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Abstract

Sleep is a central activity in human adults and characterizes most of the newborn infant life.
During sleep, autonomic control acts to modulate heart rate variability (HRV) and respiration.
Mechanisms underlying cardiorespiratory interactions in different sleep states have been studied
but are not yet fully understood. Signal processing approaches have focused on cardiorespiratory
analysis to elucidate this co-regulation. This manuscript proposes to analyze heart rate (HR),
respiratory variability and their interrelationship in newborn infants to characterize
cardiorespiratory interactions in different sleep states (active vs. quiet). We are searching for
indices that could detect regulation alteration or malfunction, potentially leading to infant distress.
We have analyzed inter-beat (RR) interval series and respiration in a population of 151 newborns,
and followed up with 33 at 1 month of age. RR interval series were obtained by recognizing peaks
of the QRS complex in the electrocardiogram (ECG), corresponding to the ventricles
depolarization. Univariate time domain, frequency domain and entropy measures were applied. In
addition, Transfer Entropy was considered as a bivariate approach able to quantify the
bidirectional information flow from one signal (respiration) to another (RR series). Results
confirm the validity of the proposed approach. Overall, HRV is higher in active sleep, while high
frequency (HF) power characterizes more quiet sleep. Entropy analysis provides higher indices for
SampEn and Quadratic Sample entropy (QSE) in quiet sleep. Transfer Entropy values were higher
in quiet sleep and point to a major influence of respiration on the RR series. At 1 month of age,
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time domain parameters show an increase in HR and a decrease in variability. No entropy
differences were found across ages. The parameters employed in this study help to quantify the
potential for infants to adapt their cardiorespiratory responses as they mature. Thus, they could be
useful as early markers of risk for infant cardiorespiratory vulnerabilities.
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1. Introduction

Sleep in humans is characterized by the activation of numerous cortical, subcortical and
medullar neural circuits, which require complex co-ordination during sleep, regulated by
hormonal changes, cardiovascular challenges, circadian variations and other factors [1]. The
autonomic nervous system (ANS) is a central actor in the regulation of sleep physiology,
modulating cardiovascular functions during the onset of sleep and transitions to different
sleep states.

Heart rate variability (HRV) is a non-invasive and reliable measure of autonomic function,
and is ideally suited for probing changes in cardiovascular autonomic control. A vast
literature demonstrates the utility of HRV measurement with several different analytic
approaches across many populations [2]. These approaches are particularly useful in the
assessment of newborn infants who are very immature and for whom standard protocols
designed for adults requiring cooperation are inappropriate. The application of a wide range
of different approaches, such as linear and non-linear methods during different stages of
sleep, has allowed for the direct quantification as well as a better understanding of the
physiological autonomic changes that are sleep state-dependent [3].

In newborns previous studies based on traditional time and frequency domain analysis of
HRV have reported that HR and overall HRV were lowest in quiet sleep. The highest values
were found in the waking state [4]. This has been ascribed to more variable respiratory
patterns and sympathetic predominance in the waking/active state [5].

Entropy measures, such as Approximate or Sample Entropy, for assessing regularity/
complexity in a time series have emerged as powerful tools for HRV analysis, since they
provide entropy estimation indices without making any assumptions about the underlying
structure of the system [6,7]. Interestingly, a decrease in the Sample Entropy value was
reported following a positional change from supine to standing in human adults. This result
was associated with a reduction of vagal influence on the heart paired with sympathetic
activation [8,9]. Thus, almost unexpectedly, a more complex dynamic of the human
sympathovagal balance can emerge in a resting or relatively inactive state. This relationship
between entropy values and the sympathovagal balance is also supported by animal studies
[10,11].
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Similar findings have shown that non Rapid Eye Movement (NREM) sleep, referred to as
quiet sleep in infants, is characterized by an increase in Sample Entropy. Results were less
definitive in Rapid Eye Movement (REM)/active sleep [12-14].

Furthermore, the cardiovascular and respiratory systems are governed by complex mutual
interactions that may require alternate analytic techniques. Such approaches have ranged
from cross-spectral analysis to non-linear methods, e.g., mutual information [15-17],
considering linear and nonlinear relations between HR and respiration signal.

Nonetheless, a limitation of all the aforementioned techniques is that they do not measure
directional relationships, and thus, the features they provide can only partially reveal the
underlying interacting mechanisms responsible for the changes in complexity, especially
when knowledge of the underlying physiology is limited.

