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Abstract

Cardiorespiratory interaction (CRI) has been intensively studied in adult sleep, yet not in preterm infants, in particular across dif-
ferent sleep states including wake (W), active sleep (AS), and quiet sleep (QS). The aim of this study was to quantify the interac-
tion between cardiac and respiratory activities in different sleep states of preterm infants. The postmenstrual age (PMA) of
preterm infants was also taken into consideration. The CRI during sleep was analyzed using a visibility graph (VG) method, ena-
bling the nonlinear analysis of CRI in a complex network. For each sleep state, parameters quantifying various aspects of the
CRI characteristics from constructed VG network including mean degree (Dm) and its variability (Dsd), clustering coefficient (CCm)
and its variability (CCsd), assortativity coefficient (AC), and complexity (DSE) were extracted from the CRI networks. The interaction
effect of sleep state and PMA was found to be statistically significant on all CRI parameters except for AC and DSE. The main
effect between sleep state and CRI parameters was statistically significant except for CCm, and that between PMA and CRI pa-
rameters was statistically significant except for DSE. In conclusion, the CRI of preterm infants is associated with sleep states and
PMA in general. For preterm infants with a larger PMA, CRI has a more clustered pattern during different sleep states, where QS
shows a more regular, stratified, and stronger CRI than other states. In the future, these parameters can be potentially used to
separate sleep states in preterm infants.

NEW & NOTEWORTHY The interaction between cardiac and respiratory activities is investigated in preterm infant sleep using
an advanced nonlinear method (visibility graph) and some important characteristics are shown to be significantly different across
sleep states, which has not been studied before.

cardiorespiratory interaction; preterm infant sleep; visibility graph

INTRODUCTION

Sleep is the most important activity for infants, during
which the autonomic nervous system (ANS) and func-
tional neuronal connectivity develop (1, 2). For preterm
infants, the sleep states are mainly classified as active
sleep (AS) and quiet sleep (QS) (3). Sleep states are associ-
ated with developmental changes, where the physiologi-
cal system functions differ across sleep states (4–6). Sleep
pattern has been considered as a measure to evaluate the
development of the ANS in terms of brain and cardiac
maturation in preterm infants. For example, as the fre-
quency component in electroencephalography (EEG)
changes over sleep states, monitoring neonatal sleep was
taken as a method to understand infants’ brain activity (7,
8). Besides, several observations show that heart rate
variability (HRV) changes across sleep states (9, 10).
Therefore, examining HRV in neonates during sleep can

provide information on the maturity of the cardiac func-
tion in their early postnatal life (9–11).

Cardiorespiratory activity and interaction has been shown
to correlate with sleep states due to the regulation of the
ANS (12–14). However, there is no universal terminology to
define the cardiorespiratory interaction (CRI). For example,
Dick et al. (15) used cardiorespiratory coupling (CRC) as a
term that illustrates the influences of respiration on heart
rate and blood pressure. Joshi et al. (16) used the same term
cardiorespiratory coupling as well. In that study, CRC
reflects changes in heart rate to respiratory oscillations and
coupling from respiratory oscillations to the heart rate.
Sch€afer et al. (17) defined CRC by cardiorespiratory synchro-
nization in which the heartbeat is synchronized with ventila-
tion. Yasuma and Hayano (18) used respiratory sinus
arrhythmia (RSA), a physiological phenomenon that heart
rate increases during inspiration and decreases during expi-
ration. Coleman (19) used cardioventilatory coupling (CVC),
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which describes a synchronization between the heart beat
and the onset of inspiration. Bartsch et al. (20) used cardior-
espiratory phase synchronization (CRPS) to describe phase
synchronization of heartbeat intervals and respiratory
cycles. Clark et al. (21) described it by a measure of cardiores-
piratory interaction (CRI), which does not distinguish
between CVC and RSA. With the different approaches borne
in mind, we selected the term CRI that was provided by
Clark et al. in our study. In this study, the CRI time series
was constructed by using the position of each heartbeat to
get its respective amplitude of the respiratory signal.
According to the definition of CRI, the RSA, as a part of CRI,
has been observed in both adults and healthy term infants
(5, 22–25). However, for preterm infants, some research
groups found that the RSA is relatively weak (26, 27) and
some even could not find RSA (28, 29). Besides, CVC also has
been investigated in healthy infants, but Mrowka et al. (30)
noted that CVC was infrequently observed at any age, which
means that CVC might be uneasy and unstable to be
detected in preterm infants. Based on these differences, we
believe thatmany aspects (e.g., the nonlinear characteristics)
of CRI have not been studied well.

