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Purpose: Body-worn accelerometers are commonly used to estimate sleep duration in population-based studies. However, since
accelerometry-based sleep/wake-scoring relies on detecting body movements, the prediction of sleep duration remains a challenge.
The aim was to develop and evaluate the performance of a machine learning (ML) model to predict accelerometry-based sleep duration
and to explore if this prediction can be improved by adding skin temperature data, circadian rhythm based on the estimated midpoint of
sleep, and cyclic time features to the model.

Patients and Methods: Twenty-nine adults (17 females), mean (SD) age 40.2 (15.0) years (range 17-70) participated in the study.
Overnight polysomnography (PSG) was recorded in a sleep laboratory or at home along with body movement by two accelerometers
with an embedded skin temperature sensor (AX3, Axivity, UK) positioned at the low back and thigh. The PSG scoring of sleep/wake
was used as ground truth for training the ML model.

Results: Based on pure accelerometer data input to the ML model, the specificity and sensitivity for predicting sleep/wake was 0.52
(SD 0.24) and 0.95 (SD 0.03), respectively. Adding skin temperature data and contextual information to the ML model improved the
specificity to 0.72 (SD 0.20), while sensitivity remained unchanged at 0.95 (SD 0.05). Correspondingly, sleep overestimation was
reduced from 54 min (228 min, limits of agreement range [LoAR]) to 19 min (154 min LoAR).

Conclusion: An ML model can predict sleep/wake periods with excellent sensitivity and moderate specificity based on a dual-
accelerometer set-up when adding skin temperature data and contextual information to the model.

Keywords: actigraphy, epidemiology, sedentary behaviors, sleep quality, supervised machine learning, support vector machines

Introduction

Polysomnography (PSG) is the gold standard for sleep measurements but is impractical to implement in large out-of-lab
studies.' As an alternative, body-worn accelerometers are commonly used to estimate sleep duration in population-based
studies.” > However, since accelerometry-based sleep/wake-scoring relies on detecting body movements, the prediction
of sleep duration remains a challenge.® "'

A possible approach to improve accelerometry-based prediction of sleep duration is to utilize information from other
modalities related to the sleep/wake states, such as body temperature and sensor-independent features as circadian rhythm and
cyclic time features.™'*'* Core body temperature decreases during sleep accompanied by an increase in distal skin
temperature.'*'> Although changes in skin temperature are likely influenced by a range of other factors (eg, room temperature,
bed linens, etc.), recordings of skin temperature at different body areas may provide additional information relevant for
predicting sleep and wakefulness. Furthermore, utilizing the information embedded in the diurnal cyclic nature of sleep'® and

seasonal changes in sleep behavior related to daylight variations'” may improve the prediction of sleep and wakefulness.
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Recent studies have shown that accelerometry recorded on the thigh and low back can be used to accurately predict
key daily physical activities and postures using a machine learning (ML) approach.'®'® The aim of the current study was
to develop and evaluate the performance of an ML model for predicting sleep/wake periods based on the dual-
accelerometer set-up (ie, thigh and low back), and to explore if the prediction of sleep duration can be improved by
adding skin temperature data and contextual information to the ML training dataset. To evaluate the performance of the
ML model, the predicted sleep/wake scores were compared to sleep/wake scores derived from PSG.

Materials and Methods

Participants and Study Design

The study included 29 participants (12 males, 17 females) with mean (SD) age of 40.2 (15) years (range 17-70 years).
Eleven of these were referred to the sleep clinic at St. Olavs University Hospital, Trondheim, Norway, by their general
practitioner/medical specialist to undergo a diagnostic evaluation for a possible sleep disorder (ie, obstructive sleep
apnea, hypersomnia, or insomnia). The remaining 18 participants were recruited among academic staff/researchers by
word of mouth. The study protocol was approved by the Regional Committee for Medical and Health research ethics
(reference no. 2015/1748/REK midt), and all participants signed a written informed consent before being enrolled in the
study. The study was carried out according to the Declaration of Helsinki.

