009 Aug;32(8):1059-1068

[FREE Full text] [Medline: 19725257]

https://mhealth.jmir.org/2020/8/€18370

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | €18370 | p. 12
(page number not for citation purposes)


http://europepmc.org/abstract/MED/26194576
http://dx.doi.org/10.5665/sleep.4886
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26194576&dopt=Abstract
http://europepmc.org/abstract/MED/25061767
http://dx.doi.org/10.1146/annurev-psych-010213-115205
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25061767&dopt=Abstract
http://europepmc.org/abstract/MED/19725257
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19725257&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Livetd

4,

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

Cappuccio FP, Cooper D, D'ElialL, Strazzullo P, Miller MA. Sleep duration predicts cardiovascular outcomes: a systematic
review and meta-analysis of prospective studies. Eur Heart J 2011 Jun;32(12):1484-1492. [doi: 10.1093/eurheartj/ehr007]
[Medline: 21300732]

Chaput J, McNeil J, Després JP, Bouchard C, Tremblay A. Short sleep duration as arisk factor for the development of the
metabolic syndromein adults. Prev Med 2013 Dec;57(6):872-877. [doi: 10.1016/j.ypmed.2013.09.022] [Medline: 24099879]
St-Onge M, Grandner MA, Brown D, Conroy MB, Jean-Louis G, Coons M, American Heart Association Obesity, Behavior
Change, Diabetes, Nutrition Committees of the Council on LifestyleCardiometabolic Health; Council on Cardiovascular
Disease in the Young; Council on Clinical Cardiology;Stroke Council. Sleep duration and quality: impact on lifestyle
behaviors and cardiometabolic health: a scientific statement from the American Heart Association. Circulation 2016 Nov
01;134(18):e367-e386 [FREE Full text] [doi: 10.1161/CIR.0000000000000444] [Medline: 27647451]

Chaput J, Després J, Bouchard C, Tremblay A. Short sleep duration is associated with reduced leptin levels and increased
adiposity: results from the Quebec family study. Obesity (Silver Spring) 2007 Jan;15(1):253-261 [FREE Full text] [doi:
10.1038/0by.2007.512] [Medline: 17228054]

Itani O, Jike M, Watanabe N, Kaneita Y. Short sleep duration and health outcomes: a systematic review, meta-anaysis,
and meta-regression. Sleep Med 2017 Apr;32:246-256. [doi: 10.1016/j.9leep.2016.08.006] [Medline: 27743803]

Ferrie JE, Shipley MJ, Cappuccio FP, Brunner E, Miller MA, Kumari M, et al. A prospective study of changein sleep
duration: associations with mortality in the Whitehall 11 cohort. Sleep 2007 Dec;30(12):1659-1666 [FREE Full text] [doi:
10.1093/sleep/30.12.1659] [Medline: 18246975]

Ferrie JE, Shipley MJ, Akbaraly TN, Marmot MG, Kiviméki M, Singh-Manoux A. Change in sleep duration and cognitive
function: findings from the Whitehall 1 Study. Sleep 2011 May 01;34(5):565-573 [FREE Full text] [doi:
10.1093/sleep/34.5.565] [Medline: 21532949]

Berry RB, Brooks R, Gamaldo CE, Harding SM, Lloyd RM, Marcus CL, et al. The AASM manual for the scoring of sleep
and associated events: rules, terminology and technical specifications. Darien, Illinois: American Academy of Sleep
Medicine; 2017.

Peters B. What is an overnight sleep study (polysomnogram)? Verywell Health. URL : https.//www.verywellhealth.com/
what-to-expect-in-a-sleep-study-3015121 [accessed 2020-07-16]

Blackwell T, Redline S, Ancoli-Israel S, Schneider JL, Surovec S, Johnson NL, Study of Osteoporotic Fractures Research
Group. Comparison of sleep parameters from actigraphy and polysomnography in older women: the SOF study. Sleep 2008
Feb;31(2):283-291 [FREE Full text] [doi: 10.1093/sleep/31.2.283] [Medline: 18274276]

de Zambotti M, Goldstone A, Claudatos S, Colrain IM, Baker FC. A validation study of Fitbit Charge 2™ compared with
polysomnography in adults. Chronobiol Int 2018 Apr;35(4):465-476. [doi: 10.1080/07420528.2017.1413578] [Medline:
29235907]