Transfer Entropy (TE) was developed to precisely address this issue. Its focus is on tracking
the information flow between two systems. Specifically, TE can enhance the quantification
of the directional coupling between respiration and HR in order to incorporate both
sympathetic and parasympathetic regulatory influences [18]. The main advantages of this
method are that it captures both linear and nonlinear contributions to information flow, and it
can differentiate the directionality of transfer.

This manuscript will present analyses of data collected on a population of 151 newborn
infants. A subset (n= 33) was also followed up at 1 month of age. The study was designed to
first apply traditional methods of signal processing to HR and respiration signals. The
application of non-linear techniques was then employed to provide an additional layer of
analysis to uncover more complex cardiorespiratory interactions. The aim was to combine
information coming from different domains to better understand the physiology underlying
cardiorespiratory regulation during sleep and to show how novel nonlinear methods can
complement traditional approaches.

Furthermore, an enhanced understanding of the cardiorespiratory regulatory mechanisms
during sleep in infants might provide us with better tools to assess risk for abnormal
development of autonomic dysfunction and cardiorespiratory dysregulation.

2. Materials and Methods

2.1. Patients and Data Collection

The analysis presented in this paper is from data acquired on 151 newborns (gestational age
at birth 3840 weeks). Out of these selected infants, 33 came back for a 1 month follow-up.

None of the infants enrolled had been admitted to the Neonatal Intensive Care Unit nor had
any major illness, congenital abnormalities or known genetic disorders. Mothers were at
least 18 years of age and displayed no evidence of major illness or psychiatric disorders
during the pregnancy.

ECG and respiratory activity were recorded non-invasively at a sampling rate of 500 Hz and
200 Hz, respectively, by means of three leads on the chest in standard positions (RA, RL,
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LL, DATAQ Instruments) and by a respiratory inductance belt around the infant abdomen
(Ambulatory Monitoring Inc., Ardsley, NY, USA).

During the acquisition infants were sleeping supine and sleep states were classified into
active sleep (AS) and quiet sleep (QS) by an expert clinician [19].

Segments of 300 consecutive beats in the same sleep state were identified and then analyzed:
the total number of segments was 525 (304 AS, 221 QS) for newborns and 247 (108 AS, 139
QS) for 1-month-old infants. The average length of the 300 beats segments was 148.30

+ 14.01 s for newborns in AS, 151.63 + 12.29 s for newborns in QS, 124.02 + 8.55 s for 1-
month-old infants in AS and 129.87 + 10.04 s 1-month-old infants in QS.

The length of the segments was chosen based on previous studies, which showed that 300
beats was an appropriate number for Transfer Entropy estimation [20]. Moreover, for time
domain and frequency domain measures in adult subjects, the suggested approach is to
employ segments of 5 min [2]. Given that the average HR of infants is double that of adults,
analyses were computed using 300 infant beats.

Study protocols were performed at Columbia University Medical Center, upon mothers’
consent and approval of the Institutional Review Board of the New York State Psychiatric
Institute and of the Columbia University Medical Center.

2.2. Signal Processing

R wave peaks were detected on the ECG with the Pan-Tompkins algorithm [21]. An adaptive
filter was then applied to remove ectopic beats or artifacts, preserving the beat-to beat
sequence.

Respiratory signals were band-pass filtered from 0.05 to 3.5 Hz. Peaks of inspiration/
expiration were identified in order to create the Inter Breath Interval series (IBI).
Afterwards, the respiratory signal was sampled at times synchronous with the R peaks
previously identified, in order to define two simultaneous events.

Time domain parameters proposed in the Task Force of 1995 for RR series analysis were
estimated [2], including mean RR, Standard Deviation of Normal to Normal RR intervals
(SDNN) and Root Mean Square of the Successive Differences (RMSSD).

For the respiratory signal, mean IBI and IBI inter quartile range (IQR) were calculated.

RR series and respiration were both resampled at 5 Hz to assure that the two signals were
synchronous in time. Power Spectral Density (PSD) of RR series was calculated with a
parametric approach based on Auto Regressive (AR) modelling. The AR model order was
fixed at 10. Automatic decomposition of signal power (variance) provided the automatic
quantification of different frequency components, each one identified by the central
frequency and amount of power associated to that specific component.
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In order to partition the total variance into frequency components, Very Low Frequency
(VLF), 0.01-0.04 Hz, Low Frequency (LF), 0.04-0.2 Hz, and High Frequency (HF), 0.35-
1.5 Hz band values were specifically chosen for this population of infants.