To this end, a visibility graph (VG) method was employed
in the present study, as was previously proposed to analyze
CRI in adult sleep (12). The VG method constructs a complex
network by mapping a time series into a graph, from which
several measures can be computed, enabling the characteri-
zation of the time series in different aspects, such as perio-
dicity, randomness, and fractalness. For example, a periodic
signal, a random signal, and a fractal signal correspond to a
regular network, a random network, and a scale-free net-
work, respectively (31). A VG is capable of characterizing
both linear and nonlinear properties of a signal and, there-
fore, is a powerful method to analyze CRI in a wider spec-
trum beyond RSA. In the past years, the VG method has
been employed in the characterization of physiological sig-
nals in many applications such as seizure detection with
EEG signals (32, 33), epilepsy diagnosis with electrocorticog-
raphy (34), and spinal cord injury diagnosis (35). However,
no studies, to the authors’ best knowledge, have investigated
the VG features of CRI in preterm infants. This work aims at
quantitatively revealing new characteristics of CRI (using
the VGmethod) in different sleep states in preterm infants.

METHODS

Subjects and Database

Thirteen preterm infants who admitted to the neonatal in-
tensive care unit (NICU) of the Máxima Medical Centre
(MMC), Veldhoven, the Netherlands, were included in this
study. The ethical committee of the MMC approved the
study and the patients’ parents signed an informed consent
for this study. The average gestational age (GA), postmenst-
rual age (PMA), and birth weight of the subjects were
31.0± 2.7wk, 33.1 ± 2.5wk, and 1,751 ± 524g, respectively.

The data in this study include the electrocardiography
(ECG) signal recorded at 500Hz and respiratory signals
recorded at 16Hz by chest impedance electrodes. According
to Prechtl’s sleep scoring system (36), sleep states were anno-
tated on 30-s nonoverlapping windows by a trained

(pediatric) sleep expert based mainly on videos with the as-
sistance of respiratory data. In this dataset, there were a total
of 6,284 epochs (52.37h) annotated (QS: 10.98%, AS: 72.88%,
Wake (W): 4.63%, Caretaking: 9.60% and Unknown: 1.91%).
The Unknown epochs that cannot be precisely annotated (e.
g., due to missing data or technical problems of recording
videos) and Caretaking epochs (due to the nurses’ NICU rou-
tine care) were excluded from the analysis. This led to a total
of 46.34h (5,561 epochs) of data used in this study with an
average recording time of 3.56± 1.66h for the 13 patients.
Table 1 summarizes the distribution of the 30-s sleep state
epochs per infant that were included in this study.
Moreover, to investigate the relationship between CRI and
PMA, we divided these subjects into two PMA groups based
on the age with a threshold of 32wk. Subjects with a PMA
between 32wk and 37wk were in the older group (n = 8), and
the remaining subjects (n = 5) below 32 wk’ PMA were in the
younger group.

Cardiorespiratory Interaction

To remove noise from respiratory signals, a 10th-order
Butterworth band pass filter (0.05–2Hz) was used. After that,
we subtracted baseline in the respiratory signal obtained by
using a median filter with a 1-s window. For ECG signals, a
type II Chebyshev filter (0.5–120Hz) was applied to remove
the baseline wander. From ECG, heartbeats (R peaks) were
located by using an existing QRS detection algorithm (37).
After that, for each 30-s epoch, the respiratory data points
(amplitude values) at the corresponding time locations of all
R peaks were identified, generating the CRI signal. Figure 1
illustrates the CRI signal obtained from a respiratory signal
and the corresponding R-peak sequence. To have a direct
visual comparison of CRI signals in different sleep states, we
show an exemplary CRI signal in each of the three states in
Fig. 2.