El-Manzalawy Y, Buxton O, Honavar V. Sleep/wake state prediction and sleep parameter estimation using unsupervised
classification viaclustering. 2017 Presented at: | EEE International Conference on Bioinformatics and Biomedicine (BIBM);
13-16 Nov, 2017; Kansas City, MO, USA p. 718-723. [doi: 10.1109/BIBM.2017.8217742]

Ongoing demand fuels a strong growth trajectory for wearable devicesin g1 2019 with wrist-worn and ear-worn leading
the market, according to IDC. International Data Corporation. 2019 May 30. URL : https://www.idc.com/getdoc.
jsp?containerld=prusS45115019 [accessed 2020-07-16]

Wrist worn wearables maintain a strong growth trajectory in g2 2019, according to IDC. International Data Corporation.
2019 Sep 12. URL: https://www.idc.com/getdoc.jsp?contai nerl d=pruU$45521319 [accessed 2020-07-16]

Bianchi MT. Sleep devices: wearables and nearables, informational and interventional, consumer and clinical. Metabolism
2018 Dec;84:99-108. [doi: 10.1016/j.metabol.2017.10.008] [Medline: 29080814]

Sadeh A, Hauri PJ, Kripke DF, Lavie P. The role of actigraphy in the evaluation of sleep disorders. Sleep 1995
May;18(4):288-302. [doi: 10.1093/deep/18.4.288] [Medline: 7618029]

Karlen W, Mattiussi C, Floreano D. Improving actigraph dleep-wake classification with cardio-respiratory signals. 2008
Presented at: 2008 30th Annual International Conference of the |EEE Engineering in Medicine and Biology Society; 20-25
Aug, 2008; Vancouver, BC, Canada p. 5262-5265. [doi: 10.1109/iembs.2008.4650401]

Palotti J, Mall R, Aupetit M, Rueschman M, Singh M, Sathyanarayana A, et al. Benchmark on alarge cohort for sleep-wake
classification with machine learning techniques. NPJDigit Med 2019;2:50 [FREE Full text] [doi: 10.1038/s41746-019-0126-9]
[Medline: 31304396]

Cole RJ, Kripke DF, Gruen W, Mullaney DJ, Gillin JC. Automatic sleep/wake identification from wrist activity. Sleep
1992 Oct;15(5):461-469. [Medline: 1455130]

Sadeh A, Sharkey KM, Carskadon MA.. Activity-based sleep-wake identification: an empirical test of methodol ogical
issues. Sleep 1994;17(3):201-207. [Medline: 7939118]

Tilmanne J, Urbain J, Kothare MV, Wouwer AV, Kothare SV. Algorithms for sleep-wake identification using actigraphy:
a comparative study and new results. J Sleep Res 2009 Mar;18(1):85-98 [FREE Full text] [doi:
10.1111/j.1365-2869.2008.00706.x] [Medline: 19250177]

CamNtech. The Actiwatch user manual. Salusa. 2008 Jul 10. URL : https.//www.sal usa.se/Filer/Produktinfo/Aktivitet/
TheActiwatchUserManualV 7.2.pdf [accessed 2020-07-16]

https://mhealth.jmir.org/2020/8/€18370 JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8| €18370 | p. 13

