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Abstract

Obijectives: Sleep issues are common in children with cerebral palsy (CP), although there are
challenges in obtaining objective data about their sleep patterns. Actigraphs measure movement
to quantify sleep but their accuracy in children with CP is unknown. Our goals were to validate
actigraphy for sleep assessment in children with CP and to study their sleep patterns in a cross-
sectional cohort study. Methods: We recruited children with (N = 13) and without (N = 13)

CP aged 2-17 years (mean age 9y 11mo [SD 4 y 10mo] range 4-17 y; 17 males, 9 females;
54% spastic quadriplegic, 23% spastic diplegic, 15% spastic hemiplegic, 8% unclassified CP).
We obtained wrist and forehead actigraphy with concurrent polysomnography for one night, and
home wrist actigraphy for one week. We developed actigraphy algorithms and evaluated their
accuracy (agreement with polysomnography-determined sleep versus wake staging), sensitivity
(sleep detection), and specificity (wake detection).

Results: Our actigraphy algorithms had median 72—-80% accuracy, 87-91% sensitivity, and 60—
71% specificity in children with CP and 86-89% accuracy, 88-92% sensitivity, and 70-75%
specificity in children without CP, with similar accuracies in wrist and forehead locations. Our
algorithms had increased specificity and accuracy compared to existing algorithms, facilitating
detection of sleep disruption. Children with CP showed lower sleep efficiency and duration than
children without CP.
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Conclusions: Actigraphy is a valid tool for sleep assessment in children with CP. Children with
CP have worse sleep efficiency and duration.
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1.

Introduction

Cerebral palsy (CP) is characterized by non-progressive, chronic motor deficits with onset
during early childhood, with an estimated prevalence of 2.11 per 1000 live births [1]. CP
comorbidities such as epilepsy, visual and cognitive impairment, hearing deficits, pain,
dysmotility, and gastroesophageal reflux may contribute to sleep disturbances [2]. Sleep
issues are reported in 23-40% of children with CP in questionnaire-based studies, with high
rates of insomnia and symptoms of sleep-disordered breathing, versus 13-20% of typically
developing children [3-7].Poor sleep in children with CP correlates with problematic
behaviors, decreased cognitive performance, and worse motor functioning [4]. Despite the
high prevalence and negative impact of sleep disorders in CP, there are challenges in
obtaining objective sleep data. Parent report may over-estimate sleep duration and under-
estimate night wakings compared to actigraphy for typically developing children as parents
may be unaware of their children’s wakings that occur during parental sleep, or children
may not disclose or may forget their middle of the night wakings [8]. Parent-reported sleep
information could be even less accurate for children with communication and movement
impairments.

Actigraphy measures movement with non-invasive accelerometers typically worn on
wrists to provide objective information about sleep—wake patterns. Algorithms transform
actigraphy-detected activity data into sleep—wake staging for each epoch (ranging from 10
s to 1 min) of data. [9-11] Research in adults comparing actigraphy to polysomnography
(PSG) demonstrated that actigraphy has a high sensitivity (ability to detect sleep) of 97—
99%, but a low specificity (ability to detect wake) of 34-44% [12]. Similarly in children,
actigraphy has shown a high sensitivity of 82—-90% and relatively low specificity of 51—
73%, with a tendency to overestimate sleep time and underestimate wake after sleep onset
[13]. PSG is the gold standard for sleep—wake detection and assesses for a wide array

of sleep disorders including obstructive sleep apnea, central sleep apnea, hypoventilation,
hypoxemia, and periodic limb movement disorder whereas actigraphy can assess sleep
duration, efficiency, and timing but not other sleep disorders. However, obtaining multiple
night-PSG’s to routinely assess sleep patterns is not feasible due to expense and limited
availability; in comparison, actigraphy is portable, accessible in the home environment,
useable over long periods of time, and requires less equipment and staff training compared
to PSG.

To our knowledge, actigraphy has not been validated for sleep assessment in children with
CP. The abnormal quality of movements in children with CP may reduce the accuracy of
sleep-scoring algorithms. Variation in actigraphy placement on the body may affect results,
especially in patients with movement disorders, and set protocols are not established. In
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patients with Parkinson disease, wrist actigraphy was determined to be valid for sleep
assessment if scoring parameters were adjusted [14], suggesting that actigraphy with
modified algorithms may likewise be valid for sleep assessment in children with CP.

