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Abstract

:

The classification of sleep state in preterm infants, particularly in distinguishing between active sleep (AS) and quiet sleep (QS), has been investigated using cardiorespiratory information such as electrocardiography (ECG) and respiratory signals. However, accurately differentiating between AS and wake remains challenging; therefore, there is a pressing need to include additional information to further enhance the classification performance. To address the challenge, this study explores the effectiveness of incorporating video-based actigraphy analysis alongside cardiorespiratory signals for classifying the sleep states of preterm infants. The study enrolled eight preterm infants, and a total of 91 features were extracted from ECG, respiratory signals, and video-based actigraphy. By employing an extremely randomized trees (ET) algorithm and leave-one-subject-out cross-validation, a kappa score of 0.33 was achieved for the classification of AS, QS, and wake using cardiorespiratory features only. The kappa score significantly improved to 0.39 when incorporating eight video-based actigraphy features. Furthermore, the classification performance of AS and wake also improved, showing a kappa score increase of 0.21. These suggest that combining video-based actigraphy with cardiorespiratory signals can potentially enhance the performance of sleep-state classification in preterm infants. In addition, we highlighted the distinct strengths and limitations of video-based actigraphy and cardiorespiratory data in classifying specific sleep states.
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1. Introduction


Sleep plays a vital role for preterm infants. It has a significant impact on their early neurosensory development [1,2,3,4,5,6,7] and physiological processes [8,9]. During sleep, the brain engages in specific processes, including synaptic pruning and neural network refinement. These processes are indispensable for the formation of memory and long-term memory circuits and for sustaining brain plasticity throughout their lifetime [10,11]. Sleep has profound effects on the developmental physiology of infants as well. As the preterm infant develops towards full term, marked changes in the cardiorespiratory system can be observed between different sleep states [12,13,14] and between sleep and wake [15].



Based on observation of preterm infants’ behaviors, wake and sleep are distinguished, and sleep can be further divided into active sleep (AS), quiet sleep (QS) [16]. In the present paper, sleep states in general mean AS, QS, and wake unless otherwise mentioned. Many studies have shown that fetuses and newborns exhibit spontaneously discrete and cyclic patterns of AS and QS [17]. The physiological difference between AS and QS is significant, making it easier to distinguish between them [18].



The gold standard for monitoring sleep is using polysomnography (PSG), which uses several adhesive electrodes that are attached to the infant’s skin to monitor brain activity, eye movements, muscle tone, and other physiological parameters [19,20,21]. However, PSG is not feasibly available for preterm infants due to their fragile health condition. The application of multiple obtrusive contacts on the body of preterm infants increases the risk of skin infection and will in fact disturb their sleep [22,23,24].



Due to the possibility of being measured using unobtrusive or contactless sensors, cardiorespiratory signals are intensively studied in assessing sleep states, in particular in detecting AS and QS [25]. Electrocardiography- (ECG-) derived heart rate (HR) and heart rate variability (HRV) display different characteristics in each sleep state. During QS, HR decreases, while in AS, it increases, accompanied by changes in HRV’s frequency and time domain characteristics [26,27]. As for respiration, the regularity of respiration rate (BR) and the depth of respiration changed over the sleep states, where the BR shows a more regular pattern in QS [28,29], and the tidal volume of respiration in AS is higher than in QS [30]. Additionally, we also considered cardiorespiratory interaction (CRI), which shows a more regular and stratified clustered pattern during QS in comparison to other states [31]. However, the distinction between AS and Wake is challenging due to certain similarities in their physiological and behavioral characteristics [32].



Video-based monitoring is a contactless method that overcomes the limitation of PSG on sleep research [33,34]. It works, for example, by capturing the subject’s body movement, which has been demonstrated to be highly correlated with the infant’s wake/sleep state. Extensive research into the sleep of adults and term infants has produced promising results by analyzing wrist-worn actigraphy [35]. Given the fact that actigraphy can provide a reasonable validity and reliable way for assessing the development of infants’ sleep, video-based actigraphy (i.e., actigraphy estimated from video) [36] may provide a more unobtrusive and effective way to assess infant sleep.



This study aimed to validate video-based actigraphy for sleep-state classification in preterm infants and assess the potential of combining video-based actigraphy with cardiorespiratory signals to enhance sleep classification performance in this population. To achieve this objective, an extremely randomized trees (ET) classifier was performed with leave-one-subject-out cross-validation on cardiorespiratory signals, video-based actigraphic data, and their combination in each part on infant sleep state assessment.




2. Materials and Methods


2.1. Data and Annotation


This study was approved by the medical ethical committee (Medisch Ethische Toetsingscommissie, METC) of the Máxima Medical Center (MMC) on 23 November 2011 and was conducted in the neonatal intensive care unit (NICU) at MMC in Veldhoven, The Netherlands, in 2012. The parents of the preterm infants signed the informed consent. Eight preterm infants with an average gestational age (GA) of 30.0 ± 2.7 weeks, an average postmenstrual age (PMA) of 32.5 ± 2.8 weeks, and an average birth weight of 1680.8 ± 634.3 g were involved in this study. The anthropometric characteristics of these preterm infants are summarized in Table 1.



