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Abstract—Commercial grade activity trackers and phone
agents are increasingly being deployed as sensors for sleep in
large scale, longitudinal designs. In general, wearables detect
sleep through diminished movement and decreased heart rate
(HR), while phone agents look for lack of user input, move-
ment, sound or light. However, recent literature suggests that
commercial-grade wearables and phone apps vary greatly in the
accuracy of sleep predictions. Constant innovation in wearables
and proprietary algorithms further make it difficult to evaluate
their efficacy for scientific study, especially outside of the labora-
tory. In a longitudinal study, we find that wearables cannot detect
when a person is laying still but using their phones, a common
behavior, overestimating sleep when compared to self-reports.
Therefore, we propose that fusing wearables and phone sensors
allows for more accurate sleep detection by capitalizing on the
benefits of both streams: combining the movement detection of
wearables with the technology usage detected by cell phones. We
determine that fusing phone activity to wearables can generate
better models of self-reported sleep than either stream alone, and
test models in two separate datasets.

Index Terms—wearables; Phone; Sensor fusion; sleep

I. INTRODUCTION

Commercial grade activity trackers as well as phone agents
have seen an uptick in deployment as sensors for sleep in
large scale, longitudinal designs [1]–[4]. These complement
previous large scale and epidemiological studies that find
relationships between self-report and health e.g., [5]. However,
recent literature suggests that commercial grade wearables and
phone apps vary greatly in accuracy of sleep measurements,
and validation is made difficult as wearables and apps are
frequently updated and modified. However, wearables usually
work by intergrating a photoplethysmogram (PPG) sensor used
to detect HR and an accelerometer used to detect the lack
of movement or patterns of movement associated with sleep.
Phone apps, on the other hand, can make use of the sound
sensor, light sensor, accelerometer, as well as phone usage
to detect sleep [6]. Given how these two sensors measure two
different aspects, one capturing a signal straight from the body
while the other captures interaction with the environment, we
set out to determine if fusing phone activity to wearables can
generate better models of sleep and self report than either
stream alone. These technologies can complement each other
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through combined assessment of the body (wearable) and
conscious use of a phone while stationary (phone agent).

A. Wearable Agreement with Gold Standard

While many commercial devices have been studied, the rela-
tionship between the gold standard of sleep, Polysomnography
(PSG), and all other measures (actigraphy, wearables, phone
agent, sleep dairy, self-report) varies, with strong agreements
in lab and significantly weaker relationships in situ. For sleep
measurements using phone usage, actigraphy, and wearables
which rely on patterns of movement to determine sleep,
variability logically can stem from either lack of motion while
awake (e.g., watching a movie, using a phone in bed), or
movement not associated with a person’s sleep (e.g., pet, bed
partner) [7]. These real-world situations may help explain
why sleep trackers may do fairly well in the laboratory (e.g.,
within 9 minutes for actigraphy and PSG) [8] and fairly poorly
outside of the laboratory if independent validation of devices
is even available [9].

Further, researchers have seen differences in accuracy of
sleep metrics comparing wearable technology to PSG, depend-
ing on study population (healthy, or with insomnia [10], major
depressive disorder [11], age of population [12], [13], etc.).
In general, actigraphy and wearables tend to accurately reflect
PSG in laboratory studies of healthy populations. For instance,
[10] used the Fitbit Flex and PSG to see how accurately the
wearable tracked the sleep of healthy sleepers and insomniacs.
The wearable device showed strong agreement with PSG. [10]
reported the Fitbit Flex in “normal mode”overestimated Total
Sleep Time (TST) relative to PSG by 6.5 mins for healthy
sleepers, and was off by 32.9 minutes for insomniacs. [8]
used 100 participants from the general population, aged 18-
75 from one town, and found that a research grade actigraph
underestimated sleep by 8.3 minutes relative to PSG when
worn on the wrist. As another example, [11] also used the
Fitbit Flex and a research grade actigraphy watch for people
with Major Depressive Disorder, and found that compared
to PSG the Fitbit Flex overestimated TST by an average of
46 minutes. In “sensitive mode”, a mode of operation that
shows more details about sleep than the “normal mode”, the
Fitbit Flex underestimated TST by an average of 86.3 minutes.
Similar to the wearable in normal mode, the research grade



actigraph overestimated sleep by 40.6 minutes. In addition to
variability around sleep accuracy, wearables also may suffer
from significant missing data (e.g., [14]).