The goals of this study were to develop validated actigraphy analytic methods in children
with CP, and to compare sleep in the home setting between children with and without

CP. Our objectives were to 1) develop an accurate actigraphy sleep scoring algorithm for
children with CP measured against concurrent gold-standard polysomnogram (PSG) staging;
2) determine optimal placement of actigraphs (wrist or forehead) in children with CP; and

3) apply these methods to assess sleep at home in children with and without CP using
actigraphy.

Methods

This cross-sectional cohort study included participants with CP and without CP who
completed one night PSG while wearing wrist and forehead actigraphs, then wore wrist
actigraphs for one week. The study was approved by the Human Research Protection office
at Washington University School of Medicine.

Participants

Participants with CP (“CP group”) and without CP (“control group™) aged 2-17 years
receiving a polysomnogram (PSG) for clinical indications at St. Louis Children’s Hospital
Sleep Center were recruited from January 2014 to July 2015. Children with extremity
weakness were excluded from control group enrollment. Informed consent was provided by
the participants’ parents or legal guardians. Participants aged 14-17 who were cognitively
able signed an assent document. Additional methods are provided in the supplement.

Procedures

Actigraphs (Actical, Philips Respironics Inc., Murrysville PA, USA) were placed on the
dominant wrist and forehead on the night of the polysomnogram. Actigraphs condensed
activity data into 1-min epochs. A PSG with standard channels was performed on a
SomnoStar (version 10.2, CareFusion, Yorba Linda, CA, USA) overnight, scored using
standardized criteria [15] by a registered PSG technologist, and reviewed by a physician
board-certified in sleep medicine. Following the overnight visit, participants were instructed
to wear wrist actigraphs for one week. Caregivers were instructed to keep a sleep log to
track bedtimes and wake times, corresponding to a time stamp button-push on the actigraph.
Parents completed the Children’s Sleep Habits Questionnaire (CSHQ), which assesses for
symptoms of sleep disorders with ratings based on symptom frequency, an abnormality
cut-off of 41, and higher scores being indicative of more disturbed sleep [16]. Actigraphy
data were downloaded from actigraphs using Respironics Actical software, and raw data
were exported for further analysis.
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2.4. Weighted logistic regression (WLR) model

All analyses were performed with custom scripts in MATLAB (version: 2018b,

The MathWorks Inc, Natick, MA), which are available publicly (https://github.com/
xuebing1234/actigraphy) [17]. Sleep—wake staging from PSG was transformed to 1-min
epochs to match with actigraphy data using the following method: if one or both of the two
30-s epochs by PSG were scored as wake, the corresponding 1-min epoch was considered
to be wake. Therefore, for the first night of actigraphy recording, we were able to match
epoch-by-epoch sleep—wake staging by PSG, the gold standard.

Logistic regression was used to estimate the probability of sleep versus wake. Since the
magnitudes of movement are different based on location and group, separate models were
developed for the CP and control groups, and for forehead versus wrist actigraphy data. The
model development process is depicted in Fig. S1. Since PSG data were collected overnight
during the sleep period, the majority of epochs were sleep (82.7% for the control group and
63.5% for the CP group). Given the imbalance in the fraction of wake epochs in the CP

and control groups, as well as a small minority of epochs being wake, a weighting method
was incorporated into the model to improve accuracy and balance sensitivity and specificity
[18,19]. Subsequently, we refer to our overall algorithm as weighted logistic regression
(WLR).

In the personalized WLR (pWLR), a personalized model was “trained” using one
individual’s PSG data, so that the feature coefficients were optimized for that participant’s
unique movement patterns. In the combined WLR (cWLR), the model was trained using
combined data from a group, so that we could identify optimized feature coefficients for
future use in groups with shared characteristics (for example, children with CP) who do not
have concurrent PSG data available.