Areas under the curve for HF and LF frequency components were calculated and presented
as percentages of the total power, excluding VLF. As the literature confirms, LF and HF
reflect both to sympathetic and parasympathetic influences on ANS control, and their
balance is fundamental for understanding cardiorespiratory regulation processes [22].

A different approach, evaluating the rate of regularity/irregularity of HR, was employed
using estimates of the Sample Entropy (SampEn) index. SampEn, as proposed by Richman
and Moorman [6], was adopted to obtain a measure of RR series complexity. SampEn
computation used parameters values m=1, 2, 3and r= 0.2 x std (of the considered signal).
Another estimator of signal entropy information was calculated: the Quadratic Sample
entropy (QSE) index has been presented by Lake as an improvement of SampEn. [23,24].

The choice of mwas identical to SampEn estimation, while the rparameter changed based
on the minimum numerator count method, which increments rin order to obtain a minimum
number of matches Ato increase the reliability of the estimate. Our calculation considered NV
= 1715, with nequal to the length of the signal (300 samples).

Transfer Entropy—The Transfer Entropy index evaluates the information flow from a
source system X'to a destination system Y, considered as two interacting dynamical
subsystems.

Xn, Ypare the stochastic variables obtained by sampling the stochastic processes, describing
the state visited by the systems Xand Y over time.

Furthermore, Y, -, X are the vector variables representing the entire history of the
processes.
The Transfer Entropy from X'to Y'is defined as:
_ _ p(Yn|Y7,Xf)
TE, .,=)> »(Yp,Y, . X, log—m——"~
=2 S p(YulYn) (1)

From this definition, it emerges that TE can be also expressed as a difference of two
conditional entropies (CE):

TEX%Y:H(Ynlyﬂi)iH(Yn|Ynf’ Xr?) 2

In other words, TE quantifies the information provided by the past of the process X about
the present of the process Y, that is not already provided by the past of Y.

TE parameter is a powerful tool to detect information transfer given that it does not require
any particular model assumption describing the interactions regulating the system dynamics.
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Moreover, it is able to uncover purely non-linear interactions and to deal with a range of
interaction delays.

Nevertheless, the TE method requires the approximation of the infinite-dimension variables
representing the past of the processes. In the following, we will briefly clarify this issue.
More specifically, a reconstruction of the past of the system dynamics is represented by the
processes Xand Y with reference to the present state of the destination process Y. This

allows for the acquirement of a vector V=[ VY, V/-X] containing the most significant past
variables to explain the present of the destination system.

Two approaches can be applied: uniform and non-uniform embedding schemes.

In the first case (uniform), components to be included in the embedding vectors are selected
a priori and separately for each time series. For example, the vector ;- is approximated

using the embedding vector V.Y =[V,,_,... ;o . .. Yi_am)» Where dand mare the
embedding dimension and embedding delay, respectively.

Following this approach, TE estimation consists of two steps: collection of past states of the
process and estimation of entropy, with a chosen estimator. The main limitation in this case
stems from the arbitrariness and potential redundancy of the estimate, which may cause
problems such as overfitting and the detection of false influences. For tests of significance
employed with this approach, please refer to Reference [20].

The alternative strategy is to apply non-uniform embedding. This technique consists of a
progressive selection among the available variables describing the past of the observed
processes X, Y, considered up to a maximum lag, and to identify the most informative
variable for the destination variable Y,

Thus, a criterion for maximum relevance and minimum redundancy is applied for candidate
selection, and the resulting embedding vector V includes only the components of X~ and
Y, ~» Which contribute most to the description of Y7, In this way, no a priori choice of
embedding dimension ¢'is needed. In contrast to the classical embedding dimension
estimation [25], in this application ddimension can range from 1 up to 10 and it is optimized
for each estimation.

Moreover, the variables included into the embedding vector are associated by definition with
a statistically significant contribution to the description of Y. Thus, the statistical
significance of the TE estimated with non-uniform embedding emerges from the selection of
at least one past component of the source process. Otherwise, the estimated TE will be zero
and nonsignificant.

Another crucial aspect of the TE method is the choice of the appropriate method to estimate
the joint probability distribution capable of fully describing the interrelationship between X
and Y; in order to estimate the two conditional entropies needed to obtain the TE value.