Cardiorespiratory signals (ECG and respiratory signals) and videos were recorded simultaneously during the routine regular monitoring. The ECG signal was recorded at 500 Hz and the respiratory signal at 16 Hz by chest impedance electrodes, collected using the regular bedside patient monitor (Philips Monitor Intellivue MX800, Böblingen, Germany). To reduce variability between subjects or recordings, ECG and respiratory signals were normalized (Z-score normalization) to obtain a mean of zero and a standard deviation of one for each recording before feature extraction. Moreover, CRI was constructed based on the timing of the R peak of each heartbeat in the ECG signal and the amplitude of the respiratory signal at that corresponding time stamp [31]. For video recordings, the video resolution and frame rate (measured by the IDS uEye Monochrome camera, Obersulm, Germany) were 736 × 480 pixels and 8 Hz, respectively. The position of the camera was fixed and the entire body of preterm infants with a direction of “foot to head” was in the vision of the camera.



The recordings were annotated into five states based on 30 s non-overlap windows (epochs): AS, QS, Wake, Caretaking, and Unknown (unable to annotate) by an experienced sleep expert based on the ruler of sleep annotation system [16]. Because in our data set, preterm infants were always awake during caretaking periods, generating very similar signal structures, the labels caretaking and wake were merged into the label caretaking + wake (CTW), representing wake in this work [30,37]. The unknown states were excluded from the analysis. This resulted in a total of 39.31 h of data used in this study with an average recording time of 4.91 ± 1.45 h (589 ± 174 epochs) for the 8 preterm infants and the resulting overall distribution of sleep states was AS = 72%, QS = 12% and CTW = 16%.




2.2. Feature Extraction


A total of 91 features were extracted from time, frequency, and non-linear domains from ECG, respiratory signal, CRI, and video data, resulting in 34 features extracted from cardiac signals, 41 features adapted from respiratory activity, 8 features from CRI, and 8 new features from video.



The cardiac features comprise existing HRV features within the specific frequency domain. The frequencies of preterm infants are categorized as very low frequency (VLF), low frequency (LF), and high frequency (HF). Additionally, the spectrum power in the two extended high frequencies, sHF and uHF, were also computed. To account for noise caused by the movement of capacitive electrodes, the Beats per epoch counts the R peaks, while the Line length and mean Line length, along with their standard deviation, were calculated over the length of the ECG time series signal. For capturing regulatory changes reflecting the autonomic nervous system response in preterm infants, the percentage of HR decelerations and the magnitude of HR deceleration were determined. The non-linear sample entropy, sample entropy area under the curve, and quadratic sample entropy were computed to depict the autonomic response in preterm infants. Additionally, the Lempel–Ziv complexity measure quantified the fluctuation of the ECG and its corresponding HRV signals, and more detail can be found in our previous work [37].



The previous work included revising the respiration features by extracting various parameters from the respiratory effort signal. These parameters were influenced by Boe et al. [38]. They included the variance, median, and standard deviation of the respiratory frequency, the logarithm of respiration frequency per minute, the relative change in frequency per second, and the breath-by-breath correlation (mean, standard deviation, and minimum and maximum). The features in the respiratory spectrum, such as respiratory frequency and power, were adapted from Redmond et al. [39]. This involved extracting the logarithm and normalized spectral power in VLF, LF, and HF bands, as well as the VLF-to-HF ratio and the LF-to-HF ratio. Additionally, the total power of the respiration frequency spectrum, the dominant frequency spectrum of respiration, and the logarithm of the spectrum of the dominant frequency power were calculated. Estimating respiratory amplitude features, as suggested by Long et al. [40], involved determining the standardized median of the amplitude of peaks and troughs, the approximate entropy of respiratory peaks and troughs, the median peak-to-trough difference, and the median and standard deviation of the logarithm of the respiratory peak-to-trough ratio. Other features extracted included the median volume and flow rate for a complete breath cycle, inhalation, and exhalation, as well as the ratio between the medians of respiratory time and respiratory rate during the inhalation-to-exhalation flow rate ratio. The average, standard deviation, and delta of the amplitude ratio were also calculated. Furthermore, the measurement of respiratory regularity using sample entropy was revised based on the work of Richman et al. [41].



Several parameters of the visibility graph (VG) network constructed from the CRI time series showed significant differences across preterm infant sleep states [31]. As a result, we gathered 8 features from the CRI signal. We calculated the mean and standard deviation of the degree of both the VG-based CRI network and the differencing VG-based network (DVG). The assortative coefficient (AC) was used to measure the assortative mixing based on degree, representing the skewness of network node connections. We also considered the clustering coefficient (CC) to measure the density of local clusters in the network, resulting in the mean and standard deviation of CC values calculated per epoch. To quantify the regularity of the CRI network, we computed the sample entropy (SE) of network degrees. Furthermore, we extracted features from the degree distribution to examine the statistical properties of the CRI network.



Movement, captured from video, can be used as an indicator for certain sleep states. Motion values were estimated from video frames based on the 3-dimensional recursive search (3DRS) algorithm [42].



Eight motion features were included. Mean motion count (Motionmean) refers to the average motion amplitude within one 30-s epoch. The greater the amplitude, the greater the movement during sleep. Standard deviation motion count (Motionsd) describes the deviation of motion amplitude within one epoch, which measures the stability of movement during sleep. Motionsum is the sum of motion amplitude within one epoch. Motioncount is the number of motion amplitudes larger than zero within one epoch, and an exponentially weighted moving average is applied to smooth the activity count for each epoch. Moreover, to further quantify the distribution of the value of motion count, percentiles P25, P50, P75, and P95 were extracted.



The overview of all the features is in Tables S1–S4 in the Supplementary Materials.