All overnight PSG and accelerometer recordings were performed in a sleep laboratory for the 18 participants without
known sleep disorders, whereas the eleven participants with a possible sleep disorder underwent an at-home test. The
participants were allowed to sleep based on their habitual sleep time and could use an alarm clock if desired. Upon arrival
in the laboratory or at the clinic, the participants were informed about the study protocol. After signing the written informed
consent, the participants were equipped with the PSG sensors, including electroencephalography (EEG), right and left
electrooculography (EOG), surface electromyography (EMG) on the anterior tibialis, electrocardiography (ECG), airflow
(thermistor flow sensor and thoracic and abdominal strain sensors), body position sensor, and oxygen saturation (oximeter
attached to the finger), as well as the two three-axial AX3 accelerometers (Axivity Ltd., Newcastle, UK). The accelerometers
were attached to the skin at the participants’ lower back, approximately at the third lumbar vertebra, and the upper right thigh,
approximately 10 cm above the upper border of the patella. To attach the accelerometer, a 5 x 7 cm moisture permeable film
(Opsite Flexifix; Smith & Nephew, Watford, UK) was attached to the skin. The accelerometer was then positioned on top of
the film using double-sided tape and covered with a second film layer of 10 x 8 cm. Body accelerations were recorded with
a sampling rate of 100 Hz and later downsampled to 50 Hz using the Fourier method.?® The accelerometer and PSG data were
synchronized by aligning the PSG movement sensor signal and the accelerometer signals. The PSG recordings were visually
scored in 30s epochs by trained personnel following the American Academy of Sleep Medicine (AASM) Manual for the
Scoring of Sleep and Associated Events.”' An example of PSG-derived sleep/wake scoring for one participant is shown in
Figure 1C along with the accelerometer recordings (M-R). PSG was recorded using SOMNOscreen plus (SOMNOmedics,
Germany) and Somnomedics Somno HD (Somnomedics, Germany).

Time in bed (TIB) was used as surrogate measure for lights on/lights off and to define the start and the end of the
recording period. TIB was defined as the time between the start of the first and the end of the last 10-min period the
participant was continuously lying down. These periods were detected using an ML model described in a previous
publication.'” The reported sleep duration is therefore the total amount of sleep during TIB, while sleep efficiency was

calculated as the percentage being asleep during TIB. We did not provide any specific instructions for the pre-sleep TIB.

Methods to Improve Prediction of Sleep/VWake

In addition to the accelerometer data, we explored additional feature input to the ML model to improve the prediction of sleep/
wake, including 1) skin temperature, 2) cyclic time features, and 3) the fitted circadian rhythm curve based on the estimated
mid-point of sleep (MoS). Although MoS is not a measure of circadian clock, it is closely correlated to chronotype and
circadian rhythm in people with regular sleep.”>** Figure 1 shows an example of the sleep/wake prediction based on all
features (A) and accelerometry only (B).
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Figure | Example from one participant of the predicted sleep/wake based on the full model (A), the predicted sleep/wake based on accelerometry alone (B), the scoring of
sleep/wake based on polysomnography (C), the cyclic time features (D-I), the fitted circadian rhythm curve based on the estimated mid-point of sleep (J), the skin
temperature (K and L), and the overnight recording of accelerometry (M-R).
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In addition to the accelerometer, the AX3 includes an embedded temperature sensor that can record temperatures
from 0 to 40°C with a resolution of 0.3°C and a sampling frequency of 1.2 Hz. This allowed us to record skin
temperature at the position of the two accelerometers at the lower back and thigh. Figure 1K and L shows the skin
temperature recordings for one participant.