The first approach adopts the linear estimator (LIN), assuming that the overall process has a
joint Gaussian distribution. Under this assumption, the two CE terms defining the TE can be
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quantified by means of linear regressions involving variables taken from the embedding
vector, depending on which embedding method is used (all variables or the relevant ones

only).

The second estimator is based on a fixed state space partitioning (BIN), which consists of a
uniform quantization of the time series. Then, entropies are computed by approximating
probability distributions with the frequencies of occurrence of the quantized states.

The third estimator is based on the K-Nearest Neighbor technique (NN), a powerful non-
parametric technique for classification, density and regression estimation. It estimates
entropy terms through a neighbor search in the space defined by all the variables.

A potential problem with uniform and non-uniform embedding procedures relates to the
issue of dimensionality. Adopting the non-uniform embedding could overcome this
potential. As a matter of fact, this method reduces the candidates of significant past states,
preventing the risk of probability density function to assume a constant value.

This non-uniform embedding method was chosen in combination with the nearest neighbor
entropy estimator, since this arrangement was suggested to have high sensitivity and
specificity both for linear and non-linear systems [20].

Previous publications have tested the TE method on simulated data, such as spatiotemporal
systems (tent map or Ulam map) [18], verifying that the method successfully quantified
information flow, with a range of estimation techniques, embedding approaches and segment
lengths [20].

The MUTE toolbox was employed to estimate Transfer Entropy values. A detailed
description of the methods can be found in Montalto et al. [20].

The main steps for TE estimation procedure are summarized in Figure 1.

2.3. Statistical Analysis

After computation of HR and coupling parameters, outlier rejection of parameters was
performed utilizing the Inter-Quantile Range method. TE differences between quiet and
active sleep were tested, separately for each directionality. Normally distributed variables
were tested with an unpaired 7-test (Lilliefors normality test), while non-normal
distributions were tested with a Wilcoxon signed-rank test.

3. Results

Time domain parameters confirmed previous findings, showing significantly higher overall
variability (SDNN) in infants during AS, at both time points. Short term variability
(RMSSD) did not differ by state at the newborn stage nor at the 1-month follow-up.
Respiration was slower and less variable in QS, as expected.

Regarding change in time domain parameters with age, an increase in HR with a
corresponding decrease in variability was observed in both states. Respiration rate, but not
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variability, changed with age, as mean IBI in QS increased with age. Time domain
parameters are presented in Table 1.

Power spectra analyses showed that variance is distributed differently across bands
depending on sleep state, as presented in Table 1. In QS, the percentage of power in the HF
band is significantly higher than in AS, and the percentage of power in the LF band during
QS is lower than during AS in the newborn population.

Regarding the RR series entropy values, both SampEn and QSE shown in Table 1 confirmed
previous findings by our group, with lower values of entropy in QS for all mand at both
ages. None of these values change significantly with age.

At both ages, TE in QS was significantly higher than in AS, both with respect to RESP —
RR and RR —RESP, as shown in Figure 2.

Comparing the two directionalities, there was no clear difference in AS, while in QS RESP
— RR directionality was clearly dominant over RR — RESP, both for newborn and 1-
month-old infants (Table 1).

With respect to the development of TE in the first month of life, as seen in Table 1, the major
differences occur in QS, with an increase in information flow in both directions with age,
while in AS values remain unchanged.

4. Discussion

For healthy full-term newborns, sleep constitutes the predominant state, with active sleep
occurring the most frequently. The autonomic nervous system is modulated by sleep state
dynamics affecting cardiorespiratory patterns. Investigation of the functional organization of
these neurophysiological systems is extremely challenging, due to their intrinsic complexity
and the necessity to employ noninvasive observation only. Fortunately, analysis of HRV,
breathing and their coupling provide an optimal set of noninvasive functional probes of the
behavior of cardiorespiratory systems.

This paper provides a comparison of traditional and novel techniques to characterize
cardiorespiratory behavior during sleep in young infants at birth and at 1 month of age. The
major innovation consists of the application of a parameter called Transfer Entropy to
quantify the information flow between RR series and respiration and vice versa.