2.3. Feature Preprocessing


The features were preprocessed to enhance their applicability before being fed into the training model. There is a highly imbalanced distribution of sleep states; however, machine-learning algorithms are typically designed for balanced datasets, and an imbalanced dataset can lead to a bias towards the majority class, resulting in poor performance in the minority class [43]. Therefore, it is crucial to address the imbalanced dataset prior to training the model to improve its reliability. The synthetic minority oversampling technique (SMOTE) is a widely used technique that creates synthetic instances in the minority class, improving class balance and mitigating the problems of overfitting and poor generalization [43]. In this study, we applied SMOTE to address the issue of imbalanced datasets. To avoid problems with overfitting and poor generalization, we split the data into training and test sets before applying oversampling techniques. This ensures that the same observations are not present in both sets, preventing the model from simply memorizing specific data points.




2.4. Classification Algorithms


The ET [44] classifier is a tree-based algorithm and was created based on the idea of ensemble learning. It works by constructing a set of decision trees during training and giving the final decision by aggregating the predication from these trees. During the tree-building process, ET constructs trees with different subsets of features and assigns importance scores to features. By utilizing these scores, ET can effectively identify and select the most relevant features, enhancing model performance by reducing noise and dimensionality in the dataset. This classifier is known for its robustness, low variance, and low bias, and is a fast-to-train algorithm with good predictive performance. ET is available in the Python Scikit-learn library [45].



Tree-based classifiers, in particular ET, have shown good performance in preterm infant sleep-state classification [26], which was therefore chosen in this work. Classification was performed on three different feature combinations (i.e., feature sets):




	
The motion features from video-based actigraphy (Motion).



	
The ECG, respiration, and CRI features (ECG-Resp-CRI).



	
The ECG, respiration, CRI, and motion features (ECG-Resp-CRI-Motion).








Feature importance was determined by utilizing the intrinsic characteristics (Gini importance) of ET. Additionally, we classify different paired sleep states (AS vs. QS, QS vs. CTW, AS vs. CTW, and Sleep vs. CTW), aiming to gain deeper insights into the features and the performance in distinguishing between each two sleep states.




2.5. Model Evaluation


Cross-validation is primarily used to evaluate the effectiveness of a machine-learning model on unseen data when the dataset is relatively small. The choice of the cross-validation method depends on several factors, including the sample size, the experimental design, and the research problem. In this study, leave-one-subject-out cross-validation was used due to the limited sample size and to ensure complete separation between the training and test data, ensuring that data were finally tested on a completely new patient, as also would be its use in later clinical practice.



The sleep classification performance was evaluated using commonly used metrics, including accuracy, precision, sensitivity, specificity, and the area under the receiver-operating-characteristic (ROC) curve (AUC). Cohen’s kappa score was also used due to the unbalanced distribution of classes [46] and was selected as the standard to determine the base and meta classifiers. Furthermore, confusion matrices were used to provide a comprehensive visualization of the classification performance. Figure 1 gives an overview of the flowchart for automated sleep classification for this study.





3. Results


Table 2 compares the sleep-state classification performance in preterm infants using different feature sets and ET. A low kappa score (0.26 ± 0.12) was achieved when using only motion features derived from video-based actigraphy, clearly lower than that (kappa = 0.33 ± 0.11) using cardiorespiratory signals. The combination of motion and cardiorespiratory features led to an improved kappa score of 0.39 ± 0.11.



To understand the importance of features in classifying sleep states, Figure 2 shows the top 10 features ranked based on their Gini importance score when using all features, including five respiratory features, one CRI feature, and four motion features.



The classification performance of the ET model on the three feature sets is shown in Table 3. Among the feature sets, ECG-Resp-CRI exhibited the highest sensitivity for AS and QS, as well as precision for CTW. Interestingly, a high sensitivity (0.60) for CTW was achieved using motion features solely, indicating their capability to detect wake (and caretaking) from sleep, which eventually contributed to the classification model when combining them with cardiorespiratory features.



Figure 3 displays the confusion matrices of sleep-state classification with different feature sets. The largest correctly predicted numbers for AS and QS were achieved when using ECG-Resp-CRI features. Moreover, a notable augmentation in CTW detection was observed when incorporating motion features during sleep, increasing the correctly predicted number of CTW from 175 to 298 epochs compared to using ECG-Resp-CRI features alone.



Table 4 presents the binary classification results obtained from ET. Notably, the ECG-Resp-CRI feature set demonstrated a good performance in distinguishing between AS and QS, as well as QS and CTW. However, challenges arose when attempting to differentiate between AS and CTW, as well as Sleep and CTW. We can also see from the table that the motion features clearly outperformed the cardiorespiratory features (ECG-Resp-CRI) in discriminating between CTW and AS, as well as between CTW and Sleep. In general, using all features, the model performed the best, showing a similar kappa value in classifying AS and QS (0.48 ± 0.17), but showed a much better performance in classifying CTW and sleep (including AS and QS) in comparison with only cardiorespiratory features.



To acquire more comprehensive insights into the performance of ET in multi-classification, we analyzed the ROC for each pairwise binary classification based on all the feature sets. The results are shown in Figure 4. It is obvious that the discrimination between QS and CTW exhibited better performance for most patients (AUC = 0.95 ± 0.09, kappa = 0.80 ± 0.25) compared to the others, especially between AS and CTW (AUC = 0.81 ± 0.11, kappa = 0.31 ± 0.17), which was difficult to separate. Nevertheless, relatively large variability between subjects in terms of classification performance can be observed in the figure.




4. Discussion


The study demonstrates the potential advantages of incorporating motion features captured from video into the regularly used cardiorespiratory features for the classification of the sleep states of preterm infants. To achieve this objective, the classification of sleep states using different combinations of features was implemented based on an ET algorithm.



