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This study aimed to develop accurate home sleep tracking technology. Our
main findings are listed below. (1) Consumer sleep trackers agreed well to medical devices in
measuring total sleep duration and sleep efficiency, but classifying sleep stages remains
challenging for both devices. (2) In terms of user experience with sleep tracking devices, people
had incomplete and faulty mental models of sleep, and there are two blind spots in people’ s mental
models of sleep tracking devices. In addition, they encountered challenges in reconciling device
differences for assessing their sleep quality. (3) We developed a new sleep staging algorithm based
on Generalized Linear Mixed Model to count in fixed and random effects during sleep tracking.
Compared to the proprietary algorithm of Fitbit, our new algorithm achieved similar specificity,
better sensitivity and thus higher balanced accuracy. This study provided rich implications to the
design of accurate home sleep tracking technologies.
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Sleep disturbances can cause severe problems
such as depression, anxiety, cancer and even
morbidity. In Japan, 1 out of 5 people is suffering
from bad sleep, but very few consider visiting
sleep clinics, because sleep test and treatment in
clinical settings is expensive and uncomfortable.
Under this background, sleep research has been
undergoing a paradigm shift from
clinics-centered approach to  self-guided
approach. With the development of wearable
and mobile computing technologies, several
types of personal sleep tracking tools were
developed, such as wearable wrist band (e.g.,
Fitbit), mobile apps (e.g., SleepAsAndroid), and
embedded systems (e.g., Beddit). Currently,
active research is going on in this field worldwide,
and researchers from a diverse academic
background are interested in not only developing
personal sleep-tracking technologies but also
evaluating the efficacy of such technologies on
improving sleep.

My previous study found that personal sleep
tracking plays an important role in helping
individuals understand, reflect, and eventually
improve their sleep. However, accuracy of
consumer devices has become a bottleneck for
any research effort attempting to establish
values out of personal sleep tracking. For one
thing, it was not clear how accurate the popular
consumer devices were compared to medical
devices. For another, there was a lack of
understanding on how users experience the
accuracy issue of consumer devices. Therefore,
this study approached the accuracy issue of
consumer sleep tracking devices from three
aspects: the validity of popular consumer devices,
users’ experience comparing consumer and
medical devices, and development of new
algorithm for better accuracy.
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This study encompassed the following
objectives: (1) to validate popular consumer
sleep tracking devices against medical devices;
(2) to examine end users’ experience comparing
consumer sleep tracking devices with medical
devices; (3) to develop new algorithms that
re-engineer the data measured by consumer
devices to produce more accurate estimation of
sleep.
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This study was conducted in three phases. In
phase 1, we conducted a self-tracking
experiment with 27 participants to collect sleep
data using three devices concurrently: a Fitbit
Charge 2 wristband, a Neuroon wearable EEG
eye mask, and a portable single channel EEG
Sleep Scope. The first two are consumer devices

while the last is a clinical-grade sleep monitor.
Each participant tracked their sleep for 3 nights
in their homes and afterwards was invited for a
1-hour interview which was audio-recorded and
transcribed.

In phase 2, we analyzed the quantitative sleep
data and interview data collected in the sleep
tracking experiment. The quantitative data was
used to validate consumer devices against
medical devices, and the qualitative interview
data was analyzed through thematic analysis to
examine end users’ experience with sleep
tracking technologies.

In phase 3, we applied Generalized Linear
Mixed Modelling (GLMM) to developed more
accurate sleep staging algorithm based on
multimodal data measured by Fitbit Charge 2.
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(1) Validity of Consumer Sleep Tracking Devices

Our analysis found good agreement between
consumer sleep trackers and the medical device
in measuring total sleep duration and sleep
efficiency. In addition, Fitbit Charge 2 agreed
well to the medical device on the number of
awakenings, while Neuroon with good signal
quality produced comparable measurements on
total awake time and sleep onset latency.
However, classifying sleep stages remains
challenging for both devices. Both devices
underestimated light sleep and overestimated
deep sleep. Poor agreement was found on REM
as well, which was overestimated by Fitbit but
underestimated by Neuroon. As expected,
Neuroon was able to accurately measure more
sleep parameters than Fitbit. Since some of
these parameters are important indicators of
sleep disorders, Neuroon has the potential to be
used for sleep disorder diagnosis in free living
conditions. However, the performance of
Neuroon may be significantly deteriorated by
poor signal quality and disrupted sleep. Counting
in other factors such as wearability and usability,
Fitbit Charge 2 could be a good option for
general-purpose sleep monitoring and tracking
in home.