2.5. Definition of model parameters and performance metrics

Activity count thresholds define the cutoffs for activity counts within an epoch or window
(depending on the method) above which the activity level is determined to be low, medium,
or high. “Activity count” in an epoch is an integration of both amplitude and number

of movements within that epoch. Various algorithms then use the activity level to define
whether sleep or wake stage is assigned to an epoch. Window size is the duration of time
surrounding an epoch that is used for staging that particular epoch. Prior studies have
defined often arbitrary thresholds to categorize low, medium, or high activity levels, as well
as arbitrary window sizes [9,11,20]. We used a data-driven approach employing receiver
operating characteristic (ROC) analyses and comparing area under the receiver operating
curve (AUC) values to assess the effects of varying activity count thresholds and window
sizes on model accuracy (Fig. S2).

2.6. Feature extraction and reduction

We extracted 12 features in our initial WLR algorithm, and reduced to 6 features to simplify
the model for minimal generalization error. A stepwise feature selection method was used to
rank and select the features (Table S1). The selected features were verified using univariate
feature selection (Fig. S3), and both methods yielded the same feature set. The selected
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features are: the ratio of epochs with zero activity counts within the window, standard
deviation of activity count within the window, mean crossing rate (ratio of activity counts
crossing the average activity level of a window), ratio of epochs with high activity counts
(above high activity threshold) within a window, ratio of epochs with low activity accounts
(below medium activity threshold) within a window, and maximum activity count within a
window.

Performance testing

We tested the performance of our final WLR algorithms against two widely-used scoring
algorithms: Cole—Kripke and Sadeh [9,11,20]. The Cole—Kripke and Sadeh algorithms
identify wake from sleep by a weighted summation of activity during the previous epochs,
current epoch, and following epochs. The difference between these two methods is explained
by difference in the weighting of the respective components and the fact that the Sadeh
algorithms employ a nonlinear function, rather than linear, in the computation [9,11,20].

We performed pWLR for each of the 46 actigraphy records, and cWLR for four groups:
forehead actigraphy from the control group (control forehead), forehead actigraphy from the
CP group (CP forehead), wrist actigraphy from the control group (control wrist), and wrist
actigraphy from the CP group (CP wrist).

We determined the specificity, sensitivity, and overall accuracy for our WLR algorithms
calculated against concurrent sleep—wake staging by polysomnogram. Accuracy was
calculated as the percentage of epochs staged in agreement with polysomnography staging.
Sensitivity was defined as the percentage of sleep epochs correctly identified as sleep,

and specificity was defined as the percentage of wake epochs correctly identified as wake.
Sensitivity, specificity, and accuracy are not normally distributed, therefore median with
interquartile range are reported throughout.

2.8. Sleep metrics

Bedtime and waketime were scored based on sleep logs and timestamps (button pushes on
the actigraphs) [21,22]. Time in bed was calculated as time between bedtime and waketime.
To assess sleep at home, pWLR was applied to actigraphy data for all time in bed, excluding
the first night (ie PSG night). Total sleep time (TST), sleep efficiency (SE), sleep onset
latency (SOL) and wake after sleep onset (WASO) were calculated. TST is the sum of all
epochs scored as sleep, and SE is TST divided by time in bed, expressed as a percentage.
SOL is the duration from bedtime and sleep onset (SO), defined as the beginning of the first
consecutive number t of epochs containing no more than 1 min of wake. WASO is the sum
of epochs scored as wake from sleep onset until waketime. Since varying < affects SOL and
WASO, we tested t from 5 to 20.

2.9. Statistical analysis

To assess for normal distribution, histograms were visually inspected and Kolmogorov—
Smirnov tests applied to all continuous variables. Student’s t tests were used to compared
normally-distributed continuous variables between groups, Wilcoxon-signed rank tests for
non-normally-distributed continuous variables within an individual, and chi-squared tests
for dichotomous variables. Statistical analyses were performed using MATLAB (version:
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2018b) and Python. Bland Altman plots depict the correlation between the gold-standard
polysomnogram and actigraphy.

3. Results

3.1. Demographics and overview

Twenty-six participants enrolled in the study, 13 each in the CP and control groups (Table
1). Parents of 5 children with CP and 2 children without CP declined enrollment for reasons
including sensory sensitivity issues or concern about the potential for device loss. All

26 participants completed overnight PSG with concurrent overnight wrist and/or forehead
actigraphy (Fig. S1). We developed novel WLR algorithms to analyze actigraphy data in
children with and without CP using concurrent PSG staging as a gold standard. We used
window sizes of 9 min for the control group and 15 min for the CP group, and activity
thresholds of 60 for high activity and 50 for medium activity.