B. Mobile App and Sleep Detection

Smartphones have many datastreams available and as such
have been used to detect sleep [6], [15]. As one example of
phone usage and self-reported sleep, [16] collected a sleep
diary from 27 participants. After collecting training data for 3
weeks, their app was able to get within 50 minutes of sleep
diaries. For objective measures, [17] used 400 participants
to build and test models using cell phone usage compared
to a commercial wearable and obtained 89% agreement with
the commercial wearable. However, [17] did not report sleep
duration statistics and the work noted that performance is
likely to be worse in detecting sleep in insomniacs. Comparing
mobile measurement to PSG, [18] was able to get 89%
agreement between the phone sleep measuring app and PSG
from 20 participants.

C. Self-report and Objective Sleep

In a large study, [19] used over 2,000 participants (Mean age
67 years, standard deviation 10 years) and showed that partici-
pants overestimated sleep duration after a PSG recorded night
of sleep by a statistically significant 16 minutes. When asked
about their habitual sleep time relative to the night of PSG,
they overestimated by 59 minutes. These specific differences
varied slightly by age, race, obesity status, education, and sex.
For instance, men overestimated sleep by 24 minutes while
women overestimated sleep by 10 minutes. Even in clinical
patients, the agreement between self-reported sleep duration
and PSG assessed sleep is fairly good, with a difference of less
than 10 minutes on average across 101 participants with var-
ious sleep disorders, which was not statistically significantly
different relative to PSG [20]. However, not all studies show as
strong agreement as above. For instance, [12] used self-report
and actigraphy and suggested that self reports and actigraphy
correlate, but did not agree in a pool of 225 adolescent
participants. Specifically, self-reports overestimate actigraphy
by an average of 95.5 minutes during the week and 156.7
minutes during the weekend. In addition, [8] reported that
while actigraphy underestimated sleep by 8.3 minutes when
worn on the wrist, self-reported measures underestimated by
39.8 minutes.

D. Summary

In summary, significant variability exists between self-
reported measures of sleep duration and objectively assessed
measures of sleep duration, though subjective measures still
remain relevant for health. For a discussion about the utility
and drawbacks of self-reported sleep as an epidemiological
tool, see [21], [22]. Within objectively measured sleep dura-
tion, there is additional variability between smartphone, wear-
able, actigraphy, and PSG assessed sleep. While performance
between various mobile apps and wearables varies depending
on device and assessment method, most papers reviewed here

show less than an hour of discrepancies across all measure-
ment modalities. In this paper, we address the discrepancies
between self-reported sleep as assessed by mobile app and
self-reported sleep as assessed by wearable by fusing wearable
and mobile app data together. By combining the measures, we
hope to get a better measure than when using either device
alone.

II. METHODS

Data was collected from the Tesserae study [1], [4], [23],
and included wearable data, phone usage data, and daily survey
responses. Study details are fully described in [1].The protocol
was fully approved by the Institutional Review Board. For this
paper, we reiterate relevant data characteristics and streams.

A. Participants

The Tesserae Study [1] recruited 757 participants from cog-
nitively demanding professions (e.g., information workers) for
a year-long study. Participants were recruited throughout the
United States, concentrated around four major organizations.
Participants provided data from commercially available sen-
sors (e.g., wearable, smartphone tracker - see below sections B
and C), and this data was used to predict several behavioral and
psychological constructs, including daily sleep duration. We
consider data from 575 as due to project funding requirements,
151 were blinded (data was withheld from researchers to
validate researcher work). Furthermore, 19 participants did not
provide demographic information, 11 participants dropped be-
fore daily survey completion, and 1 participant did not answer
any daily surveys. Table I provides demographic information
for the study participants.

B. Wearable

Participants received a Garmin Vivosmart 3 with the request
to wear the device at all times excluding showering and charg-
ing. The wearable was chosen, in part, for an approximate 5
day battery life, rapid charging capability, and HR streaming
capabilities.

C. Phone Agent

Using an app based on StudentLife [6], we collected usage
data such as screen locks and unlocks from both iOS and
Android models. This phone agent, (PA), worked differently
for iOS and Android; iOS models sampled screen state every
10 minutes to conserve battery while Android provided time
stamped screen on and off times, which may result in slight
differences in values between platform.

D. Ground Truth Survey

For the first 56 days, participants received a daily Qualtrics
survey via text message at 8am, noon, or 4pm, and had 4 hours
to complete. Several versions of the daily text message asked
about a variety of constructs; here, we consider the question
“How many hours of actual sleep did you get LAST NIGHT?”.
This question was asked 3-4 times per week and at either 8am
or noon relative to the timezone of the participant, having a
maximum of 28 answers per participant.