The AX3 stores the date and time of each recorded sample. Based on this information, we created trigonometric representa-
tions of a 24 h day to use diurnal time as additional ML model input. A day is therefore represented with a sine and cosine wave,
both having a wavelength of 24 h. The sine wave was computed using: hour sin(r) = sin(3% - (¢ + & )), with t, being the hour of
the time stamp 7 and t,,,the minute. The corresponding cosine wave was computed using: sour cos(t) =cos(Z - (1 + 2 ). Both
waves have an amplitude -1 to 1 and 1-min time resolution. In addition to the diurnal time, we considered the day of the week
represented with a sine and cosine wave, both with a wavelength of seven days. We computed the waves using the two equations:
daysin(t) = sin(% - (tq + 4 ), day cos(t) = cos (% - (14 + 2 )), with t4 representing the day and , the hour. Both waves have a
1-h time resolution and amplitude -1 to 1. Finally, we included 12-month trigonometric features as model input by
computing a sine and cosine wave, both with a wavelength of one year using: monthsin(f) = sin(3% - (tyr + 35 ),
month cos(t) = cos( (tM + )), with tys representing the month and t4 the day of the month. The trigonometric representa-
tions of cyclic time for on partlcrpant are illustrated in Figure 1D-1.

The MoS was estimated based on an initial sleep/wake scoring ML model and thereafter aligning a cosine function with a
wavelength of 24 h such that the maximum value of 1 corresponds to the MoS.** The equation for the estimated circadian rhythm
cosine function is circ(t) = cos( (t;, — 4+ 7’ - )), with the current time stamp t, hour of the current time stamp t,,, minute
of the current time stamp t,,,, estimated MoS , hour of the estimated MoS ,, and minute of the estimated MoS p,,,. Figure 1]
shows the estimated MoS and circadian rhythm curve for one participant. To estimate the MoS, we used the sleep/wake
predictions of the initial ML model not trained on the estimated circadian rhythm data to determine the sleep-onset and sleep-
offset for each participant (see details in section 2.4). A slightly modified version of the definition suggested by Fekedulegn and
collegues®* was used to compute sleep-onset and sleep-offset, ie, sleep-onset was defined as the time point of the first continuous
period of at least 20 min of sleep with no more than 1 min of sleep interruption, while sleep-offset was defined as the last minute
scored as sleep before a period of at least 2 h of wakefulness. MoS was defined as the midpoint in time between sleep-onset and
sleep-offset, ie, computed as y = (aon + oo ), with p being the MoS, o, the sleep-onset, and o the sleep- offset.’

Machine Learning Classifier

A Support Vector Machine (SVM) classifier was used for the classification task of sleep/wake.*® For a binary classification task
like this, the SVM creates a hyperplane in the given d-dimensional feature space that separates training samples according to their
class. In doing so, it maximizes the distance between the hyperplane and the nearest samples of each class to ensure general-
izability. In case the training data are not linearly separable, the training samples can be transformed into a higher dimensional
space (D > d) in which the data might become linearly separable. However, since such a transformation is computationally
demanding, the SVM uses a kernel function. This kernel function describes the dot-product of data samples in the D-dimensional
space, which can be used to find an optimal hyperplane that separates the training samples in that higher-dimensional space.

Training Procedure

The procedure for training the ML model is illustrated in Figure 2. The procedure was performed in three steps. The first step
was executed when the model was trained without the estimated circadian rhythm curve (Figure 2A). First, the six
accelerometer signals, the two temperature signals, the six cyclic time feature signals, and the corresponding training data
labels (ie, sleep/wake) were split into non-overlapping 60s windows. For the labels, we computed the majority for each 60s
window. Based on the accelerometer signals, a total of 161 statistical features were computed for each 60s window. These
include time- and frequency-domain features described in detail in a previous publication.'® For the skin temperature
recordings as the low back and thigh, we computed 17 features for each of the two signals separately for each 60s window
(ie, mean, coefficient of variation, standard deviation, minimum, maximum, median, 25th percentile, 75th percentile, skew,
kurtosis, signal energy, frequency-domain mean, frequency-domain standard deviation, dominant frequency, dominant
frequency’s magnitude, total signal power, and spectral centroid). Furthermore, we computed the correlation and mean across
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Figure 2 The three panels (A-C) illustrate the stepwise procedure used to train the machine learning (ML) model. In the first step (A), the ML model was trained using
features derived from accelerometry (A), skin temperature data (T), and cyclic time (Cy). In the second step (B), the initial ML model trained in the first step was used to
predict sleep/wake and determine the mid-point of sleep (MoS). A cosine wave with 24 h wavelength and maximum value at the MoS was used for the circadian rhythm curve
approximation. In the third step (lower panel), the ML model was trained using all feature input (ie, A, T, Cy, and Ci).