VG Analysis

The VG method proposed by Lacasa et al. (31) was
employed to analyze the obtained CRI signal. In general, the
VG method maps a signal into a network graph by analyzing
the amplitudes of the signal. Given a signal yk and the corre-
sponding time stamp tk (k= 1, 2. . . n), two data points (ti,yi)
and (tj,yj) can be connected as nodes through an indirect
edge, if and only if

8k 2 i; jð Þ; yk < yj �
yj � yið Þ
tj � tið Þ tj � tkð Þ; ð1Þ

where ti, tj, and tk denote the location of a point in a time se-
ries, yi, yj, and yk denote the corresponding point value, and

Table 1. Distribution of the 30-s sleep state epochs per
preterm infant included in this study

States (Epochs)

Total EpochsAS QS W Caretaking Unknown

Mean 352 53 22 46 9 483
SD 175 49 52 49 12 223
Range (82–676) (0–146) (0–171) (0–152) (0–28) (108–799)

AS, active sleep; QS, quiet sleep; SD, standard deviation; W,
wake.
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tk is located between ti and tj. By applying this rule to all data
points of a signal, a network graph is constructed. Figure 3 is
an exemplary illustration of the VG network connections of a
signal with eight data points (Fig. 3A) and the corresponding
VG network connections (Fig. 3B). In such a network, the
essential condition for point A connecting to point B is that,
for any point C between A and B, its value should be lower
than the data value on the straight line from A to B at the
time location of C.

Degree d is an essential property of a network and it meas-
ures the “importance” of a node in this network. The defini-
tion of degree is the number of edges attached to a node. For
example, as shown in Fig. 3A, the degree of nodesA, B, and C
is 6, 3, and 3, respectively. Of each epoch, the mean degree
(Dm) and the standard deviation of the degree (Dsd) were con-
sidered in this study. Besides, to understand the regularity
pattern of a network, we assessed whether and to what
extent the degree distribution P(d) follows a power-law
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Figure 1. Example of a cardiorespiratory interaction (CRI) signal of a preterm infant, illustrating how the CRI signal is derived from the respiratory and
electrocardiography (ECG) signals. A: a raw respiratory signal is filtered with a 10th-order Butterworth band pass filter to obtain a filtered respiratory sig-
nal (B). The dots in the filtered respiratory signal are located at the time instants of the R-peaks in the corresponding ECG signal (C). The values of the fil-
tered respiratory signal at the time instants of the corresponding R-peaks constitute the CRI signal (D).
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Figure 2. An illustration of normalized cardiorespiratory interaction (CRI) signals during different sleep states. CRI signals have been normalized by divid-
ing them by their respective standard deviations. A–C: correspond to the CRI signals during active sleep (AS) (CRI: 0.02 ± 0.44), quiet sleep (QS) (CRI:
�0.02 ± 0.18), and wake (W) (CRI:�0.01 ± 0.46), respectively.
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topology such that P(d)�d�k, where the order k indicates the
level of regularity (31, 38), and a higher regularity corre-
sponds to a larger value of k, and vice versa.

The clustering coefficient (CC) measures the density of
local clusters in a network (39). For a given node, the CC is
defined as the intensity (measured by node degree) of all tri-
angular connections around this node (40), such that

CC ¼ Nv

kv kv � 1ð Þ=2 ; ð2Þ

where v represent the vth node, kv is the corresponding
degree, and Nv is the number of links between neighbors of
v. The CC of a node v reflects the possibility that nodes adja-
cent to node v are also adjacent to each other. As an exten-
sion, we define CCm as the average of CC over all nodes,
which measures the cliquishness of a typical fraction and
reflects the quantification of a network integration capacity
(41). A greater CCm value indicates that, in a network, nodes
tend to be “integrated” more in a cluster. Besides, we also
explored the standard deviation of CC values, indicated by
CCsd, where more clustered nodes are expected to have a
lower variability in CC, whereas less clustered nodes are
expected to have a higher variability.

A network is considered assortatively mixed, if nodes with
similar values of a scalar characteristic tend to be connected
together more often than those with different values of that
characteristic. For example, in a network that shows assorta-
tive mixing by degree, the high-degree nodes will be prefera-
bly connected to other high-degree nodes and the same
holds for low-degree nodes too (42). Assortative mixing by
degree can be measured by the assortativity coefficient (AC)
(42), which represents the skewness of node connections.
This measure has been utilized in adult sleep research (12),

seizure pattern analysis (33), and social networks (43). The
computation of AC is expressed by

AC ¼
M�1

X
i
aibi � M�1

X
i
1
2 ai þ bið Þ

h i2

M�1
X

i
1
2 a2i þ b2i

� �2
� M�1

X
i
1
2 ai þ bið Þ

h i2 ; ð3Þ

where M is the total number of edges in a network, and ai
and b i are the degrees of the two nodes that connect the ith
edge. The value of AC is between �1 and 1. An AC greater
than zero means that the network is mixed with assortativ-
ity. An AC equal to zero implies that the network connec-
tions between high- and low-degree nodes are random. An
AC smaller than zero indicates the network is mixed with
disassortativity, i.e., connections exist more likely between
high- and low-degree nodes. To measure the extent of skew-
ness of the node connections in a CRI network, AC was
inspected in this study.