3.2. Power analysis

We have conducted a power analysis. Given that this is a pilot study, we have chosen a
significance level at 0.05, an effect size (Cohen’s d) at 1.2, and statistical power at 0.80. For
the unpaired t test, the required sample size is 11.942. Since we have 13 subjects in each
group, we have satisfied the required sample size.

3.3. Algorithm performance

We compared the performance of our algorithms against existing algorithms [9,12,20,23,24].
Overall, our methods for all locations and groups showed better accuracy (88%, IQR 76%—
91% for pWLR and 79%, IQR 69%-88% for cWLR) and greatly improved specificity (73%,
IQR 60%-84% for pWLR and 64%, 1QR 39%-87% for cWLR), compared to the Cole—
Kripke method (accuracy 81%, IQR 63%-89% and specificity 9%, IQR 2%-23%) and the
Sadeh method (accuracy 82%, IQR 60%-89% and specificity 16%, IQR 4%-45%), without
sacrificing much on sensitivity (91%, 1QR 87%—-95% for pWLR and 88%, IQR 77%-95%
for cWLR) (Fig. 1, Table 2, Table S2). Additionally, pWLR, in which each individual’s
polysomnography data was used to determine model coefficients, outperformed cWLR in
which the model coefficients were used for a combined group (Fig. 1, Table 2, Table S2).
The ROC curves of both algorithms are plotted (Fig. S4). Model interpretations of pWLR
and cWLR were visualized using Shapley values. Shapley values examine the contributions
of individual components of the model to cause differences between a model’s prediction
and an average baseline (Fig. S5).

Accuracy was higher for all methods in the control group compared to the CP group (Fig. 1,
Table 2, Table S2). We observed minimal differences in accuracy, sensitivity, and specificity
between wrist and forehead locations (Fig. 1, Table 2, Table S2). In dividing our participants
into three age groups (2-5 years, 6-12 years and 13-17 years), we observed only slight
variations among sensitivity, specificity, and accuracy values (Table S3).

Bland-Altman plots demonstrate excellent agreement between polysomnogram staging and
sleep—wake scoring of actigraphy by the pWLR method (Fig. 2). Average differences
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between polysomnogram- and actigraphy-determined sleep variables for pWLR were <3
min for SOL, <7 min for WASO, <1% for SE, and <5 min for TST for both CP and

control groups regardless of placement. In general, wrist placement had better concordance
with polysomnography compared to forehead placement. As the mean WASO increased, the
magnitude of underestimation of WASO by actigraphy increased; indicating that the longer
the WASO, the more actigraphy underestimated WASO.

3.4. Home sleep actigraphy

Finally, we compared home sleep between CP and control groups as measured by wrist
actigraphy, applying pWLR. Among the 26 participants, 6 participants did not return the
actigraph and 4 declined to wear actigraphs at home due to concerns about tolerance of
wearing actigraphy for several days; therefore, a total of 16 participants completed home
sleep actigraphy: 8 in the CP group for a total of 42 nights and 8 in the control group for a
total of 46 nights. We found that the CP group had longer WASO compared to the control
group (181 vs 113 min, p=0.04), resulting in lower decreased TST in the CP group. A
shorter SOL in the CP group attenuated the difference, so the overall difference in TST was
not statistically significant (355 vs 417 min, p=0.18) (Table 1).

3.5. Test for normality

3.6.

We conducted the Kolmogorov—-Smirnov (KS) test for normality and did not reject the
hypothesis that data is normally distributed, and performed paired t tests (Table S5). While
multiple paired t tests could theoretically inflate p-values, this condition does not affect our
conclusion, as our pvalues are smaller in magnitude. For example, using the Bonferroni
correction, given that we have 3 repeated t tests for each measure, the p value to reject the
null hypothesis would be p/3. At 5% confidence level, the correct p* = 0.017. In our Table
S2, most of the pvalues are less than 0.005, so our conclusion remains the same.