the two sensors. This resulted in a total of 36 temperature signal features. No features were computed for the cyclic time
features since they were not defined for smaller intervals than 60s. Including the six cyclic time features, the total number of
computed features was 203 (ie, 161 accelerometer features + 36 temperature features + 6 cyclic time features). Additionally,
we scaled the training data using standardization, such that each feature had a mean of zero and a variance of one. The resulting
data was used to train the SVM classifier on the binary classification task of sleep/wake-scoring. These initial predictions of
sleep/wake were used to estimate sleep-onset and sleep-offset, and next, to compute the MoS (Figure 2B). In the last step, the
fitted circadian rhythm curve was added to the model along with the other features (Figure 2C). Again, a 60s non-overlapping
segmentation was applied to each signal. The same feature extraction as in the initial part was applied, resulting in 204 features
for each 60s window when the circadian rhythm approximation was added (indicated by the blue vector values in Figure 2C).
Again, the training data was standardized before training the SVM classifier.

Performance Testing of the Machine Learning Model

The performance of the model was assessed separately for the full dataset (29 participants), the 18 participants without
sleep disorders, and the 11 participants with a possible sleep disorder. Furthermore, we explored eight different input
strategies, where the SVM received:

The 161 accelerometer-derived features (A)

A and the 36 temperature features (T)

A and the six cyclic time features (Cy)

A and the circadian rhythm estimation (Ci)
A, T, and Cy

A, T, and Ci

A, Cy, and Ci

A, T, Cy, and Ci (ie, all features)
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We used a grid search with four-fold cross-validation for hyperparameter optimization to find good hyperparameters for

each input strategy. The macro Fl-score is used as the primary metric to determine the best hyperparameters, defined as

F1 = 7 . precision-sensitivity
- precision-+sensitivity”

In contrast to accuracy, the F1-score is more robust against class imbalances in the dataset (ie,
the much greater number of sleep epochs as compared to wake). After the hyperparameter optimization, a leave-one-
subject-out (LOSO) cross-validation was performed for each input strategy, using the best hyperparameters of the grid
searches. In an LOSO cross-validation, the classifier is trained on the data from all participants except one (N-1) which is
kept out and used as the test data. This is repeated N times so that each participant is used as a test participant once. The
average specificity (true negative rate), average sensitivity (true positive rate), and average Fl-score across the
N different runs of each LOSO cross-validation are reported to indicate the overall performance of the ML model.

In addition to the overall performance, we investigated which approach to improve the prediction of sleep/wake was most
useful for our ML model by performing permutation importance tests. For this, we considered the model incorporating all
feature inputs (ie, A, T, Cy, and Ci) as the baseline model. We repeated the LOSO cross-validation three times, each time
removing a different modality from the input. Hence, for each of the three LOSOs, we remove one of the modalities: the skin
temperature (T), the cyclic time features (Cy), or the circadian rthythm approximation (Ci). We then computed the difference
between the resulting performance metric scores and the baseline model scores to measure the influence of each modality on
performance. Further, we repeated the three LOSO cross-validations 30 times and present the average change in performance
score across these 30 runs. Hence, for the permutation feature importance tests, we performed 120 LOSO cross-validations (30
repetitions x [3 permutations + 1 baseline model]).