E. Calculating the Sensor-Fused Measure

In the case of the wearable, sleep duration was calculated
from the bed and wake times provided from the Garmin Health
API. From the phone agent, bedtime was defined as the last
detected conscious action of the evening and the first conscious
detected action of the morning (e.g., screen unlocking). We
formed a combined measure of sleep duration by starting
with the wearable bed and wake times and by examining
phone agent activity up to 90 minutes after wearable detected
bed time, and 90 minutes prior to wearable detected wake
time. This results in a maximum of 3 hours of subtraction
to sleep duration. Any subtraction over 90 minutes requires
adjustments to both bed and wake times. These windows were
chosen based on our literature review which suggested the
largest reported error of a wearable and other methods of sleep
detection was ∼86 minutes [11] , and it was not clear whether
this error occurred as a result of poor detection of bed time,
wake time, a combination of both, or detection of significant
periods of wake time during sleep across the whole night. If
conscious phone use (defined as a screen unlock) was detected
within 90 minutes of bed and/or wake, the sleep duration was
adjusted accordingly to the last detected unlock after bed time
and the first detected unlock before wake time. For instance,
a wearable detected a bed time of 9:30pm and a wake time
of 6:30am. Phone activity was detected at 9:45pm, 10:00pm,
2:00am, and 6:15am. After applying our fusion method, we
would have a combined bed time of 10:00pm and a wake time
of 6:15am, which would result in an adjusted sleep duration
of 8.25 hours from a wearable that detected 9 hours.

F. Calculation for Random Baseline Condition

In order to ensure that the combined measure is better than
randomly reducing sleep duration, we generated a random
baseline calculation. In total, ten measures were created by
taking the sleep value reported by the wearable and adjusting
it by a random amount between 1 and 180 minutes, the
minimum and maximum adjustments our combined measure
could receive. For the results, we only report the best scoring
random model, rather than all 10 iterations.

G. Calculation for Combined and Single Sensor Condition

We anticipate that requiring all sensor streams, demograph-
ics, and daily responses will result in a significant reduction
in usable data [4], [24]. In an effort to increase coverage of
the available ground truth data and take advantage of multiple
sensor streams, we generated a sleep duration combined mea-
sure which uses combined sensors where available and single
streams when combined streams are not available. We applied
the following logic: If wearable and phone agent are available,
combine as described above using fusion method in section E.
If only a single stream was available, use that (either wearable
only or phone agent only). If neither stream was available, we
used the mean of the measured data up to that point.

III. RESULTS

From a theoretical maximum response rate of 16,100 (575
participants x 28 sleep surveys), 15,582 days had survey
responses (96.7%). 12,789 days had data for at least one of
the two sensors. From this, we have 9,127 datapoints from 525
participants that have a self report, demographics, a wearable
sleep duration, and phone agent data with sufficient usage
to generate a sleep duration (e.g., a last daily unlock and
first morning unlock) that we use for comparison between the
sensors by themselves vs our sensor fusion method. However,
as mentioned in the section E, we also followed a combined
and single sensor approach which will use the entirety of
12,789 days that have at least one sensor available.

TABLE I
DEMOGRAPHIC INFORMATION

Demographics

Construct Count Count

Sex Male 301 Female 224
Platform iOS 311 Android 214
Role Supervisor 239 Non-supervisor 286
Age Mean 34.7 Standard deviation 9.6

Income Count

<$25,000 3
25, 000−49,999 39
50, 000−74,999 112
75, 000−99,999 113

100, 000−124,999 93
125, 000−150,000 52

<$150,000 113

A. Descriptives
From the survey, we found a self-reported average sleep

duration of 7.03± .01 hours. Wearable’s average bed time was
11:07pm ± <1 minute and average wake time was 6:55am
± <1 minute. Together, the average wearable duration was
7.8 hours± .02 hours. From the phone agent, we observed an
average bed time of 11:22pm ± <1 minute , an average wake
time of 6:52am ± <1 minute , and an average duration of
7.48 hours of sleep,± .02 hours.

We made 1585 adjustments to bed time, average adjustment
of 44.3 minutes, ± 1 minute, 2622 adjustments to wake time,
with an average adjustment of 30.7 minutes to wake, ± 1
minute, 2618 adjustments to both; with an average adjustment
of 77.19 minutes ± 1 minute, The combined measure had an
average bed time of 11:27pm ± 1 minute, an average wake
time of 6:37am± 1 minute , and an average duration of 7.16
± .018 hours of sleep. for a breakdown of sleep adjustments,
see figure 1.