We also investigated the characteristics of the
measuring errors by Fitbit Charge 2 and Neuroon
under the influence of several user-specific
factors. Age and sleep structure were
significantly associated to the accuracy of
consumer sleep trackers. Both devices had
improved accuracy in measuring total sleep time
and sleep efficiency for people above 26-year-old
and for people with longer sleep duration, less
fragmented and deeper sleep. In addition,
measuring accuracy on wake time was negatively
correlated to the total duration of wake, which
may due to the tendency of misclassifying sleep
epochs as wake. Notably, we also found that



gender and subjective sleep quality measured by
PSQlI were not associated to the measuring
errors of neither device. Our study suggested
that consumer sleep trackers may be less
accurate for young adults and for people with
poor sleep (especially when accurate estimates
of total sleep time and sleep efficiency are
important.). These characteristics should be
accounted for in selecting devices and in
designing new sleep tracking technologies.

Results from this study advances the
understanding of what consumer sleep tracking
device can and cannot achieve. In the end, we
highlighted three directions for future research:
(1) to investigate the validity of the latest
consumer devices for measuring sleep of clinical
or elderly populations; (2) to clarify the
classification performance of the devices
epoch-by-epoch; and (3) to improve the accuracy
of consumer sleep trackers on detecting sleep
stage transitions.

(2) End-Users’ Experience with Sleep Tracking
Devices

Consumer sleep tracking technologies can
help people to become more aware of their
sleep habits, but these devices are also known to
be inaccurate compared to medical devices. This
study examined users’ experience with the
discrepancy between consumer devices and
medical devices. Our findings provided insights
into three important aspects of sleep tracking.
First, we found that people had incomplete and
faulty mental models of sleep. Though people
understand the basic dimensions of sleep very
well, their understanding of sleep stages
significantly deviated from evidence-based sleep
knowledge. The sleep stage fallacy may
negatively impact how they set sleep goals, how
they interpret sleep data, and what behavior
change they plan to make for better sleep. It is
therefore indispensable to help users construct a
correct mental model of sleep. Second, we
identified two blind spots in people’s mental
models of sleep tracking devices. Many
participants understood some of the limitations
of different types of sleep-tracking technologies.
However, the devices remained black boxes for
end users and led to blind spots of data
collection and data processing. Third, people
recognized that Fitbit was a good trade-off
between accuracy and convenience. However,
they encountered challenges in reconciling
device differences for assessing their sleep
quality.

Our findings revealed that reconciling
differences in sleep data from multiple sources is
less a matter of accuracy but more about
reaching a harmonious view of sleep. Based on
these findings, we proposed the following five

design recommendations for future
sleep-tracking technologies to support users in
constructing correct mental models and in
assessing their sleep quality: (@Provide
fundamental sleep knowledge; (@Support sleep
goal setting in multiple dimensions; (3®Give
information on how devices work; @Give
complementary  information on device
limitations; ®Establish personalized benchmark
of good sleep.

(3) Accurate Sleep Staging Algorithms

Analysis in previous phase revealed that Fitbit
Charge 2 is a good trade-off between accuracy
and usability and thus is a promising device for
home sleep monitoring. However, Fitbit does not
always agree well with medical devices.
Therefore, we developed a sleep staging
algorithm based on Generalized Linear Mixed
Model to count in fixed and random effects. The
algorithm takes 30s-epoch Fitbit sleep data and
heart rate data as input, and produce sleep
stages as output. The medical data was used as
the ground truth. In total 3749 epochs from 5
subjects were used for parameter estimation.

Compared to the proprietary algorithm of
Fitbit, our new algorithm achieved similar
specificity (0.97 vs 0.95), better sensitivity (1.00
vs 0.48) and thus better balanced accuracy
(97.4% vs 72.7%).
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