It is particularly important to note that several motion features are highly ranked, indicating their important contribution in boosting the classification intuitively due to their capability to detect wake and caretaking from sleep. In a study that was conducted by Ho et al. [47], which investigated the differences in respiration patterns between extremely preterm infants (GA < 28 wk) and moderate preterm infants (32 ≤ GA < 35 wk) during sleep, it was observed that extremely preterm infants exhibited reduced respiration variability compared to moderate preterm infants. This observation aligns with the feature importance analysis that highlighted the significance of respiration variability. However, due to the limitation of the small sample size in the current study, future studies could investigate more preterm infants with a broader gestational age range to gain further insights into the impact of respiration on sleep states. Notably, the ECG features did not reach the top 10 when only looking at general performance, though while performing detailed analysis on different discriminating tasks in this study, it became clear that they have a role in discriminating between active and quiet sleep, as also observed in other papers [37]. These findings align with the research conducted by Long et al. [48], which established the reliability of respiratory effort and actigraphy as physiological signal modalities for sleep and wake classification in adults. Similarly, Karlen et al. [49] enhanced (wrist-worn) actigraphy-based sleep–wake classification using the respiratory signal. The importance of including motion features resulted in enhancing the model’s sensitivity and precision in identifying AS and CTW, as well as Sleep and CTW. The significance of movement in sleep assessment arises from two main reasons. Firstly, movement offers insights into respiratory patterns, including irregular breathing, which is a frequent concern in preterm infants. Secondly, assessing movement provides a straightforward method for observing sleep–wake patterns. Our study further confirms this efficacy by showing similar outcomes in the classification of Sleep and CTW. This assertion is supported by the research of Ülgen et al. [50], which established actigraphy as a widely used method for measuring sleep–wake patterns. Additionally, we refer to the work of Schmidt et al. [51] and Hyde et al. [52], who concluded that actigraphy is a valid approach for monitoring sleep in infants. The integration of motion features has been proven to be a valuable approach to sleep-state classification. These findings not only support the usefulness of motion features in sleep-state classification [53] but also demonstrate the feasibility and reliability of the motion detection algorithm utilized in our study, which was based on video analysis.



In addition to the effectiveness of motion features, Table 3 also indicates that features reflecting cardiorespiratory information play a crucial role in classifying AS and QS. These findings align with the results in Table 4 and Figure 3b, further confirming the consistent and valuable contribution of cardiorespiratory features in accurately differentiating between these specific sleep states (AS and QS, as well as CTW), where motion features fail to make this distinction. The finding aligns with prior research by Werth et al. [20] and Bourel-Ponchel et al. [54]. Their work demonstrated that AS and QS states exhibit dynamic and dominant changes during cardiorespiratory activity. However, differentiating between Sleep and CTW, in particular between AS and CTW, is challenging using only cardiorespiratory information, which warrants further investigation.



The combination of information from these two feature sets (ECG-Resp-CRI and Motion) enhances the overall effectiveness of the model in accurately classifying sleep states for preterm infants. We observed that there was a high variance in the kappa score between subjects, ranging from 0.14 to 0.51. This could imply that the model was dependent on the subjects used for training, yet it provided us with an idea about how the model might perform in worst-case and best-case scenarios when applied to new data. The limitation of the limited sample size should be addressed in future studies.



To further understand the process of sleep-state classification, we analyzed the ROC for each paired binary classification and observed that most subjects exhibited a better separation, except for subject 7 and subject 8. The ROC curves reflect the challenges in distinguishing between AS and CTW, as well as Sleep and CTW, for subject 7. Similarly, it highlights the difficulty in distinguishing between AS and QS, as well as Sleep and CTW, for subject 8. This result is consistent with our speculation that the model might be dependent on some specific subjects. For subject 7, the reason could be that there is an extremely imbalanced state proportion of CTW and AS, where there are only 5 epochs of CTW and 212 epochs of AS. It is not easy for a classification model that is designed for a balanced class to classify a skewed portion of classes. For subject 8, the bad results were likely due to the poor quality of raw signals, and this speculation was validated when we checked the video data where the illumination seemed insufficient when filming the baby.



This study has several limitations. First, the sample size is limited as mentioned before, with only eight infants included. Second, the study was hindered by a relatively low camera resolution and a dark environment, occasionally with insufficient illumination. Additionally, disturbances such as flashing lights from the patient monitor and shadows from caregivers might cause strong interference in videos. In the future, expanding the sample size to include more subjects and using a higher-resolution camera (or an infrared camera) is anticipated. Importantly, this study’s potential application lies in the integration of video-based respiration, pulse rate, and actigraphy, offering a non-intrusive method for assessing sleep in preterm infants.




5. Conclusions


For the automated sleep classification of preterm infants, we employed an extremely random tree classifier and achieved a fair agreement compared with an expert annotator. Moreover, our results suggest that cardiorespiratory features have limitations when it comes to detecting caretaking and wake from other sleep states and motion features have limitations in differentiating between active sleep and quiet sleep. Combining features from both video-based actigraphy and cardiorespiratory activity has been proven to be beneficial in compensating for each other’s shortcomings and contributes to an improvement in the classification performance. However, to achieve a more reliable and robust classification of sleep states in preterm infants, further investigation and improvement are necessary. Future work is encouraged to collect more data, improve the quality of video recordings, and consider integrating vital signals such as ECG, respiration, and movements all using video-based methods.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/children10111792/s1, Table S1: ECG and HRV features; Table S2: Respiratory features; Table S3: Cardiorespiratory interaction features; Table S4: Motion features.