B. Model Comparisons
We tested our adjusted measure by comparing each measure,

wearable sleep duration, phone agent sleep duration, randomly
adjusted sleep duration, and our combined sleep duration
measure, with self-reported sleep to obtain Mean Absolute
Error(MAE) and Root Mean Square Error (RMSE). Addition-
ally, given the repeated measures design, we ran linear mixed



Fig. 1. Histogram of sleep adjustment duration in hours. Teal is wake
adjustment only, Dark blue is bedtime adjustment only, and orange is both
bed and wake time adjustments. Note; adjustments over 90 minutes can only
represent adjustments to bed and wake time

effects models with subject as a random effect. We included
demographic information including sex, platform, age, super-
visor status, and income as fixed factor predictors as well as a
sleep duration measure as predictor; either wearable, phone
agent, randomly adjusted sleep duration, or our combined
sleep duration measure. As expected, the combined feature
performed best as noted by the lowest AIC, BIC, MAE, and
RMSE (see table II). When looking at average sleep duration,
(see Figure 2), the combined measure is only 8 minutes off of
self-reported sleep, compared to 27 minutes for phone agent
only and 46 minutes for wearable only.

TABLE II
TABLE 2. A SUMMARY OF MODEL AND MEASURE PERFORMANCE FOR

PREDICTING SELF-REPORTED SLEEP

Meas. + Dem. Measure

Predictor AIC BIC MAE RMSE

Best Random 29387 29486 1.59 2.17
Wearable 29169 29268 1.38 2.00
Phone Agent 29047 29147 1.32 1.87
Combined 29010 29109 1.15 1.76

Fig. 2. Comparisons of sleep duration.

C. Combined and Single Sensor

We examined the efficacy of our dual stream approach. In
our dataset we have 12,789 points where the wearable data
was available, 10,782 where phone agent was available, 9,253
data points with both sensors available, and 1,264 points where
neither stream were available. From this, we constructed an
extended dataset with 12,789 data points with at least one
data stream. This amounts to 3,662 more data points available
(approximately 20%) relative to our complete data set (no
missing data, no imputation).

When considering the extended dataset, we find an RMSE
of 1.87 for combined or single stream when both are not
available. This is better than a baseline mean imputation for the
wearable, RMSE=2.05, or using phone agent and the wearable
(without combining them when both available) RMSE=1.98.
When comparing the measures for the complete dataset and the
extended dataset, we find an an RMSE of 1.76 for the complete
dataset and an RMSE of 1.87 for the extended dataset. This
difference of RMSE of .11 translates into about 6.6 minutes
of additional error.

D. Exploratory: Who is being adjusted

After establishing that the adjusted sleep value is most
effective for predicting self-reported sleep duration, we ex-
plored how this adjustment was generated. Specifically, we
sought to determine if many people had small adjustments,
or a few people had larger adjustments. We generated a
histogram from the percent of days adjusted out of total days
collected for each person (Figure 3), and also generated a
histogram from the average duration of correction for each
person (Figure 4). Figure 3 is right skewed, suggesting that the
majority of participants received many adjustments, and Figure
4 shows that the average adjustment per participant is normally
distributed. From these plots we conclude that adjustments
are distributed across many individuals for a modest amount,
rather than concentrated with large adjustments for a few
participants. In addition, we examined what demographic
features were associated with the adjustment duration and
adjustment frequency.

We ran step-wise regression models including sex, platform,
age, supervisor status, and income as predictors. For duration,
a significant model was found, F(1, 519) = 55.087, p =
< .001, with an adjusted R2 = .096. In the final model,
participant’s duration of adjustment in hours = .995 -.225
platform, with 0 coded as Android and 1 coded as iOS.
Thus, the average adjustment for iOS duration was 0.77± .02
hours, while for Android the average adjustment was .99±
.03 hours. We repeated the step-wise regression for frequency
of adjustments as the dependent variable, with a significant
model found F(3, 517) = 16.179, p <.001, with this adjusted
R2 = .081. The model predicted number of adjustments out
of total days collected as .948% -.099 for platform (0 =
Android, 1 is iOS) -.004(age, in years), + .058 supervisor
status (0 = non-supervisor, supervisor = 1). Thus, Android
users, younger participants, and supervisors had more phone
agent adjustments on average.



Fig. 3. Histogram of ratio of data adjusted within person.

Fig. 4. Histogram of average sleep adjustment duration per person in hours.