We also calculated the individual differences between sleep duration and sleep efficiency derived from PSG versus
the predictions from the ML model. The upper and lower 95% limits of agreement were calculated by taking the mean
difference +£1.96 - SD of the differences. These results are presented in Bland-Altman plots®’ using sleep duration and
sleep efficiency derived from PSG as the reference method.?®

Results

The PSG-derived sleep time (11,909 min) and wake time (3173 min) across participants were used as training data to
develop the ML model. The average TIB was 520 min (SD 69), while average PSG-derived sleep time, wake time, and
sleep efficiency were 411 min (SD 62), 109 min (SD 69), and 79.5% (SD 11.6), respectively.

Table 1 shows the absolute difference between the MoS derived from PSG and the MoS predicted by the ML model.
Based on only accelerometer data, the absolute difference was 22.5 min (SD 32.9) for the full dataset. This improved to
11.1 min (SD 11.0) when the temperature features and the cyclic time features were added simultaneously as input to the
ML model.

Table 2 shows the performance of the ML model in predicting sleep/wake periods based on the different combinations
of feature input. The sensitivity was high for all feature combinations (eg, 93% or above for the full dataset). In contrast,
the specificity increased substantially when features were added to the ML model, eg, for the full dataset the specificity
was 52% (SD 24) when only accelerometer data was used as input, increasing to 72% (SD 20) when all features were
added as input. Overall, the SDs were considerably higher for specificity than sensitivity across all feature combinations,
indicating a considerable inter-individual variation in the predictions of wakefulness. Moreover, the specificity was

Table | Absolute Difference (Min) Between the Midpoint of Sleep (MoS) Derived from
Polysomnography and the MoS Predicted by the Machine Learning Model Receiving Different
Combinations of Feature Input. Values are Mean (SD)

Combinations of Feature | All Participants | Without Sleep With Possible Sleep
Input (n=29) Disorder (n=18) Disorder (n=11)
Accelerometer (A) 22.5 (32.9) 17.1 (22.9) 31.4 (44.3)
A+temperature (T) 16.1 (15.7) 12.3 (13.0) 13.6 (14.0)
A+cyclic time features (Cy) 16.9 (24.1) 13.4 (11.7) 15.9 (10.4)
A+T+Cy 1.1 (11.0) 12.3 (12.3) 16.1 (16.7)
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Table 2 The Specificity, Sensitivity, and Fl-Score of the Leave-One-Subject-Out Cross-Validations When Using Different Feature
Combinations as Input to the Machine Learning Model

Combinations All Participants (n=29) Without Sleep Disorder (n=18) With Possible Sleep Disorder (n=11)
of Feature

Input Specificity | Sensitivity | Fl-score Specificity | Sensitivity | Fl-Score Specificity | Sensitivity | Fl-Score
A 0.52 (0.24) | 0.95(0.03) | 0.74 (0.11) 0.50 (0.19) | 0.93 (0.05) | 0.72 (0.09) 0.71 (0.12) | 0.92 (0.05) | 0.82 (0.07)
A+T 0.65 (0.21) | 0.93 (0.06) | 0.80 (0.10) 0.57 (0.23) | 0.93 (0.05) | 0.75 (0.10) 0.76 (0.16) | 0.90 (0.10) | 0.82 (0.09)
A+Cy 0.69 (0.18) | 0.94 (0.06) | 0.82 (0.10) 0.61 (0.20) | 0.94 (0.04) | 0.78 (0.10) 0.79 (0.12) | 0.91 (0.10) | 0.84 (0.06)
A+Ci 0.67 (0.19) | 0.93 (0.05) | 0.80 (0.10) 0.65 (0.19) | 0.94 (0.04) | 0.80 (0.09) 0.76 (0.10) | 0.90 (0.09) | 0.82 (0.08)
A+T+Cy 0.69 (0.20) | 0.95 (0.05) | 0.82 (0.10) 0.65 (0.22) | 0.94 (0.04) | 0.80 (0.09) 0.79 (0.17) | 0.91 (0.10) | 0.84 (0.08)
A+T+Ci 0.72 (0.20) | 0.93 (0.06) | 0.83 (0.09) 0.67 (0.21) | 0.95(0.03) | 0.81 (0.09) 0.82 (0.13) | 0.91 (0.09) | 0.85 (0.08)
A+Cy+Ci 0.70 (0.18) | 0.94 (0.06) | 0.82 (0.11) 0.65 (0.22) | 0.95(0.04) | 0.81 (0.11) 0.81 (0.09) | 0.91 (0.09) | 0.85 (0.06)
A+T+Cy+Ci 0.72 (0.20) | 0.95 (0.05) | 0.84 (0.10) 0.67 (0.22) | 0.94 (0.04) | 0.81 (0.10) 0.82 (0.16) | 0.91 (0.08) | 0.85 (0.07)