(page number not for citation purposes)


http://dx.doi.org/10.1093/eurheartj/ehr007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21300732&dopt=Abstract
http://dx.doi.org/10.1016/j.ypmed.2013.09.022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24099879&dopt=Abstract
http://europepmc.org/abstract/MED/27647451
http://dx.doi.org/10.1161/CIR.0000000000000444
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27647451&dopt=Abstract
https://doi.org/10.1038/oby.2007.512
http://dx.doi.org/10.1038/oby.2007.512
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17228054&dopt=Abstract
http://dx.doi.org/10.1016/j.sleep.2016.08.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27743803&dopt=Abstract
http://europepmc.org/abstract/MED/18246975
http://dx.doi.org/10.1093/sleep/30.12.1659
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18246975&dopt=Abstract
http://europepmc.org/abstract/MED/21532949
http://dx.doi.org/10.1093/sleep/34.5.565
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21532949&dopt=Abstract
https://www.verywellhealth.com/what-to-expect-in-a-sleep-study-3015121
https://www.verywellhealth.com/what-to-expect-in-a-sleep-study-3015121
http://europepmc.org/abstract/MED/18274276
http://dx.doi.org/10.1093/sleep/31.2.283
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18274276&dopt=Abstract
http://dx.doi.org/10.1080/07420528.2017.1413578
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29235907&dopt=Abstract
http://dx.doi.org/10.1109/BIBM.2017.8217742
https://www.idc.com/getdoc.jsp?containerId=prUS45115019
https://www.idc.com/getdoc.jsp?containerId=prUS45115019
https://www.idc.com/getdoc.jsp?containerId=prUS45521319
http://dx.doi.org/10.1016/j.metabol.2017.10.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29080814&dopt=Abstract
http://dx.doi.org/10.1093/sleep/18.4.288
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7618029&dopt=Abstract
http://dx.doi.org/10.1109/iembs.2008.4650401
http://europepmc.org/abstract/MED/31304396
http://dx.doi.org/10.1038/s41746-019-0126-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31304396&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=1455130&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7939118&dopt=Abstract
https://doi.org/10.1111/j.1365-2869.2008.00706.x
http://dx.doi.org/10.1111/j.1365-2869.2008.00706.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19250177&dopt=Abstract
https://www.salusa.se/Filer/Produktinfo/Aktivitet/TheActiwatchUserManualV7.2.pdf
https://www.salusa.se/Filer/Produktinfo/Aktivitet/TheActiwatchUserManualV7.2.pdf
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Livetd

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.
39.

40.

41.

42.

43.

45,

46.

47.

Li X, Zhang Y, Jiang F, Zhao H. A novel machine learning unsupervised algorithm for sleep/wake identification using
actigraphy. Chronobiol Int 2020 Apr 28:1-14. [doi: 10.1080/07420528.2020.1754848] [Medline: 32342702]

Zucchini W, MacDonald IL, Langrock R. Hidden Markov Models for Time Series: An Introduction Using R, Second
Edition. Boca Raton, FL, USA: CRC Press; 2016.

Huang Q, Cohen D, Komarzynski S, Li X, Innominato P, Lévi F, et a. Hidden Markov models for monitoring circadian
rhythmicity in telemetric activity data. JR Soc Interface 2018 Feb;15(139) [FREE Full text] [doi: 10.1098/rsif.2017.0885]
[Medline: 29436510]

Pan S, Kuo C, Zeng J, Liang S. A transition-constrained discrete hidden Markov model for automatic sleep staging. Biomed
Eng Online 2012 Aug 21;11:52 [FREE Full text] [doi: 10.1186/1475-925X-11-52] [Medline: 22908930]

Langrock R, Swihart BJ, Caffo BS, Punjabi NM, Crainiceanu CM. Combining hidden Markov models for comparing the
dynamics of multiple sleep el ectroencephal ograms. Stat Med 2013 Aug 30;32(19):3342-3356 [FREE Full text] [doi:
10.1002/sim.5747] [Medline; 23348835]

Nelson BW, Allen NB. Accuracy of consumer wearable heart rate measurement during an ecologically valid 24-hour period:
intraindividual validation study. IMIR Mhealth Uhealth 2019 Mar 11;7(3):€10828 [ FREE Full text] [doi: 10.2196/10828]
[Medline: 30855232]

Furlan R, Guzzetti S, Crivellaro W, Dassi S, Tinelli M, Baselli G, et al. Continuous 24-hour assessment of the neural
regulation of systemic arterial pressure and RR variabilities in ambulant subjects. Circulation 1990 Feb;81(2):537-547.
[doi: 10.1161/01.cir.81.2.537] [Medline: 2297860]