E. Exploratory: Adjustments on a different dataset

Now that we have demonstrated that adjusting wearable bed
and wake times by using a phone agent is a viable approach,
we explored phone usage and wearable bed and wake times in
a different population (students), and with a different device
(Fitbit Charge HR 2), using data from the Net-Health project
[2]. This dataset contains data from 486 students for four
years, for a total of 129,858 days of wearable and phone
usage data. This dataset does not contain self-reports of sleep.
However, we applied our approach to corroborate whether the
adjustments would happen in a different population, that of
college of students, to better understand the generalizability
of our method. We adjusted 19,929 bed times with an average
adjustment of 42 ± .1 minutes, 28,546 adjustments to wake up
time with an average of 31 minutes ± .1 minutes, and 7,565
adjustments to both bed and wake time, for an average of 78
± .5 minutes. After adjustments, we found an average sleep
duration of 7.35 hours ± 1 minute, with an average bed time
of 1:27am ± 2 minutes, and an average wake time of 8:49am
± 2 minutes.

IV. DISCUSSION

As sensors such as wearables and smartphones become
more pervasive, the utility of features derived from multiple
streams will increase. Specifically, combined sensors allow
us to improve sleep estimates from the different behaviors

that impact sleep measurement (actigraphy, phone usage), and
second, to generate data from an alternative stream which
would be missing in the case of a single stream.

Here, we demonstrated improved agreement between sub-
jective sleep experience by combining the actigraphy/PPG
based wearable sleep detection with the behavioral sensing
of phone usage after bed time and before wake time. While
these sensors do not cover all cases in which wearable sleep
sensing and subjective sleep experiences may diverge (e.g.,
reading a book in bed), we did adjust ∼75% of all wearable
measurements with phone usage data. After adjustment, we
were within 8 minutes of self-reported sleep.

One downside to a multi-stream approach is compli-
ance/maintenance. When requiring both sensor streams instead
of a single sensor stream, we reduced the number of samples
of our dataset by over 40%. This also makes data collection
tricky, as different streams have different requirements and
different life cycles, especially in longitudinal studies. For
instance, a change in iOS or Android may reduce the phone
agent’s utility, while at a different time an update from a
wearable manufacturer may change how data is collected, or
a participant’s phone may break while the wearable continues
to function, etc. However, we proposed and demonstrated a
method in which dual streams and single streams, along with
the union for imputed values, can recover a significant portion
of missing data. With this method, accuracy was only slightly
eroded (within ∼ 14 minutes of self-reported sleep) when the
sensor fusion also allowed single stream and imputed values,
and this allowed for recovery of 20% of data. Thus, our com-
bined sleep measure is accurate in complete datasets. Further,
our method is also useful in situations with missing data from
single or both streams, and can use multiple datastreams to
offset missing data in a single stream reasonably well.

We also demonstrated that applying our method to a differ-
ent dataset, with different wearables, apps for assessing phone
usage, and a different population yields nearly identical adjust-
ment amounts; wakeup time within 1 minute, bed time within
2 minutes, and both wakeup and bed time within 1 minute.
However, the percentages of adjustments were different, with
Tesserae participants having ∼75% of values adjusted, while
the Net-Health dataset was adjusted only ∼43% of the time.
These two datasets demonstrate the robustness of our approach
as far as total duration in relation to wearable, phone usage
sensor, and population, while the differences in adjustment
percentage suggest that these populations may have different
phone usage and sleep behaviors.

Finally, we examined what demographic features affected
the adjustment and how the adjustments were distributed.
We report models for duration and frequency with R2s less
than .1. within these models, for the amount of adjustment
differs only by platform, with differences that translate to less
than 14 minutes. These differences may be explained by the
differences in detecting screen usage in iOS, which samples
every 10 minutes, and Android, which timestamps each lock
and unlock of the PA. For frequency, again we see modest
differences between iOS and Android, and additional effects



of age and supervisor status. When looking at the distribution
of frequency and adjustment amounts, we found that most
participants received adjustments for a modest amount, rather
than concentrated in a few users who use phones for long
durations. Taken all together, this suggests that our combined
feature may be reasonably applied to and useful for broad
populations.

V. CONCLUSION

Combining meaningful sensors streams can greatly improve
the accuracy of wearable measurements relative to self report.
This level of accuracy might allow future researchers to
replace self-reported EMAs in future studies. In addition, given
that many wearables already pair with phones and/or utilize
apps (e.g., Garmin Connect), wearable manufacturers could
improve device accuracy by including phone usage in sleep
detection algorithms.
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