Note: Values are Mean (SD).
Abbreviations: A, accelerometer; T, skin temperature; Cy, cyclic time; Ci, circadian rhythm.

somewhat higher and the related SDs lower for the participants with a possible sleep disorder compared to the
participants without a sleep disorder.

Figure 3 shows the change in performance metrics when removing different feature inputs to the ML model.
Removing the circadian rhythm feature caused a reduction of 3.0% in the specificity and 1.1% in the Fl-score,
respectively. Removing the skin temperature features or cyclic time features had minor influence the performance
metrics (ie, 0.7% change or less for any of the performance metrics).

Figure 4 shows Bland-Altman plots, displaying the individual differences between sleep duration and sleep efficiency
derived from PSG versus predicted by the ML model, using accelerometry-derived features (A and C) versus all features
(B and D) as input to the ML model. For the accelerometry-based ML model, the average sleep time, wake time and
sleep efficiency were 465 (SD 61), 55 (SD 33), and 89.5% (SD 5.6), respectively. The corresponding numbers for the full
ML model were 430 (SD 45), 90 (SD 68), and 83.6% (SD 10.1), respectively.

The mean difference between the PSG-derived and predicted sleep duration was 54 min for the accelerometry-based
model (A) with limits of agreement range 228 min (=60 min to 168 min). Including all features in the ML model (B)
reduced the mean difference between the PSG-derived and predicted sleep duration to 19 min with limits of agreement

Il Specificity
Sensitivity
F1 score

Skin temperature

Cyclic time -

|uu_ I

Circadian rhythm - )

Change (%)

Figure 3 Change in performance metrics when removing different feature modalities (ie, estimated circadian rhythm, skin temperature, or cyclic time) as input to the
machine learning model compared to the model receiving all feature inputs. The bars are mean values and the error bars SD.
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Figure 4 Bland-Altman plots indicating the difference in total sleep time (A and B) and sleep efficiency (C and D) predicted by the machine learning model when including
accelerometry-derived features (A and C) and all features (B and D) versus the PSG-scored sleep time. The upper and lower dashed lines indicate the 95% limits of
agreement and middle solid line the mean difference. The dotted horizontal line indicates zero (ie, line of equality). The regression line is indicated by the short, dotted line.
The error bars on the right side indicate the 95% confidence interval for the limits of agreement and the mean difference.

range 154 min (=58 to 96 min). Correspondingly, the correlation between PSG-scored sleep duration and predicted sleep
duration improved from 0.56 to 0.78, respectively. For sleep efficiency, the mean difference was 10% and range of limits
of agreement 42% for the accelerometry-based model (C), improving to a mean difference of 4% and range of limits of
agreement 32% for the full model (D). The corresponding correlations between PSG-scored sleep efficiency and
predicted sleep efficiency were 0.41 for the accelerometry-based model and 0.72 for the full model.

Although the disagreement between the PSG-derived and predicted sleep was reduced in the full model, a significant
systematic bias remained between the methods as indicated by the 95% confidence intervals (Cls) of the mean
differences (ie, line of equality not included in the Cls). Moreover, the regression lines indicate that the bias between
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measurement is proportional, ie, the bias tends to be larger for participants with shorter sleep duration and lower sleep
efficiency.