The sample entropy (SE) is a quantification of complexity
and is widely used for assessing the complexity of a biologi-
cal signal (44, 45). Lucchini et al. (46) suggested that SE
describes the preterm infants’ ANS that directly links to
sleep states. Werth et al. (47) used it in preterm infant sleep
research. Here, we explored the SE of a CRI network across
different sleep states. A signal with a lower SE value carries
less information, shows lower complexity and more regu-
larity. A signal with a higher SE value carries more infor-
mation, shows a higher complexity and less regularity.
Here, we investigated the SE of the degree of the nodes
(DSE) in a CRI network. Assume that we have a series of
node degrees with length N = {x1, x2, . . ., xN} at the corre-
sponding time stamp 1, 2, N, then we define a template
vector of length m, such that Xm(i) = {xi, xi þ 1, . . ., xi þ m�1}
and the distance function d[Xm(i), Xm(j)] (i= j), then we
computed as such that

DSE ¼ �logA=B; ð4Þ
where A is the number of template vector pairs having
d[Xm þ 1(i), Xm þ 1(j)] smaller than tolerance r, and B is the
number of template vector pairs having d[Xm(i), Xm(j)]
smaller than r. In this study, we calculated DSE by taking the
value of m to be 2 and tolerance r to be 0.2� std. Where std
stands for standard deviation that be taken over the whole
degree series.

Statistical Analysis

Although the aim of this study was to investigate the asso-
ciation between sleep states and CRI, it is important to con-
sider PMA as a potential confounding factor. Before
statistical analysis, we tested all variables for normality with
the Kolmogorov–Smirnov test and the homogeneity of group
variances with the Levene’s test. Depending on the test
results of normality and homogeneity of variances, the
Scheirer–Ray–Hare test, which is an equivalence of two-way
ANOVA, was performed. Two main effects (i.e., sleep state
and PMA) and the interaction effect between sleep state and
PMA were considered. In addition, Dunn tests were applied
to identify which pairs of sleep states are different, if the
results of the Scheirer–Ray–Hare test were statistically sig-
nificant. Here, P < 0.05 was considered significant and
Bonferroni correction was used to adjust the P value.
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y1 y2 y3 y7 y8y4 y5 y6

t1 t2 t3 t7 t8t4 t5 t6

3 3 3 4 16 3 3
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C

B

Figure 3. Example of a time series with eight data points (A) and the asso-
ciated graph derived using the visibility graph (VG) algorithm (B). In graph
(A), the vertical bars represent a time series. The data values are given by
yi (i = 1, 2, . . ., 8) and are displayed above the plot, and the data positions
are given by ti (i = 1, 2, . . ., 8) and are displayed below the plot. The lines
between the data points define the edges connecting the nodes in graph
(A). Graph (B) shows the degrees of the nodes of graph (A), where the
degree of a node in a network is the number of edges attached to it.
Graph (B) shows that the corresponding nodes in graph (A) have degrees
3, 3, 3, 6, 3, 3, 4, and 1, respectively.
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RESULTS

To show the overall distribution of degrees, we pooled all
the epochs for each sleep state. For clarity, we present our
results following the order that describes the characteristics
of the CRI-VG network in the above. The degree distribution
P(d) of the CRI-VG networks in QS, AS, andW versus degree d
is shown in Fig. 4. We can see in the figure that the distribu-
tion of degree follows a power-law topology for all sleep
states especially for degree larger than 13, and the exponent
k varied across states (QS: k = 3.61, AS: k = 3.46, W: k = 3.10).
The results of the Scheirer–Ray–Hare test are summarized in
Table 2. Besides, Tables 3 and 4 summarize the median and
interquartile range (IQR) results of the parameters (repre-
senting different aspects of CRI characteristics) in the three
sleep states and PMA groups, respectively. Furthermore, Fig.
5 presents the boxplots of the CRI parameters in different
sleep states and PMA groups.