Only time domain parameters from this data analysis reveal a change over time, with an
increase of mean HR and a decrease of HRV, while frequency domain and entropy
comparisons were not significant. This could be related to the fact that 1 month of age is a
transitional phase for autonomic balance going from early life to later infancy and
childhood. A temporary peak in HR is often observed, while after the first month HR will
gradually decrease and HRV will increase as vagal regulation matures under normal
conditions [14,26]. Thus, this extremely variable sympathetic-parasympathetic equilibrium
at 1 month of age could explain why measures in the frequency domain and entropies did
not detect a significant change in the first month of life.
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In regard to the comparison between sleep states, time domain parameters indicate an
increase in overall variability in AS (SDNN), while no difference was found in beat-to-beat
variability (RMSSD) both at birth and at 1 month of age. To better identify the sources
responsible for these changes in variability, power spectral estimation showed that RR
variance is distributed differently in HF and LF frequency bands depending on sleep states.
HF has the major contribution in QS. These results combined with time domain parameters
suggest increased parasympathetic activation in QS [2].

SampEn and QSE indices presented higher values in QS, and this further indicates the
predominance of parasympathetic control in QS. This is convergent with other studies which
proposed that a simplification of HR dynamics, and thus a lowering in entropy values, might
follow parasympathetic withdrawal and sympathetic activation [8,9].

Our results also converge with previous results by Pincus et al., who found higher values of
approximated entropy (ApEn) in QS (less regular) with respect to AS [27], and with another
measure of complexity based on Mutual Information, AIF [15]. Additionally, TE results
illustrate that QS is a state in which information flow between HR and respiration is higher
than in AS. Given that SampEn and QSE should provide a measure of complexity of a
signal, higher entropy values in QS could be associated with an increased interaction with
other physiological systems. These findings suggest that cardiorespiratory interactions in QS
transfer more information than in AS in healthy infants, as confirmed by Frasch et al. [15].

In QS, coupling is stronger for both information flow directions. Moreover, the main
direction of the information flow is RESP — RR in QS, while in AS this not evident in both
newborn and 1-month-old infants.

As highlighted in previous work [28], for infants the directionality of cardiorespiratory
reciprocal interaction is not the same as in adults, with phenomena like respiratory sinus
arrhythmia. Nonetheless, our results seem to indicate a difference in directionality balance
based on sleep state. This could be driven by differences in the average breathing frequency.
i.e., when breathing frequency is higher there is less opportunity for the respiration to
dynamically modulate HR. Higher breathing frequency occurs more often in AS, and this
could account for an absence of a dominant directionality.

An age-dependent change in information flow happens only in QS. AS is per se a state of
lower coupling between HR and respiration and this does not dramatically change with age.
Further investigation in older infants is warranted.

From a methodological point of view, entropy measures tend to be influenced by the choice
of the values for parameters r, m, N, as previously reported [29]. In our study, the
consistency of entropy measures can be observed independent of the parameter choice. In
fact, our results were not affected by parameter m. In preliminary studies, we also tested the
same measures on segments with A/equal to 100 and 200 beats and used 3 min epochs, and
obtained comparable results. This strongly suggests that the difference between groups
remains stable.
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One limitation of this study is that the HR and respiration interactions can operate across
multiple time lags. Thus, rates of information production and exchange can vary with the
temporal relationships between signals. This issue can be more fully addressed with
systematic analyses, incorporating TE estimation of interactions over multiple time scales.

In sum, we have provided a quantification of sleep state differences in cardiorespiratory
regulation combining both linear and complexity parameters. In QS, the nervous system
seems to adopt a more complex organization, which might extend to a wide range of
behavioral states in which HR and respiration interact in more complex ways. This would
construct a highly adaptable and flexible system for unpredictable and ever-changing
environments. Information flow between HR and respiration is increased in QS with respect
to AS, indicating that more information is exchanged between the cardiac and the respiratory
systems.

This approach to the quantification of cardiorespiratory interactions affords the potential for
early assessment of infant development of bidirectional control between physiological
systems. Finally, the proposed approach could facilitate early risk assessment for
neurophysiological disorders such as sudden infant death syndrome (SIDS) [30].

Acknowledgments

The writing of this manuscript was supported by the Sackler Institute of Developmental Psychobiology at Columbia
University and by National Institute of Health grants NIH Grants R37 HD32774 (WPF) and T32 MH018264 (NB)
and by Rotary International Global Grant. This publication was also supported by the National Center for
Advancing Translational Sciences, National Institutes of Health, through Grant Number UL1TR001873. The
content is solely the responsibility of the authors and does not necessarily represent the official views of the NIH.