Author Contributions


Conceptualization, D.Z. and X.L.; methodology, D.Z. and X.L.; formal analysis, D.Z.; data curation D.Z. and Z.P.; writing—original draft preparation, D.Z. and Z.P.; writing—review and editing, D.Z., X.L., Z.P., C.V.P., S.O., W.C., J.D., P.A. and R.M.A.; visualization, D.Z.; supervision, X.L., P.A. and R.M.A.; funding acquisition, D.Z. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the China Scholarship Council (CSC), grant number No. 201806170049.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Due to privacy regulations, data are not available. Data were obtained from the Máxima Medical Center in Veldhoven, The Netherlands.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Dereymaeker, A.; Pillay, K.; Vervisch, J.; De Vos, M.; Van Huffel, S.; Jansen, K.; Naulaers, G. Review of Sleep-EEG in Preterm and Term Neonates. Early Hum. Dev. 2017, 113, 87–103. [Google Scholar] [CrossRef]

	



Kapsi, S.; Katsantoni, S.; Drigas, A. The Role of Sleep and Impact on Brain and Learning. Int. J. Recent Contrib. Eng. Sci. IT 2020, 8, 59. [Google Scholar] [CrossRef]

	



Huang, Q.; Lai, X.; Liao, J.; Tan, Y. Effect of Non-Pharmacological Interventions on Sleep in Preterm Infants in the Neonatal Intensive Care Unit. Medicine 2021, 100, e27587. [Google Scholar] [CrossRef] [PubMed]

	



Uchitel, J.; Vanhatalo, S.; Austin, T. Early Development of Sleep and Brain Functional Connectivity in Term-Born and Preterm Infants. Pediatr. Res. 2022, 91, 771–786. [Google Scholar] [CrossRef]

	



Shellhaas, R.A.; Burns, J.W.; Hassan, F.; Carlson, M.D.; Barks, J.D.; Chervin, R.D. Neonatal Sleep–Wake Analyses Predict 18-Month Neurodevelopmental Outcomes. Sleep 2017, 40, zsx144. [Google Scholar] [CrossRef]

	



Stangenes, K.M.; Fevang, S.K.; Grundt, J.; Donkor, H.M.; Markestad, T.; Hysing, M.; Elgen, I.B.; Bjorvatn, B. Children Born Extremely Preterm Had Different Sleeping Habits at 11 Years of Age and More Childhood Sleep Problems than Term-born Children. Acta Paediatr. 2017, 106, 1966–1972. [Google Scholar] [CrossRef]

	



Yiallourou, S.R.; Wallace, E.M.; Whatley, C.; Odoi, A.; Hollis, S.; Weichard, A.J.; Muthusamy, J.S.; Varma, S.; Cameron, J.; Narayan, O.; et al. Sleep: A Window Into Autonomic Control in Children Born Preterm and Growth Restricted. Sleep 2017, 40, zsx048. [Google Scholar] [CrossRef]

	



Shepherd, K.L.; Wong, F.Y.; Odoi, A.; Yeomans, E.; Horne, R.S.C.; Yiallourou, S.R. Prone Sleeping Affects Cardiovascular Control in Preterm Infants in NICU. Pediatr. Res. 2021, 90, 197–204. [Google Scholar] [CrossRef] [PubMed]

	



Lee, J.; Parikka, V.; Lehtonen, L.; Soukka, H. Parent–Infant Skin-to-Skin Contact Reduces the Electrical Activity of the Diaphragm and Stabilizes Respiratory Function in Preterm Infants. Pediatr. Res. 2022, 91, 1163–1167. [Google Scholar] [CrossRef]

	



Vandormael, C.; Schoenhals, L.; Hüppi, P.S.; Filippa, M.; Borradori Tolsa, C. Language in Preterm Born Children: Atypical Development and Effects of Early Interventions on Neuroplasticity. Neural Plast. 2019, 2019, 6873270. [Google Scholar] [CrossRef]

	



Feld, G.B.; Born, J. Sculpting Memory during Sleep: Concurrent Consolidation and Forgetting. Curr. Opin. Neurobiol. 2017, 44, 20–27. [Google Scholar] [CrossRef] [PubMed]

	



Shepherd, K.L.; Yiallourou, S.R.; Odoi, A.; Yeomans, E.; Willis, S.; Horne, R.S.C.; Wong, F.Y. When Does Prone Sleeping Improve Cardiorespiratory Status in Preterm Infants in the NICU? Sleep 2020, 43, zsz256. [Google Scholar] [CrossRef] [PubMed]

	



Burtchen, N.; Myers, M.M.; Lucchini, M.; Ordonez Retamar, M.; Rodriguez, D.; Fifer, W.P. Autonomic Signatures of Late Preterm, Early Term, and Full Term Neonates during Early Postnatal Life. Early Hum. Dev. 2019, 137, 104817. [Google Scholar] [CrossRef]

	



Myers, M.M.; Elliott, A.J.; Odendaal, H.J.; Burd, L.; Angal, J.; Groenewald, C.; Nugent, J.D.; Yang, J.S.; Isler, J.R.; Dukes, K.A.; et al. Cardiorespiratory Physiology in the Safe Passage Study: Protocol, Methods and Normative Values in Unexposed Infants. Acta Paediatr. 2017, 106, 1260–1272. [Google Scholar] [CrossRef]

	