There was a statistically significant interaction effect
between sleep state and PMA on Dm [H(df = 2)=40.402, P <
0.001] as shown in Table 2. The main effect analysis showed
that Dm was statistically significant on both sleep state [H
(df = 2)= 304.272, P < 0.001] and PMA group [H(df = 1) =
24.239, P < 0.001]. Figure 5A illustrates that Dm in the
younger group was slightly larger than in the older group in
case of QS and AS, and that Dm was slightly smaller in the
younger group than in the older group in case of W. In addi-
tion, for Dsd, the main and interaction effects were all found
to be statistically significant, with a slightly larger Dsd value

in the younger group than in the older group in case of QS
and AS, and a slightly smaller Dsd value in the younger group
than in the older group in case ofW (see Fig. 5B).

For network clustering characteristics, the interaction
effect on CCm was also statistically significant [H(df = 2)=
33.291, P < 0.001]. The main effect of PMA exhibited statisti-
cally significant difference [H(df = 1) =140.624, P < 0.001],
but there was no statistically significant difference found in
different sleep states [H(df = 2)=4.372, P = 0.112]. Figure 5C
shows that CCm in the older group was slightly larger than in
the younger group for QS (P < 0.001) and AS (P < 0.001).
However, there was no significant difference between the
two age groups for W (P = 0.14). For CCsd, we found a statisti-
cally significant interaction between sleep state and PMA [H
(df = 2) =73.263, P < 0.001], as well as the independent main
effect from sleep state [H(df = 241.044, P < 0.001)] and PMA
[H(df = 1) =61.428, P < 0.001]. The younger group seemed to
correspond to a smaller CCsd, in case of QS and AS. In case of
W, the younger group seemed to correspond to a larger CCsd.

For AC, there was no statistically significant interaction
effect found between sleep state and PMA [H(df = 2)= 3.996,
P = 0.08]. Therefore, we did not perform further post hoc test
on significance of difference between PMA groups in differ-
ent sleep states, although the boxplots are presented in Fig.
5E. However, statistically significant difference was found
between sleep states [H(df = 2) =107.391, P < 0.001] and
between PMA groups [H (df =1) =42.748, P < 0.001]. Dunn
post hoc test revealed a significant difference between QS
and AS (P < 0.001) and between QS and W (P < 0.001), but
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W

 = 3.61

 = 3.10 Figure 4. Log-log plot of degree distribution P (d) of
cardiorespiratory interaction (CRI) over degree dur-
ing quiet sleep (QS), active sleep (AS), and wake
(W). P(d) and d follow a power-law relationship P(d)
� d�k with k of 3.61 for QS, 3.46 for AS, and 3.10 for
W. The separation between QS, AS, and W can be
observed at degree larger than approximately 13.

Table 2. Results from the Scheirer–Ray–Hare test examining CRI parameters across sleep states and PMA

Sleep State PMA Sleep State:PMA

df H P Value df H P Value df H P Value

Dm 2 304.272 <0.0001 1 24.239 <0.0001 2 40.402 <0.0001
Dsd 2 151.631 <0.0001 1 29.618 <0.0001 2 30.115 <0.0001
CCm 2 4.372 † 1 140.624 <0.0001 2 33.291 <0.0001
CCsd 2 241.044 <0.0001 1 61.428 <0.0001 2 73.263 <0.0001
AC 2 107.391 <0.0001 1 42.748 <0.0001 2 3.996 †
DSE 2 267.333 <0.0001 1 2.604 † 2 2.287 †
AC, assortativity coefficient; CCm, mean clustering coefficient; CCsd, standard deviation of clustering coefficient; CRI, cardiorespiratory

interaction; Dm, mean degree; Dsd, standard deviation of the degree; DSE, sample entropy of the degree of the nodes; df, degree of free-
dom; H, nonparametric Scheirer–Ray–Hare statistic; PMA, postmenstrual age. †There is no significant difference.
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no statistically significant difference between AS and W (P =
0.78).