Drop-out effects

We have conducted a sensitivity analysis for the drop out effects. To evaluate the model
performance with and without the drop-out participants, we have trained cWLR and pWLR
and measured the area under the curve (ROC) in each case. This analysis revealed that the
effect of drop-out participants to the overall model performance was minimal, and in fact the
elimination of drop-out subjects increased model performance in many cases (Table S6)

4. Discussion

Our study is the first to evaluate the accuracy of actigraphy for sleep assessment in children
with CP. We developed a weighted logistic regression (WLR) based sleep—wake scoring
method for actigraphy data validated against concurrent polysomnography. We found that
actigraphy is a valid tool for assessing sleep in children with CP using these methods,
offering a novel approach to understand sleep in this population. Sleep issues are frequently
reported but difficult to assess in children with CP, and development of instruments is
needed to facilitate the routine investigation of their sleep [25]. Our study demonstrates that
actigraphy provides a meaningful way to understand the sleep patterns of children with CP
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in their home environment. We anticipate that these findings will inform healthcare practice
to improve clinical outcomes and quality of life for children with CP and their caregivers.

The notable improvement in specificity (wake detection) favors our algorithms over existing
algorithms for sleep assessment in children with CP. Their sleep is often disrupted, and
algorithms with low specificity are not well-suited to assess disrupted sleep. Achieving good
specificity is a difficult task in sleep—wake staging by actigraphy and good specificity is an
asset of our algorithms. In addition, our WLR methods have comparable sensitivity (sleep
detection), enhanced accuracy (agreement with PSG for children with and without CP. We
have extended the methodology of the Cole-Kripke and Sadeh algorithms with modern
feature extraction and machine learning strategies into c(WLR; we start with extracting

the statistical features in the sliding window of epochs, followed by feature reduction

using three evaluation metrics (Fig. S3): Shapley values, mutual information measuring

the dependence between two variables, and ranks of importance in sleep scoring. By

doing so, we have reduced feature dimensions for better generalizability and robustness,

as shown in the results section. To further improve the model performance, we have taken
the individual’s different characteristics into the building of scoring algorithms (pWLR),
with the guidance of PSG data. Bland—-Altman plots demonstrated high correlation between
our algorithms and polysomnography, including average differences among all conditions of
<3 min for SOL, < 7 min for WASO, and <1% for SE and <5 min for TST. Our methods

can be applied on a group (using c(WLR) or individual basis (using pWLR or c(WLR), and
pWLR improved accuracy even further.

The best window size for actigraphy analysis was longer for children with CP than without
CP, to facilitate detection of relatively fewer movements. Forehead placement had similar
accuracy as wrist placement and could be considered when wrist placement is impractical.
Head actigraphy has been studied in patients with quadriplegia resulting from spinal cord
lesions and validated against polysomnography in a general sample of adult patients [26,27].
The dominant wrist was chosen because the frequency of nondominant wrists movements
may be insufficient in some children with CP. The dominant and nondominant wrists
provided equally valid results when tested against PSG data in adults and adolescents
without movement disorders [20]. We note that Actical devices are designed for physical
activity estimation rather than sleep—wake measurement, however, these devices were
selected due to their suitability for assessment of non-wrist locations. Acticals are similar

to wrist-worn actigraphs intended for sleep measurement in that they use a piezoelectric
accelerometer to record a digitally integrated measurement of gross motor activity, produce
voltage based on movement, and express activity counts for each epoch [28]. Furthermore,
Actical devices have been validated for sleep assessment compared to PSG, have been
shown to be as reliable for sleep monitoring as wrist-worn actigraphs built to measure sleep,
and are used at some institutions for the purpose of sleep assessment [28,29]. Our algorithms
are not specific for Actical devices and can be applied with other types of actigraphs.

Our study is the first to use algorithms validated for the assessment of home sleep in
children with CP. Prior home actigraphy studies using data reported collectively for children
with neurodevelopmental disorders, including CP, showed relatively prolonged sleep latency
and reduced sleep efficiency [30,31]. We assessed home sleep actigraphy data in children
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with CP distinctly and in comparison to a control group. We found that children with CP had
higher WASO and shorter TST than children without CP, perhaps due the synergistic sleep-
disrupting effects of issues such as pain, obstructive sleep apnea, epilepsy, gastroesophageal
reflux, and medication side effects [2,32,33].