References

1. Saper CB, Scammell TE, Lu J. Hypothalamic Regulation of Sleep and Circadian Rhythms. Nature.
2005; 437:1257-1263. [PubMed: 16251950]

2. Heart Rate Variability. Standards of Measurement Physiological Interpretation and Clinical Use.
Task Force of the European Society of Cardiology the North American Society of Pacing and
Electrophysiology. Circulation. 1996; 93:1043-1065. [PubMed: 8598068]

3. Tobaldini E, Nobili L, Strada S, Casali KR, Braghiroli A, Montano N. Heart Rate Variability in
Normal and Pathological Sleep. Front Physiol. 2013; 4

4. Harper RM, Hoppenbrouwers T, Sterman MB, McGinty DJ, Hodgman J. Polygraphic Studies of
Normal Infants during the First Six Months of Life. |. Heart Rate and Variability as a Function of
State. Pediatr Res. 1976; 10:945-948. [PubMed: 185576]

5. Galland BC, Hayman RM, Taylor BJ, Bolton DPG, Sayers RM, Williams SM. Factors Affecting
Heart Rate Variability and Heart Rate Responses to Tilting in Infants Aged 1 and 3 Months. Pediatr
Res. 2000; 48:360-368. [PubMed: 10960504]

6. Richman JS, Moorman JR. Physiological Time-Series Analysis Using Approximate Entropy and
Sample Entropy. Am J Physiol Heart Circ Physiol. 2000; 278:H2039-H2049. [PubMed: 10843903]

7. Pincus SM. Approximate Entropy as a Measure of System Complexity. Proc Natl Acad Sci USA.
1991; 88:2297-2301. [PubMed: 11607165]

8. Javorka M, Zila I, Balharek T, Javorka K. Heart Rate Recovery after Exercise: Relations to Heart
Rate Variability and Complexity. Braz J Med Biol Res. 2002; 35:991-1000. [PubMed: 12185393]

9. Porta A, Gnecchi-ruscone T, Tobaldini E, Guzzetti S, Furlan R, Montano N. Progressive Decrease of
Heart Period Variability Entropy Based Complexity during Graded Head-up Tilt. J Appl Physiol.
2007; 103:1143-1149. [PubMed: 17569773]

Entropy (Basel). Author manuscript; available in PMC 2017 September 27.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Lucchini et al.

Page 11

10. Batchinsky Al, Cooke WH, Kuusela TA, Jordan BS, Wang JJ, Cancio LC. Sympathetic Nerve
Activity and Heart Rate Variability during Severe Hemorrhagic Shock in Sheep. Auton Neurosci.
2007; 136:43-51. [PubMed: 17482525]

11. Palazzolo JA, Estafanous FG, Murray PA. Entropy Measures of Heart Rate Variation in Conscious
Dogs. Am J Physiol. 1998; 274:H1099-H1105. [PubMed: 9575912]

12. Virtanen |, Ekholm E, Polo-Kantola P, Huikuri H. Sleep Stage Dependent Patterns of Nonlinear
Heart Rate Dynamics in Postmenopausal Women. Auton Neurosci Basic Clin. 2007; 134:74-80.

13. Vigo DE, Dominguez J, Guinjoan SM, Scaramal M, Ruffa E, Solerno J, Siri LN, Cardinali DP.
Nonlinear Analysis of Heart Rate Variability within Independent Frequency Components during
the Sleep-Wake Cycle. Auton Neurosci. 2010; 154:84-88. [PubMed: 19926347]

14. Lucchini M, Fifer WP, Sahni R, Signorini MG. Novel Heart Rate Parameters for the Assessment of
Autonomic Nervous System Function in Premature Infants. Physiol Meas. 2016; 37:1436-1446.
[PubMed: 27480495]

15. Frasch MG, Zwiener U, Hoyer D, Eiselt M. Autonomic Organization of Respirocardial Function in
Healthy Human Neonates in Quiet and Active Sleep. Early Hum Dev. 2007; 83:269-277.
[PubMed: 16938413]

16. Lucchini, M., Fifer, WP., Ferrario, M., Signorini, MG. Feasibility Study for the Assessment of
Cardio Respiratory Coupling in Newborn Infants. Proceedings of the 2016 IEEE 38th Annual
International Conference of Engineering in Medicine and Biology Society (EMBC); Orlando, FL,
USA. 16-20 August 2016; p. 5509-5512.