The interaction effect on DSE was not statistically signifi-
cant [H(df = 2)= 2.287, P = 0.248] as suggested by the results
in Table 2. Similar to AC, post hoc test was not applicable.
Concerning the main effects, only the sleep state effect was
found to be statistically significant [H(df = 2)= 267.333, P <
0.001]. Therefore, Dunn’s post hoc test was performed solely
on verifying the significance of difference between each two
sleep states, where significant differences were found.

DISCUSSION

In this study, CRI during different sleep states was investi-
gated in preterm infants. Based on the VG-method, the CRI
during sleep was quantified by mapping it into a network.
Several parameters were then extracted from the CRI net-
work, which, in general, have been shown to be different for
different sleep states, indicating the existence of CRI in pre-
term infants during sleep and revealing the extent of CRI
through changes in sleep states. In addition, the effect of the
confounding factor PMA was analyzed as well as the interac-
tion effect of sleep state and PMA on these CRI parameters,
which revealed that some characteristics of CRI in different
sleep states depended on PMA.

For P(d) of CRI in preterm infants, Fig. 4 shows that it fol-
lows a power-law relationship for QS, AS, and W. One can
distinguish between different sleep states for d larger than
13. These results show that the CRI signal is a fractal series,
which was supported by the findings by Song et al. (48) who
showed that power-law degree distributions are related to
fractality in a physiological signal network. Based on the
characteristics of fractal series that their network structures
should be similar on all scales, we can speculate that CRI has
similar structure during different sleep states. This might
relate to phase synchronization of heartbeat intervals and re-
spiratory cycles in CRPS (20). This means that VG is a useful
method to reveal the underlying information from the inter-
action between cardiac and respiratory activity. Moreover,
the P(d) in QS was more narrow in comparison with the other
two states (especially for d from 5 to 30) which exhibits that
CRI is more regular during QS than AS. Similar results were
found by Long et al. (12) in adult sleep research. Actually, the
fractal property also exists in respiratory variability and hear
rate variability (HRV). For respiratory variability, the inter-
breath interval shows fractal complexity and appears
degraded with increasing age in adult respiratory research
(49). For HRV, the power-law is considered a quantitative
analysis of the power spectrum in the region of the ultralow
(10�4Hz) and very-low frequency (10�2Hz) bands, and the
fractal scaling exponent reflects fractal-like scaling charac-
teristics of HRV (50). However, that method is unavailable to
measure RSA, as RSA locates in the high-frequency band of
HRV.

The significant effect of sleep state and PMA on Dm and
Dsd suggests that CRI during different sleep states depends
on the age of preterm infants. Moreover, in the older group,
we observed lower values of Dm and Dsd in QS as compared
with AS. This indicates that the CRI network has more con-
nections with a higher variability during AS than during QS.
One explanation is that CRI was stronger during QS than AS.
Similar results can be found in adult sleep research work by
Long et al. (12), which strengthens the validity of our results.
In addition, the values of Dm and Dsd were smaller (i.e., the
CRI was more stable) for the older group than those for the
younger group in QS and AS. An explanationmight be attrib-
uted to the fact that the heart-lung interaction or function is
not well developed in very preterm infants (51) and will
becomemoremature with increased age.

For CCm, although no significant difference was found
between sleep states, the existence of significance of the

Table 3. Median, IQR, and significance analysis of CRI parameters in sleep states

P Value

QS AS W QS vs. AS QS vs. W AS vs. W

Dm 5.013 (4.744–5.605) 5.579 (5.092–6.216) 5.865 (5.372–6.636) <0.001 <0.001 <0.001
Dsd 3.319 (3.035–3.851) 3.647 (3.278–4.205) 3.868 (3.450–4.419) <0.001 <0.001 <0.001
CCm 0.761 (0.744–0.777) 0.762 (0.748–0.776) 0.759 (0.749–0.771) ‡ ‡ ‡
CCsd 0.269 (0.257–0.280) 0.259 (0.244–0.272) 0.250 (0.233–0.262) <0.001 <0.001 <0.001
AC 0.092 (0.048–0.140) 0.063 (0.016–0.110) 0.058 (0.020–0.104) <0.001 <0.001 †
DSE 1.494 (1.300–1.756) 1.758 (1.459–2.104) 1.981 (1.613–2.392) <0.001 <0.001 <0.001

Results are presented as median (25th–75th percentile). Dunn test was applied here to examine the difference between each two states.
AC, assortativity coefficient; AS, active sleep; CCm, mean clustering coefficient; CCsd, standard deviation of clustering coefficient; CRI,
cardiorespiratory interaction; Dm, mean degree; Dsd, standard deviation of the degree; DSE, sample entropy of the degree of the nodes;
IQR, interquartile range; QS, quiet sleep; W, wake. †There is no significant difference. ‡Post hoc test was not applicable (not necessarily
performed) where no significant difference between the three states was found after Scheirer–Ray–Hare test.