Hoffman, S.B.; Govindan, R.B.; Johnston, E.K.; Williams, J.; Schlatterer, S.D.; du Plessis, A.J. Autonomic Markers of Extubation Readiness in Premature Infants. Pediatr. Res. 2023, 93, 911–917. [Google Scholar] [CrossRef] [PubMed]

	



Otte, R.A.; Long, X.; Westerink, J. A Behavioral Approach to Annotating Sleep in Infants: Building on the Classic Framework. Physiol. Rep. 2022, 10, e15178. [Google Scholar] [CrossRef]

	



Gulia, K.K.; Aswathy, B.S.; Kumar, V.M. Developmental Aspects of Sleep. In Pediatric Sleep Medicine; Springer International Publishing: Cham, Switzerland, 2021; pp. 115–122. [Google Scholar] [CrossRef]

	



Georgoulas, A.; Jones, L.; Laudiano-Dray, M.P.; Meek, J.; Fabrizi, L.; Whitehead, K. Sleep–Wake Regulation in Preterm and Term Infants. Sleep 2021, 44, zsaa148. [Google Scholar] [CrossRef]

	



Kwon, S.; Kim, H.; Yeo, W.H. Recent Advances in Wearable Sensors and Portable Electronics for Sleep Monitoring. iScience 2021, 24, 102461. [Google Scholar] [CrossRef]

	



Werth, J.; Atallah, L.; Andriessen, P.; Long, X.; Zwartkruis-Pelgrim, E.; Aarts, R.M. Unobtrusive Sleep State Measurements in Preterm Infants—A Review. Sleep Med. Rev. 2017, 32, 109–122. [Google Scholar] [CrossRef]

	



Kim, J.; Gueye-Ndiaye, S.; Mauer, E.; Modi, V.K.; Perlman, J.; Veler, H. Polysomnography Use in Complex Term and Preterm Infants to Facilitate Evaluation and Management in the Neonatal Intensive Care Unit. J. Clin. Sleep Med. 2021, 17, 1653–1663. [Google Scholar] [CrossRef]

	



Barbeau, D.Y.; Weiss, M.D. Sleep Disturbances in Newborns. Children 2017, 4, 90. [Google Scholar] [CrossRef] [PubMed]

	



Wang, A.; Sunshine, J.E.; Gollakota, S. Contactless Infant Monitoring Using White Noise. In Proceedings of the 25th Annual International Conference on Mobile Computing and Networking, Los Cabos, Mexico, 21–25 October 2019; ACM: New York, NY, USA, 2019; pp. 1–16. [Google Scholar] [CrossRef]

	



Beltrão, G.; Stutz, R.; Hornberger, F.; Martins, W.A.; Tatarinov, D.; Alaee-Kerahroodi, M.; Lindner, U.; Stock, L.; Kaiser, E.; Goedicke-Fritz, S.; et al. Contactless Radar-Based Breathing Monitoring of Premature Infants in the Neonatal Intensive Care Unit. Sci. Rep. 2022, 12, 5150. [Google Scholar] [CrossRef] [PubMed]

	



De Groot, E.R.; Knoop, M.S.; van den Hoogen, A.; Wang, X.; Long, X.; Pillen, S.; Benders, M.; Dudink, J. The Value of Cardiorespiratory Parameters for Sleep State Classification in Preterm Infants: A Systematic Review. Sleep Med. Rev. 2021, 58, 101462. [Google Scholar] [CrossRef]

	



Sentner, T.; Wang, X.; de Groot, E.R.; van Schaijk, L.; Tataranno, M.L.; Vijlbrief, D.C.; Benders, M.J.N.L.; Bartels, R.; Dudink, J. The Sleep Well Baby Project: An Automated Real-Time Sleep–Wake State Prediction Algorithm in Preterm Infants. Sleep 2022, 45, zsac143. [Google Scholar] [CrossRef] [PubMed]

	



Yee, A.K.; Shetty, M.; Siriwardhana, L.S.; Wong, F.Y.; Walter, L.M.; Horne, R.S.C. Autonomic Cardiovascular Control Is Altered by Intermittent Hypoxia in Preterm Infants. Acta Paediatr. 2023, 112, 2359–2367. [Google Scholar] [CrossRef]

	



Holditch-Davis, D.; Scher, M.; Schwartz, T.; Hudson–Barr, D. Sleeping and Waking State Development in Preterm Infants. Early Hum. Dev. 2004, 80, 43–64. [Google Scholar] [CrossRef]

	



Joseph, V.; Bairam, A.; Carroll, J.L. Control of Breathing During Sleep and Wakefulness in the Fetus, Newborn, and Child. In Pediatric Sleep Medicine; Springer International Publishing: Cham, Switzerland, 2021; pp. 19–31. [Google Scholar] [CrossRef]

	



Hathorn, M.K.S. The Rate and Depth of Breathing in New-Born Infants in Different Sleep States. J. Physiol. 1974, 243, 101–113. [Google Scholar] [CrossRef]

	



Zhang, D.; Long, X.; Xu, L.; Werth, J.; Wijshoff, R.; Aarts, R.M.; Andriessen, P. Characterizing Cardiorespiratory Interaction in Preterm Infants across Sleep States Using Visibility Graph Analysis. J. Appl. Physiol. 2021, 130, 1015–1024. [Google Scholar] [CrossRef]

	



Dijk, D.J.; Landolt, H.P. Sleep Physiology, Circadian Rhythms, Waking Performance and the Development of Sleep-Wake Therapeutics. In Sleep-Wake Neurobiology and Pharmacology; Springer: Berlin/Heidelberg, Germany, 2019; pp. 441–481. [Google Scholar] [CrossRef]