Strengths of our study include validation of actigraphy usage for children with CP

against the gold-standard polysomnography, comparison of our algorithm with established
actigraphy algorithms, and concurrent data collection in a control group of children. When
PSG data is available, pWLR allows personalization to each individual’s unique movement
patterns, a feature that is especially useful for participants with CP. In the absence of
concurrent PSG data, c(WLR can be used to accurately assess sleep in children with or
without CP, using variables and scripts that we have publicly shared. Also, the accuracy

of our algorithms were maintained in both wrist and forehead locations and across young
childhood, middle childhood, and adolescence. Other strengths include collection of sleep
data in the home environment using actigraphy algorithms validated for children with CP.
Due to their relatively high specificity, our algorithms are well-suited for use in children
with CP or others with disrupted sleep, and improve determination of common actigraphy
measures affected by specificity such as wake after WASO, SE, and TST. In addition,

our algorithms provide an option for sleep assessment in typically-developing children.
Actigraphy provides a practical and convenient method of obtaining objective sleep data for
children without significant sensory sensitivities and when cost or access is not a barrier.

Limitations include the small sample size and the possibility of overfitting of the scoring
algorithms, although cross-validation was used to avoid overfitting or selection bias. With
feature selection, we minimized generalization error and observed similar performance
(measured by both AUC and area under precision—recall curve (AUPRC) between training
and testing datasets (Table S4 and Fig. S4 in the appendix). Since the comparison was based
on the average of 5 random shuffles of 5-fold cross validation, this strongly validates the
robustness and consistency of our proposed pWLR and cWLR methods. While the Bland-
Altman plots did not show overall bias, when the CP group and control group are examined
separately, most of the data points from the CP group were above the WASO bias line (and
below the SE bias line) and most of the data points from the control group were below the
bias line (and above the SE bias line). Therefore, the mean biases in WASO and SE may be
greater if only one of these groups were examined. In addition, pWLR algorithms require
access to PSG data, which may not be available. However, in the case of a child with sleep
problems for whom actigraphy data is sought, PSG is often performed to evaluate for sleep
disorders. Concurrent actigraphy could be considered so that response to interventions could
be assessed using pWLR.

Study limitations also include other practical considerations. A “first night” effect has been
described, in which reduced sleep time and sleep efficiency occur during the first night
spent in a sleep lab [34]. However, multiple-night polysomnograms were not feasible in

this study due to resource limitations and are not routine in actigraphy validation studies

or clinical practice [9,11,12,14,28]. Similarly, one week was selected for the duration of
home actigraphy due to resource limitations. An additional limitation is that both the control
group and the group of children with CP consisted of children undergoing polysomnography
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for clinical reasons, since the expense of research-only polysomnograms for actigraphy
validation in children without sleep issues was not feasible for this study. However, this
limitation may provide an advantage in that our control group includes typically developing
children with symptoms of sleep disturbance, another population for whom actigraphy
monitoring may be clinically useful. In our sample 10/13 children with CP and 7/13 children
without CP had OSA diagnosed by PSG; however, OSA did not affect actigraphy accuracy
in prior research validating actigraphy against PSG in children [35]. Also, our study may
not directly comment on the comparison of home sleep efficiency and duration in children
with and without CP who are not pre-selected for sleep issues. Device retention may be
problematic in actigraphy studies, and six participants did not return the device in our study.
While the signal quality was interpretable for all participants who returned the device, it

is possible that those with a higher likelihood of having signal quality issues may have
declined participation or not returned the device. A barrier to any actigraphy research or
clinical application is that actigraphy devices and software can be expensive if not already
available. Also, some children with CP have significant sensory sensitivities and five parents
withheld participation for that reason.

5. Conclusions

In conclusion, we developed novel sleep—wake scoring actigraphy algorithms for children
with and without CP. Our WLR algorithms showed improved performance compared

to existing methods, especially with regard to specificity, and high agreement with
polysomnographically-determined sleep variables. Future directions include implementation
of our algorithms in other actigraphy devices, in a larger sample size of children with or
without CP including children with dyskinetic CP, in individuals with other etiologies of
movement impairment, and incorporating multiple-night polysomnograms to mitigate the
possible first night effect. In general, validation of sleep actigraphy in special populations
of children is an important endeavor and requires further attention [36]. Our algorithms can
help advance understanding of sleep disturbances in children with CP and monitor response
to treatment interventions.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Abbreviations:

AUC area under the receiver operating curve
AUPRC area under precision—recall curve