Bland-Altman plots, displaying the individual differences between sleep duration and sleep efficiency derived from PSG
versus the predictions based on the single thigh or back accelerometer, are presented in Supplementary Figure 1 (sleep duration)

and Supplementary Figure 2 (sleep efficiency). The limits of agreement range were somewhat larger when predictions were

based on a single accelerometer set-up as compared to a dual accelerometer set-up, both for the accelerometry-based model and
the full model. Overall, the performance metrics were similar or somewhat lower when using the single accelerometer set-ups
(Supplementary Table 1). For the analysis based on the single thigh accelerometer, the correlations between PSG-scored and

predicted sleep duration were 0.50 for the accelerometry-based model and 0.73 for the full model, while for sleep efficiency the
correlations were 0.39 and 0.71, respectively. For the analysis based on the single back accelerometer, the corresponding
correlations were 0.54 and 0.74 for sleep duration, and 0.36 and 0.64 for sleep efficiency.

Discussion

The current study indicates that an ML model can be trained to predict sleep/wake periods with excellent sensitivity and
moderate specificity based on a composite set of features derived from accelerometry on the thigh and low back, skin
temperature recordings, and contextual information. Specifically, adding features derived from the skin temperature
recordings, cyclic time features, and the fitted circadian rhythm curve, based on the estimated MoS, improved the prediction
of wakefulness compared to using only accelerometry-derived features. The improved prediction of wakefulness reduces
the common problem of sleep overestimation when relying solely on accelerometry to predict sleep/wake periods. Future
studies aiming to improve the assessment of sleep duration based on accelerometry may consider a similar approach as
described in the current study. Notably, the training data used to develop and evaluate the current ML model as well as the
model itself is publicly available at https://github.com/ntnu-ai-lab/harth-ml-experiments.

Compared to sleep duration predictions derived from PSG, estimates of sleep duration in healthy adults using thigh-, hip-, or
trunk-worn accelerometers have exhibited both underestimation (mean values across studies ranging from —32 min to —81 min),
as well as overestimation (mean values across studies ranging from 40 min to 54 min).?* ** Moreover, the range of limits of
agreement in these studies varied from 180 min to 297 min. In comparison, we found that our ML model overestimated sleep
duration by 54 min when including accelerometry-derived features only, which was reduced to 19 min when adding features
derived from the skin temperature recordings, cyclic time features, and the fitted circadian rhythm curve as input to the ML
model. The corresponding range of limits of agreement was reduced from 228 min (—60 min to 168 min) to 154 min (—58 to 96
min) but as indicated in Figure 4, a significant systematic bias remained between the two methods. Moreover, as indicated by the
regression lines in Figure 4, the ML-based predictions were more biased for participants with shorter sleep duration and lower
sleep efficiency.

The smaller mean difference and range of limits of agreement in the current study compared to previous studies using
accelerometry to predict sleep duration is likely explained by our ML approach and the utilization of additional features as
input to the ML model. The latter has been suggested to enhance the performance of ML models for sleep/wake-scoring.*
A recent study demonstrated the advantage of an ML approach, showing that a random forest classifier performed consistently
better in predicting sleep/wake based on wrist-worn accelerometry compared to commonly used count- or rule-based
algorithms.>* Furthermore, the observed Fl-score was identical to the Fl-score in the current study (ie, 74%) when the
sleep/wake prediction was based on accelerometry alone. However, our F1-score increased to 84% when adding the features
derived from the skin temperature recordings, cyclic time, and fitted circadian rhythm curve as input to the ML model. Thus,
our dual-accelerometer set-up provides comparable results to wrist-worn accelerometry, which is the most common approach
for accelerometer-based sleep recordings. Importantly, key daily physical activity types and postures cannot be delineated
based on wrist-worn accelerometry. Recently, there has been an increasing focus on the necessity of understanding the inherent
interdependence between daily physical activity, sedentary behavior, and sleep across 24 hours.* Importantly, the dual-
accelerometer set-up allows accurate measurement of key physical activity types and postures, such as sitting, lying down,
standing, walking, running, and bicycling.'®'? Along with the measurement of sleep, as illustrated in the current study, such
data can potentially open new research avenues for understanding how daily physical activity, sedentary behavior, and sleep
interact to influence health.
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In contrast to a previous systematic review on wrist-worn accelerometry,”® we observed that the sensitivity was
similar for the participants without any sleep disorder compared to the participants with a possible sleep disorder. This
finding was consistent across all combinations of feature input to the ML model. Moreover, the specificity was somewhat
higher among the participants with a possible sleep disorder and the SDs smaller compared to the participants without
a sleep disorder. Although speculative, this may indicate that the participants with a possible sleep disorder exhibited
increased body movements during awake periods, which are detected by the accelerometers, leading to less over-
estimation of sleep.