Table 4. Median, IQR, and significance analysis of CRI
parameters in PMA groups

P Value

Younger Group Older Group

Younger group vs.

Older group

Dm 5.604 (5.128–6.189) 5.425 (4.962–6.173) <0.0001
Dsd 3.688 (3.285–4.243) 3.565 (3.205–4.105) <0.0001
CCm 0.758 (0.745–0.771) 0.765 (0.751–0.779) <0.0001
CCsd 0.257 (0.244–0.270) 0.263 (0.246–0.275) <0.0001
AC 0.073 (0.021–0.126) 0.061 (0.018–0.121) <0.0001
DSE 1.749 (1.447–2.094) 1.716 (1.421–2.067) ‡
Results are presented as median (25th–75th percentile). Dunn test

was applied here to examine the difference between the two groups.
AC, assortativity coefficient; CCm, mean clustering coefficient; CCsd,
standard deviation of clustering coefficient; CRI, cardiorespiratory
interaction; Dm, mean degree; Dsd, standard deviation of the degree;
DSE, sample entropy of the degree of the nodes; IQR, interquartile
range; PMA, postmenstrual age. ‡Post hoc test was not applicable
(not necessarily performed) where no significant difference
between the PMA groups was found after Scheirer–Ray–Hare test.
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interaction effect of PMA suggests the dependency of the
cluster integration capacity of CRI networks on PMA. The
clustering ability in older group is higher than in the younger
group. According to network theory, hubs (nodes with high
degree) usually exhibit a lower local clustering (with a
smaller clustering coefficient) and therefore a weak network
(52). This indicates that the CRI in preterm infants is stronger
and firmer in older infants than in younger ones. We also
anticipate that the network cluster integration of CRI would
increase along with the increase of age, which is consistent
with the previous finding by Clark et al. (21). Interestingly, as
shown in Fig. 5C, CCm showed significant difference between
the two age groups in QS and AS but not in W. This means
that the significant interaction effect was mainly explained
or contributed by the age difference in QS and AS rather
than in W. Actually, for both age groups, the cardiac (ECG)
and respiratory measurements in W could be interfered by
motion artifacts due to body movements. Furthermore, we
also think the characteristics of CCmight associate with RSA
to some extent. If there exists RSA, the slope of inspiration
has a larger possibility to occur in the constructed CRI time
series, as the heart rate increases during inspiration, resulting
in the inspiratory part of the respiratory signal to be sampled
more densely. Based on the characteristics of CCm, this should
result in local clustering in the CRI network. Combined with
the result of Fig. 5C, we can speculate that there exists slight
RSA in the preterm infants. This result is consistent with the
findings by Patzak et al. (26). As for CCsd, we see in Fig. 5D
that QS corresponded to a larger variability in CC than AS. In
comparison with the younger group, the older group has a
larger CCsd in QS and AS. CCsd shows the amount of variation

in CC, where less variation in CC means a weaker CRI. Those
results depict that CRI expresses stronger in QS than in AS
and stronger in the older group than in the younger group
during QS and AS. These results are consistent with our spec-
ulative conclusion of the analysis of CCm.