CP cerebral palsy

CSHQ Children’s Sleep Habits Questionnaire
CWLR combined WLR

PSG polysomnogram

pWLR personalized WLR

ROC receiver operating characteristic

SE sleep efficiency

SO sleep onset latency

TST total sleep time

WASO wake after sleep onset

WLR weighted logistic regression
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Fig. 1.
Performance of weighted logistic regression, Boxplots of a) accuracy, b) sensitivity, and

c) specificity of the Cole—Kripke (CK) algorithm, Sadeh algorithm, combined weighted
logistic regression (c(WLR) algorithm and personalized weighted logistic regression (pWLR)
algorithm are shown. The central horizontal line indicates the median, the box the
interquartile range, and the whiskers the maximum and minimum. Black boxes represent
the cerebral palsy (CP) group and gray boxes represent the control group. F — forehead
actigraphy; W — wrist actigraphy. The p values of Wilcoxon signed rank tests between
forehead and wrist datasets are shown above the boxplots in Fig. 2a. “X” symbols show
three outliers with poor (<50%) accuracy in the CP group using the Cole—Kripke and Sadeh
algorithms. These outliers were able to be “rescued” with pWLR to an average accuracy

of 70% using forehead actigraphy and 78% using wrist actigraphy using the pWLR model,
and 58% using forehead actigraphy and 73% using wrist actigraphy using the c(WLR model.
Although there was a new outlier in pWLR model using forehead actigraphy (black circle),
the specificity is much higher (74%) than with the Cole—Kripke algorithm (0%) and Sadeh
algorithm (0.01%) as illustrated in Fig. 2c.
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Fig. 2.
Bland-Altman plots of weighted logistic regression. Bland—Altman plots of sleep variables

determined by personalized weighted logistic regression (PWLR) using actigraphy and
polysomnography (PSG). Plots for wrist actigraphy are shown on the left, while plots for
forehead actigraphy are shown on the right. In each plot, the horizontal bias line represents
the mean difference between PSG and actigraphy scoring. WASO- wake after sleep onset
(min); SOL-sleep onset latency (min), SE-sleep efficiency (%); TST-total sleep time (min).

Sleep Med. Author manuscript; available in PMC 2022 October 07.



Page 16

Xue et al.

*(u1w) 1asuo deajs Jaye axem = OSWM ‘(uiw) Aousie| 1esuo deals = T10S (%) Aoualoys das)s = 3S ‘alreuuonssnd sigeH das|s s,ualpliyd = OHSD

‘Asied eagatsd = 42 '[as] uesiy “(s1s91 AouliuS—Aol0B0wW |03 AQ passasse Alljewriou) UoNGLIISIP [BWIOU UM SMOJ 10} S1S8)7 pue ‘smoJ |ealiofared 10y sisal patenbs-1yd Buisn paje|nojes alem sanjend

¥0'0 [talett [s/] 18T - (samnuiw) OSvM
250 v2118 [ssl .6 - (sainuiw) 108
LT0 [ot] 02 [oz] 09 - (%) 3
8L°0 [vs] 565 [89] 985 - (sainuiw) pag ut sl
810 [votl 1% [6eT] ose - (samnuiw) swn daajs [eyoL
- o o 88 siyBIu Jo 'ON
- 8 8 9T sjuedionued Jo "oN
awoy Je deas painseaw-A|eaiyde 16110y
¥6°0 (¥s) L (Lot (59) LT (%) N sisouBeip esude daajs aAnoONNSAO
200 [29] 90v [oot] sz¢e [e6] 99¢ (sonuiw) awn dasys fejoL
290 [sel zv [sel se [sel 8e (sanuiw) Aousyej 1esuo das|s
700 [eT] €8 [tel v9 [611€L (%) Aouaroiys deals
82'0 [sv] t6v [es] zts [6v] TOS (sonuiw) pag ut swiry ejoL
200 [29] 90¥ [ooT] G2 [e6] 99¢ (sanuiw) swn daajs [eyoL
So1Is1,9108 feyd deas 1ybiu wre JbouwosAjod
89'0 (0T =N) [etl 8v (tr=N) [Tl 9 (tz=N) [t1] 2 8100 sHqey des|s s,uIPIIYD
(ov) et (€2) 9 (se)6 (%) N afewad