17. Kluge KA, Harper RM, Schechtman VL, Wilson AJ, Hoffman HJ, Southall DP. Spectral Analysis
Assessment of Respiratory Sinus Arrhythmia in Normal Infants and Infants Who Subsequently
Died of Sudden Infant Death Syndrome. Pediatr Res. 1988; 24:677-682. [PubMed: 3205622]

18. Schreiber T. Measuring Information Transfer. Phys Rev Lett. 2000; 85:461-464. [PubMed:
10991308]

19. Stefanski M, Schulze K, Bateman D, Kairam R, Pedley TA, Masterson J, James LS. A Scoring
System for States of Sleep and Wakefulness in Term and Preterm Infants. Pediatr Res. 1984;
18:58-62. [PubMed: 6701035]

20. Montalto A, Faes L, Marinazzo D. MuTE: A MATLAB Toolbox to Compare Established and
Novel Estimators of the Multivariate Transfer Entropy. PLoS ONE. 2014; 9:¢109462. [PubMed:
25314003]

21. Pan J, Tompkins WJ. A Real-Time QRS Detection Algorithm. IEEE Trans Biomed Eng. 1985;
32:230-236. [PubMed: 3997178]

22. Malliani A, Pagani M, Lombardi F, Cerutti S. Cardiovascular Neural Regulation Explored in the
Frequency Domain. Circulation. 1991; 84:482-492. [PubMed: 1860193]

23. Lake DE. Renyi Entropy Measures of Heart Rate Gaussianity. IEEE Trans Biomed Eng. 2006;
53:21-27. [PubMed: 16402599]

24. Lake DE. Improved Entropy Rate Estimation in Physiological Data. Conf IEEE Eng Med Biol Soc.
2011; 2011:463-1466.

25. Sauer T, Yorke JA, Casdagli M. Embedology. J Stat Phys. 1991; 65:579-616.

26. Myers MM, Elliott AJ, Odendaal HJ, Burd L, Angal J, Groenewald C, Nugent JD, Yang JS, Isler
JR, Dukes KA, et al. Cardiorespiratory Physiology in the Safe Passage Study: Protocol, Methods
and Normative Values in Unexposed Infants. Acta Paediatr. 2017

27. Pincus SM, Cummins TR, Haddad GG. Heart Rate Control in Normal and Aborted-SIDS Infants.
Am J Physiol. 1993; 264:R638-R646. [PubMed: 8457020]

28. Mrowka R, Patzak A, Schubert E, Persson PB. Linear and Non-Linear Properties of Heart Rate in
Postnatal Maturation. Cardiovasc Res. 1996; 31:447-454. [PubMed: 8681332]

29. Chen X, Solomon I, Chon K. Comparison of the Use of Approximate Entropy and Sample
Entropy: Applications to Neural Respiratory Signal. Conf Proc IEEE Eng Med Biol Soc. 2005;
4:4212-4215. [PubMed: 17281163]

30. Garcia AJ, Koschnitzky JE, Ramirez JM. The Physiological Determinants of Sudden Infant Death
Syndrome. Respir Physiol Neurobiol. 2013; 189:288-300. [PubMed: 23735486]

Entropy (Basel). Author manuscript; available in PMC 2017 September 27.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Lucchini et al.

INPUT: 2 signals equally sampled

Choice of the method to reconstruct the past states of the systems

Uniform embedding (UE) Non-uniform embedding (NUE)

Choice of the joint probability density function to estimate Conditional Entropies

LIN: linear estimator
assumes joint Gaussian
distribution

BIN: Based on fixed state NN: Based on K-Nearest
space partitioning Neighbor technique

Verify significance of results

Figurel.
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Scheme of the main steps involved in TE calculation: (1) Selection of the two signals of
interest equally spaced. TE will be calculated evaluating the directionality of signal 1 —
signal 2 and vice versa. (2) Choice of the method to approximate the infinite-dimension past
states of the systems (UE vs. NUE). (3) Choice of Conditional Entropy estimator (LIN vs.

BIN vs. NN) and TE estimation. (4) Verification of TE results significance.
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Boxplot of TE values. In the first row are shown values for newborn infants in active and
quiet sleep with directionality RR — RESP on the left and RESP — RR on the right. In the
second row, the same information is presented for 1-month-old infants.
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