	



Selvaraju, V.; Spicher, N.; Wang, J.; Ganapathy, N.; Warnecke, J.M.; Leonhardt, S.; Swaminathan, R.; Deserno, T.M. Continuous Monitoring of Vital Signs Using Cameras: A Systematic Review. Sensors 2022, 22, 4097. [Google Scholar] [CrossRef] [PubMed]

	



Park, K.S.; Choi, S.H. Smart Technologies toward Sleep Monitoring at Home. Biomed. Eng. Lett. 2019, 9, 73–85. [Google Scholar] [CrossRef] [PubMed]

	



Pfurtscheller, K.; Müller-Putz, G.R.; Urlesberger, B.; Müller, W.; Pfurtscheller, G. Relationship between Slow-Wave EEG Bursts and Heart Rate Changes in Preterm Infants. Neurosci. Lett. 2005, 385, 126–130. [Google Scholar] [CrossRef] [PubMed]

	



Long, X.; Espina, J.; Otte, R.A.; Wang, W.; Aarts, R.M.; Andriessen, P. Video-based Actigraphy Is an Effective Contact-free Method of Assessing Sleep in Preterm Infants. Acta Paediatr. 2021, 110, 1815–1816. [Google Scholar] [CrossRef] [PubMed]

	



Werth, J.; Serteyn, A.; Andriessen, P.; Aarts, R.M.; Long, X. Automated Preterm Infant Sleep Staging Using Capacitive Electrocardiography. Physiol. Meas. 2019, 40, 055003. [Google Scholar] [CrossRef] [PubMed]

	



Boe, A.J.; McGee Koch, L.L.; O’Brien, M.K.; Shawen, N.; Rogers, J.A.; Lieber, R.L.; Reid, K.J.; Zee, P.C.; Jayaraman, A. Automating Sleep Stage Classification Using Wireless, Wearable Sensors. NPJ Digit. Med. 2019, 2, 131. [Google Scholar] [CrossRef]

	



Redmond, S.J.; de Chazal, P.; O’Brien, C.; Ryan, S.; McNicholas, W.T.; Heneghan, C. Sleep Staging Using Cardiorespiratory Signals. Somnologie-Schlafforschung Schlafmed. 2007, 11, 245–256. [Google Scholar] [CrossRef]

	



Long, X.; Foussier, J.; Fonseca, P.; Haakma, R.; Aarts, R.M. Analyzing Respiratory Effort Amplitude for Automated Sleep Stage Classification. Biomed. Signal Process. Control 2014, 14, 197–205. [Google Scholar] [CrossRef]

	



Richman, J.S.; Moorman, J.R. Physiological Time-Series Analysis Using Approximate Entropy and Sample Entropy. Am. J. Physiol. Heart Circ. Physiol. 2000, 278, H2039–H2049. [Google Scholar] [CrossRef] [PubMed]

	



Wang, Y.K.; Chen, H.Y.; Chen, J.R. Unobtrusive Sleep Monitoring Using Movement Activity by Video Analysis. Electronics 2019, 8, 812. [Google Scholar] [CrossRef]

	



Fernández, A.; García, S.; Galar, M.; Prati, R.C.; Krawczyk, B.; Herrera, F. Learning from Imbalanced Data Sets; Springer International Publishing: Cham, Switzerland, 2018. [Google Scholar] [CrossRef]

	



Geurts, P.; Ernst, D.; Wehenkel, L. Extremely Randomized Trees. Mach. Learn. 2006, 63, 3–42. [Google Scholar] [CrossRef]

	



Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V.; Thirion, B.; Grisel, O.; Blondel, M.; Müller, A.; Nothman, J.; Louppe, G.; et al. Scikit-Learn: Machine Learning in Python. J. Mach. Learn. Res. 2011, 12, 2825–2830. [Google Scholar]

	



Koul, A.; Becchio, C.; Cavallo, A. Cross-Validation Approaches for Replicability in Psychology. Front. Psychol. 2018, 9, 1117. [Google Scholar] [CrossRef] [PubMed]

	



Ho, J.J.; Subramaniam, P.; Davis, P.G. Continuous Distending Pressure for Respiratory Distress in Preterm Infants. Cochrane Database Syst. Rev. 2015, 7, CD002271. [Google Scholar] [CrossRef]

	



Long, X.; Fonseca, P.; Foussier, J.; Haakma, R.; Aarts, R.M. Sleep and Wake Classification With Actigraphy and Respiratory Effort Using Dynamic Warping. IEEE J. Biomed. Health Inform. 2014, 18, 1272–1284. [Google Scholar] [CrossRef]

	



Karlen, W.; Mattiussi, C.; Floreano, D. Improving Actigraph Sleep/Wake Classification with Cardio-Respiratory Signals. In Proceedings of the 2008 30th Annual International Conference of the IEEE Engineering in Medicine and Biology Society, Vancouver, BC, Canada, 20–25 August 2008; IEEE: Piscataway, NJ, USA, 2008; pp. 5262–5265. [Google Scholar] [CrossRef]

	



Ülgen, Ö.; Barış, H.E.; Aşkan, Ö.Ö.; Akdere, S.K.; Ilgın, C.; Özdemir, H.; Bekiroğlu, N.; Gücüyener, K.; Özek, E.; Boran, P. Sleep Assessment in Preterm Infants: Use of Actigraphy and AEEG. Sleep Med. 2023, 101, 260–268. [Google Scholar] [CrossRef] [PubMed]

	