220 (¥S) vT (L2)oe (59) LT (%) N alew XS
ev’'0 A 91—z abues [ow OT A ] owT A 6 A 11— 9bues [ow TT Ayl ow g AQT A 2T abues [ow T Ay] ow TT A 6 (syruow ‘sieak) aby

@®1 payissejoun

(sT)z  o1berdiway dnseds

(e e a1Ba|dip onseds

(¥S) 2 21681dupenb onseds dD 10 uoneayIsse|D
- (09) €T (09) €T 9z (%) N
sonfend [043u0D do v

Author Manuscript

T alqeL

Author Manuscript

Author Manuscript

"sonsLIaloRIeyd edionied

Author Manuscript

Sleep Med. Author manuscript; available in PMC 2022 October 07.



Page 17

“Juawajddns ayy ui papnjoul
‘sanjea d o1y19ads Buiiodas zS ajgel papuedxa Ue 0} Jajal ases|d ‘(A]aandadsal ‘yspes pue ‘adiid—a100 ‘1M Yiim Ajaieledas Ynd aredwod 03 sisal 3 paited Buisn) uosuedwod asimired ayl 10y GO0 > Qm

Xue et al.

"(9% abuea ajnUeNbIBIUI-Y O] ‘9% URIpaW) Ul palioday ‘spoylaw yapes pue ‘adid—a10d ‘Y 1M2 ‘"M Jo) Aloiy1oads pue ‘AliAnisuas ‘Aoeindoy

Author Manuscript

21€€ 401 ‘7T A d01'6 pL87LE 40129 18-TO ¥OI ‘b2 (%) Anouoads
pO0T-86 01 00T 00166 4O1 ‘00T oo o) yioyi'gg  y6-28 401 'T6  (96) AnAnisuss
68-99udI 'y p0OEIUOI €8 ,L8BOUDIBL o o) vy igg  (of) Aomnooy
pesyp o

plO0UOIT  LISEUOIYT g0 o vinii0 oo udI'TL  (96) Aooeds
66-T6udI 26~ pOOIBUOI6 oo o ini 6 Go-guOI'ZE (%) AnAnisuss
pB8OSUOI'BL  ,68-00UOIT08 oo s yioyie) 1622 WOI'BE  (96) AoRINODY
BLM

280°€ (o] 4 2STT t<[e] VA p167LE 401 ‘09 18-TO¥OI T (%) Anouoads
pO0T-86 801 00T ,00T-66 4O1 ‘00T g6 00yt )g oz 401 T6  (96) AnAnisuss
£€871G U0 'TL L1815 H01'89  ,¥8-19 DI ‘2L 06-0L ¥O1'08 (%) Aoeinaoy
dnoJb 4o

plSOUOIT BV EMOIET g0 govinig)  Tg-ToudI'SL  (9) Auoyioeds
00126 01 ‘g6 2P0TIBUOI66 Lo o) vniigs  ao-g3uDI'Z6 (%) Aumisuss
68-9. HOI ‘88 T6-T8 HOI ‘88 06—2L HOI'98  16-G8 HOI'68 (%) Aoeindoy
dnoJb j013u0D

LSy ¥OI ‘9T pECTUOI  ,I8-BEUOI VY o ovioie)  (gp) Mioioads
pO0T-S6 80166 0018680166 o5 /) yoyiigg  Ge-sguOI'TE  (06) AAMISUES
68709 d0I ‘z8 £687€9101 ‘18 ,88-69 HOI ‘6. 160 W1 ‘88 (0) Aowunooy
uepes adiisi9/00 oMo yimd e BAO

¢ dlqeL

Author Manuscript

Author Manuscript

Author Manuscript

Sleep Med. Author manuscript; available in PMC 2022 October 07.



	Abstract
	Introduction
	Methods
	Design
	Participants
	Procedures
	Weighted logistic regression (WLR) model
	Definition of model parameters and performance metrics
	Feature extraction and reduction
	Performance testing
	Sleep metrics
	Statistical analysis

	Results
	Demographics and overview
	Power analysis
	Algorithm performance
	Home sleep actigraphy
	Test for normality
	Drop-out effects

	Discussion
	Conclusions
	References
	Fig. 1.
	Fig. 2.
	Table 1
	Table 2