Willemen T, Van Deun D, Verhaert V, Vandekerckhove M, Exadaktylos V, Verbraecken J, et al. An evaluation of
cardiorespiratory and movement features with respect to sleep-stage classification. IEEE JBiomed Health Inform 2014
Mar;18(2):661-669. [doi: 10.1109/JBHI.2013.2276083] [Medline: 24058031]

Long X, HaakmaR, Leufkens TRM, Fonseca P, Aarts RM. Effects of between- and within-subject variability on autonomic
cardiorespiratory activity during sleep and their limitations on sleep staging: amultilevel analysis. Comput Intell Neurosci
2015;2015:583620 [FREE Full text] [doi: 10.1155/2015/583620] [Medline: 26366167]

Rusterholz T, Tarokh L, Van Dongen HPA, Achermann P. Interindividual differencesin the dynamics of the homeostatic
process are trait-like and distinct for sleep versus wakefulness. J Sleep Res 2017 Apr;26(2):171-178 [FREE Full text] [doi:
10.1111/jsr.12483] [Medline: 28019041]

Khademi A, EI-Manzalawy Y, Master L, Buxton OM, Honavar VG. Personalized deep parameters estimation from
actigraphy: amachine learning approach. Nat Sci Sleep 2019;11:387-399 [FREE Full text] [doi: 10.2147/NSS.S220716]
[Medline: 31849551]

Karlen W, Floreano D. Adaptive sleep-wake discrimination for wearable devices. IEEE Trans Biomed Eng 2011
Apr;58(4):920-926. [doi: 10.1109/TBME.2010.2097261] [Medline: 21172750]

Deliang C, Inger H. Empirical-statistical downscaling. Danvers, MA, USA: World Scientific Publishing Company; 2008.
Visser |, Speekenbrink M. depmix$4: an R Package for Hidden Markov Models. J Stat Soft 2010;36(7). [doi:
10.18637/jss.v036.i07]

Webster B, Kripke DF, Messin S, Mullaney DJ, Wyborney G. An activity-based sleep monitor system for ambulatory use.
Sleep 1982;5(4):389-399. [doi: 10.1093/sleep/5.4.389] [Medline: 7163726]

How do | track my sleep with my Fitbit device? Fitbit. URL: https://help.fitbit.com/articles’en US/Help_article/1314.htm
[accessed 2020-07-16]

Shrivastava D, Jung S, Saadat M, Sirohi R, Crewson K. How to interpret the results of a sleep study. J Community Hosp
Intern Med Perspect 2014;4(5):24983 [FREE Full text] [doi: 10.3402/jchimp.v4.24983] [Medline: 25432643]

Buysse DJ, Reynolds CF, Monk TH, Berman SR, Kupfer DJ. The Pittsburgh Sleep Quality Index: a new instrument for
psychiatric practice and research. Psychiatry Res 1989 May;28(2):193-213. [Medline: 2748771]

YeY, Yang K, Jiang J, Ge B. Automatic sleep and wake classifier with heart rate and pulse oximetry: derived dynamic
time warping features and logistic model. 2016 Presented at: Annual |EEE Systems Conference (SysCon); 2016; Orlando,
FL, USA p. 1-6. [doi: 10.1109/syscon.2016.7490623]

Montgomery-Downs HE, Insana SP, Bond JA. Movement toward a novel activity monitoring device. Sleep Breath 2012
Sep;16(3):913-917. [doi: 10.1007/s11325-011-0585-y] [Medline: 21971963]

Stamatakis E, Davis M, Stathi A, Hamer M. Associations between multiple indicators of objectively-measured and
self-reported sedentary behaviour and cardiometabolic risk in older adults. Prev Med 2012 Jan;54(1):82-87. [doi:
10.1016/j.ypmed.2011.10.009] [Medline: 22057055]