Schmidt, F.; Kalil Neto, F.; Radaelli, G.; Nunes, M.L. Effects of Non-Invasive Respiratory Support on Sleep in Preterm Infants Evaluated by Actigraphy. Sleep Sci. 2021, 14, 72–76. [Google Scholar] [CrossRef] [PubMed]

	



Hyde, M.; O’driscoll, D.M.; Binette, S.; Galang, C.; Tan, S.K.; Verginis, N.; Davey, M.J.; Horne, R.S.C. Validation of Actigraphy for Determining Sleep and Wake in Children with Sleep Disordered Breathing. J. Sleep Res. 2007, 16, 213–216. [Google Scholar] [CrossRef]

	



Sadeh, A.; Acebo, C.; Seifer, R.; Aytur, S.; Carskadon, M.A. Activity-Based Assessment of Sleep-Wake Patterns during the 1st Year of Life. Infant Behav. Dev. 1995, 18, 329–337. [Google Scholar] [CrossRef]

	



Bourel-Ponchel, E.; Hasaerts, D.; Challamel, M.J.; Lamblin, M.D. Behavioral-State Development and Sleep-State Differentiation during Early Ontogenesis. Neurophysiol. Clin. 2021, 51, 89–98. [Google Scholar] [CrossRef]








[image: Children 10 01792 g001] 





Figure 1. Flowchart for automated sleep classification based on different feature sets. CRI: Cardiorespiratory interaction; 3DRS: 3D recursive search (3DRS) motion estimation algorithm. SMOTE: Synthetic minority oversampling technique. ET: Extremely randomized trees. 
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Figure 2. Box plots of the top 10 features in sleep-state classification based on Gini importance across subjects. +: The outliers. Feature names and their description can be found in the Supplementary Material. 
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Figure 3. Confusion matrices in preterm infant sleep-state classification (AS, QS, and CTW) using feature set: (a) Motion; (b) ECG-Resp-CRI; (c) ECG-Resp-CRI-Motion. The aggregated results of all epochs are presented. 
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Figure 4. ROC curves for different binary classifications using all cardiorespiratory and motion features for each subject and for all subjects (epochs pooled over subjects). FPR: False positive rate; TPR: True positive rate. 
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Table 1. The anthropometric characteristics of the included preterm infants.
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Subject

	
Statistics




	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
Mean

	
SD






	
GA (wk)

	
30.4

	
33.8

	
27.4

	
31.7

	
29.3

	
27.0

	
33.3

	
27.4

	
30.0

	
2.7




	
PMA (wk)

	
31.3

	
34.4

	
29.0

	
34.9

	
30.6

	
29.1

	
34.7

	
35.9

	
32.5

	
2.8




	
Weight (g)

	
1606

	
2410

	
1160

	
1845

	
1110

	
755

	
2080

	
2480

	
1680.8

	
634.3








GA: Gestational age; PMA: Postmenstrual age; SD: Standard deviation; wk: Week.













 





Table 2. Multi-classification results (kappa score) using ET based on different feature sets.






Table 2. Multi-classification results (kappa score) using ET based on different feature sets.





	
Subject

	
Kappa Score




	
Motion

	
ECG-Resp-CRI

	
ECG-Resp-CRI-Motion






	
1

	
0.48

	
0.41

	
0.33




	
2

	
0.15

	
0.39

	
0.41




	
3

	
0.30

	
0.21

	
0.45




	
4

	
0.26

	
0.49

	
0.51




	
5

	
0.27

	
0.43

	
0.35




	
6

	
0.13

	
0.29

	
0.44




	
7

	
0.41

	
0.27

	
0.46




	
8

	
0.12

	
0.14

	
0.14




	
Mean

	
0.26

	
0.33

	
0.39




	
SD

	
0.12

	
0.11

	
0.11








ET: Extremely randomized trees.













 





Table 3. Performance comparison using different feature sets in classifying preterm infant sleep states (AS, QS, and CTW) using ET. Results are presented in mean ± SD. The best performance of each metric is marked as bold.
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Performance Metric

	
Feature Set




	
Motion

	
ECG-Resp-CRI

	
ECG-Resp-CRI-Motion






	
Accuracy

	
0.64 ± 0.12

	
0.70 ± 0.13

	
0.72 ± 0.12




	
Kappa

	
0.26 ± 0.12

	
0.33 ± 0.11

	
0.39 ± 0.11




	
Sensitivity AS

	
0.64 ± 0.18

	
0.77 ± 0.15

	
0.74 ± 0.20




	
Precision AS

	
0.82 ± 0.12

	
0.85 ± 0.10

	
0.87 ± 0.11




	
Sensitivity QS

	
0.46 ± 0.30

	
0.74 ± 0.24

	
0.69 ± 0.30




	
Precision QS

	
0.35 ± 0.28

	
0.51 ± 0.16

	
0.53 ± 0.18




	
Sensitivity CTW

	
0.60 ± 0.32

	
0.29 ± 0.28

	
0.51 ± 0.15




	
Precision CTW

	
0.38 ± 0.21

	
0.51 ± 0.41

	
0.40 ± 0.16











 





Table 4. Binary classification results displaying the kappa value for each subject per classification task. Sleep refers to AS + QS.






Table 4. Binary classification results displaying the kappa value for each subject per classification task. Sleep refers to AS + QS.





	
Feature Set

	
Sleep States

	
Subject

	
Statistic




	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
Mean

	
SD






	
Motion

	
AS vs. QS

	
0.32

	
0.29

	
0.01

	
0.30

	
0.37

	
0.07

	
0.34

	
−0.