A recent study comparing sleep duration predicted by thigh-worn accelerometry with PSG-derived sleep duration
found good sensitivity (0.84) and moderate specificity (0.55). These performance scores were similar to the mean
sensitivity (0.89) and specificity (0.53) reported in a systematic review, assessing the agreement between wrist-worn
accelerometry and PSG-derived sleep duration.’® In comparison, the sensitivity and specificity scores of our ML model
were 0.95 and 0.52, respectively, when including accelerometry-derived features only. When including all feature inputs
to the ML model, the sensitivity remained unchanged at 0.95, while specificity improved to 0.72. Thus, the reduced
overestimation of sleep and the smaller limits of agreement range for the full model showed in the Bland-Altman plots
(Figure 4) is mainly explained by the improved specificity (ie, improved prediction of wakefulness). Notably, excluding
skin temperature features as input to the ML model, but including the estimated circadian rhythm and cyclic time
features, resulted in specificity of 0.70 and sensitivity 0.94 (Table 2). This is relevant since cyclic time and circadian
rhythm approximation can be computed based on information readily available in most studies. However, it should be
noted that the estimation of MoS as compared to the PSG-derived MoS improved substantially when adding both the
cyclic time features and skin temperature as input to the initial ML model. Specifically, the absolute deviation was 16.9
min when including the cyclic time features in addition to accelerometry-derived features as input to the ML model. This
was reduced to 11.1 min when skin temperature was included as input to the ML model.

There are several strengths to the current study, including the use of an ML approach and the size and diversity of the training
dataset in terms of age range of the participants and presence of sleep problems. However, some limitations should be considered
when interpreting the results. First, although the age range of the participants is a strength in terms of creating diversity of the
training dataset, it also implies that the data are less likely to be representative for all age categories included. Second, although
the sub-sample with a possible sleep disorder contributed to increase the diversity of the training dataset, they do not represent
a clinical sample with a confirmed diagnosis. While our results indicate that the ML model performed equally well in predicting
sleep/wake periods among the participants with a possible sleep disorder, further investigation is required to evaluate the ML
model performance in a representative sample with confirmed diagnosis of a sleep disorder. Third, TIB was used as surrogate
measure for the period the participants intended to sleep, commonly indicated by “lights off” and “lights on”. Since TIB may
include non-sleep-related activity (eg, reading, texting etc.) our estimates of sleep efficiency could be underestimated.®” Fourth, it
may be hypothesized that other ML models can perform better than the SVM used in the current study. In the initial analysis, we
explored several ML approaches including k-nearest neighbors, random forest, extreme gradient boost, multi-layer perceptron,
and transformer encoder. However, the SVM consistently outperformed the other ML approaches, and we therefore chose to only
present the results for the SVM. Finally, all participants had a single well-defined period of sleep and the inclusion of cyclic time
features and estimated circadian rthythm improved the performance of our ML model. However, the influence of including these
features to predict accelerometry-derived sleep duration among people with less predictable sleep times and/or erratic sleep
patterns is unknown and requires further investigation.

Conclusion

An ML model can predict sleep/wake periods with excellent sensitivity and moderate specificity based on a composite set
of features derived from accelerometry on the thigh and low back, skin temperature recordings and contextual informa-
tion. The training data used to develop and evaluate the ML model is publicly available, and the approach outlined in this

study may be adopted by future studies aiming to assess sleep duration and sleep efficiency based on accelerometry.
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