BonevaRS, Decker MJ, Maoney EM, Lin J, Jones JF, Helgason HG, et a. Higher heart rate and reduced heart rate variability
persist during sleep in chronic fatigue syndrome: a population-based study. Auton Neurosci 2007 Dec 30;137(1-2):94-101.
[doi: 10.1016/j.autneu.2007.08.002] [Medline: 17851136]

Abbreviations

AIC: Akaike information criterion
BIC: Bayesian information criterion

https://mhealth.jmir.org/2020/8/€18370 JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8| €18370 | p. 14

(page number not for citation purposes)


http://dx.doi.org/10.1080/07420528.2020.1754848
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32342702&dopt=Abstract
http://europepmc.org/abstract/MED/29436510
http://dx.doi.org/10.1098/rsif.2017.0885
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29436510&dopt=Abstract
https://biomedical-engineering-online.biomedcentral.com/articles/10.1186/1475-925X-11-52
http://dx.doi.org/10.1186/1475-925X-11-52
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22908930&dopt=Abstract
http://europepmc.org/abstract/MED/23348835
http://dx.doi.org/10.1002/sim.5747
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23348835&dopt=Abstract
http://mhealth.jmir.org/2019/3/e10828/
http://dx.doi.org/10.2196/10828
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30855232&dopt=Abstract
http://dx.doi.org/10.1161/01.cir.81.2.537
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=2297860&dopt=Abstract
http://dx.doi.org/10.1109/JBHI.2013.2276083
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24058031&dopt=Abstract
https://dx.doi.org/10.1155/2015/583620
http://dx.doi.org/10.1155/2015/583620
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26366167&dopt=Abstract
https://doi.org/10.1111/jsr.12483
http://dx.doi.org/10.1111/jsr.12483
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28019041&dopt=Abstract
https://dx.doi.org/10.2147/NSS.S220716
http://dx.doi.org/10.2147/NSS.S220716
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31849551&dopt=Abstract
http://dx.doi.org/10.1109/TBME.2010.2097261
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21172750&dopt=Abstract
http://dx.doi.org/10.18637/jss.v036.i07
http://dx.doi.org/10.1093/sleep/5.4.389
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7163726&dopt=Abstract
https://help.fitbit.com/articles/en_US/Help_article/1314.htm
http://europepmc.org/abstract/MED/25432643
http://dx.doi.org/10.3402/jchimp.v4.24983
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25432643&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=2748771&dopt=Abstract
http://dx.doi.org/10.1109/syscon.2016.7490623
http://dx.doi.org/10.1007/s11325-011-0585-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21971963&dopt=Abstract
http://dx.doi.org/10.1016/j.ypmed.2011.10.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22057055&dopt=Abstract
http://dx.doi.org/10.1016/j.autneu.2007.08.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17851136&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Livetd

HMM: hidden Markov model
PSG: polysomnography
QQ: quantile-quantile

Edited by G Eysenbach; submitted 22.02.20; peer-reviewed by Q Huang, X Li, TL Sun; comments to author 01.04.20; revised version
received 12.05.20; accepted 20.05.20; published 05.08.20

Please cite as.

LiuJ, ZhaoY, Lai B, Wang H, Tsui KL

Wearable Device Heart Rate and Activity Data in an Unsupervised Approach to Personalized Seep Monitoring: Algorithm Validation
JMIR Mhealth Uhealth 2020;8(8):e18370

URL: https://mhealth.jmir.org/2020/8/€18370

doi: 10.2196/18370

PMID: 32755887

©Jiaxing Liu, Yang Zhao, Boya Lai, Hailiang Wang, Kwok Leung Tsui. Originally published in IMIR mHealth and uHealth
(http://mhealth.jmir.org), 05.08.2020. Thisisan open-access article distributed under theterms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in IMIR mHealth and uHealth, is properly cited. The complete bibliographic
information, alink to the original publication on http://mhealth.jmir.org/, as well asthis copyright and license information must
be included.

https://mhealth.jmir.org/2020/8/€18370 JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8| €18370 | p. 15
(page number not for citation purposes)

RenderX


https://mhealth.jmir.org/2020/8/e18370
http://dx.doi.org/10.2196/18370
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32755887&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