The absence of significant interaction between sleep states
and PMA on AC means the assortativity of CRI networks
does not depend on PMA. The value of AC in all the sleep
states varies around zero, but with a larger positive portion
than a negative portion. This indicates that CRI networks
can be disassortative, random, and assortative, but mostly
present some assortativity. Moreover, Fig. 5E depicts that QS
on average shows a larger assortativity than AS. One possible
explanation could be that CRI during QS exhibits a more reg-
ular and stronger pattern than during AS, which is very com-
parable to work performed in adult sleep research (12). The
assortativity in younger group is slightly higher than the
older group. This result is controversial with our anticipa-
tion. The reason is unclear and one possible reason could be
that the assortative networks are more robust (42), which
causes slight differences between younger group and older
group. To prove this speculation, more subjects should be
investigated in the future. Based on analysis on AC, we can
conclude that the CRI networks show a stratified structure
during sleep states. This phenomenon might associate with
RSA, because if there exists RSA, most nodes in the CRI net-
work will correspond to inspiration. Hubs will have a larger
possibility to present the peaks in respiration. The CRI net-
work shows associative mixing most of the time across the
different sleep states; this result might support our assump-
tion here. One disturbance factor to this assumption is that
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Figure 5. The comparison of the cardiorespiratory interaction-visibility graph (CRI-VG) parameters for each postmenstrual age (PMA) group [Younger
(n =5): PMA<32wk; Older (n =8): 32�PMA<37wk] in different sleep states. A–F: present the comparison of Dm, Dsd, CCm, CCsd, AC and DSE in dif-
ferent sleep states, respectively. AC, assortativity coefficient; CCm, mean clustering coefficient; CCsd, standard deviation of clustering coefficient; CRI,
cardiorespiratory interaction; Dm, mean degree; Dsd, standard deviation of the degree; DSE, sample entropy of the degree of the nodes; Dunn test was
applied here to examine the statistical difference between age group in different sleep states. n.s., there is no significant difference; n.a., not applicable
(not necessarily performed). Note that, for better readability, outliers were removed in these plots.
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artifacts caused by motion also have a large possibility to
appear as hubs in the CRI network, but the assortativity of a
network is not sensitive to artifacts. In combination with the
result that there is no significant difference between AS and
W, we can speculate that AC in CRI network is partially
related with RSA.

ForDSE, significant differencewas only found between sleep
states. The complexity of CRI network in W is significantly
larger than in AS, followed by QS. This result could be
explained by CRI being strongest in QS, and the CRI network
to be sensitive to motion artifacts in AS and W. However, this
result was different from the findings in a previous study by
Lucchini et al. (53), where they performed entropy analysis in
cardiorespiratory dynamics and found higher entropy meas-
ures in QS than other sleep states in term infants. This differ-
ence could be due to the decreased parasympathetic and
increased sympathetic activity (54, 55) in preterm infants.
Another possible reason could be that preterm infants have a
less complex heart rate variability than term infants (13).
There is no significant difference in DSE between the age
groups. DSE should be further investigated in a larger data set
frommore (preterm) infants with a wider range of age, to con-
clude on any possible differences.

The conventional methods to analyze CRI are based on
time and frequency domain analyses, where one measures
the magnitude of the fluctuations around the mean in the
CRI time series or in some predetermined frequency
bands. For example, Lucchini et al. (56) explored the cardi-
orespiratory phase synchronization and directionality in
infants by frequency analysis; Scher et al. (57) used the
spectral measures to investigate cardiorespiratory behav-
ior in neonates during sleep. It has a potential limitation
that they need to set a frequency threshold before using
their method. It might miss some useful information in
this case, if the frequency threshold is not selected prop-
erly. Compared with those conventional methods, VG pro-
vides an alternative approach that focuses on the structure
of time series to explore and to quantify the underlying in-
formation. In this study, we only measured several basic
characteristics of the CRI network. We can readily find
that the VG can help us explore clusters in the time series
(by using the clustering coefficient), potential preferential
selection, and stability of the structure in the time-series
(by using the assortativity coefficient), and observe the
potential recurrence patterns in the time series (by investi-
gating the degree distribution). More properties of the CRI
network are still to be explored, such as the distribution of
CCm over the degree, which reveals the modularity of a
network (58). Moreover, compared with those conven-
tional methods, the VG network is more robust, as the VG
focuses on the structure of time series, which means the
VG is not sensitive to the amplitude fluctuation of a time
series. The VG also has limitations though. One limitation
is that it does not distinguish the direction of regulation in
cardiorespiratory interaction. Transfer entropy would be a
method that can show directionality in the regulation (53).
Also, we can explore the CRI network further by using
directed networks which take into consideration the direc-
tion of time series and weight on the edges (59).

Finally, in comparison with traditional measurements,
such as polysomnography (PSG), which measures multi-

channel electrophysiology signals by attaching many
electrodes on the skin of the subject, the cardiorespira-
tory activity can be monitored in an unobtrusive way (60)
with reduced risks of damaging the fragile skin of infants
and disturbing their sleep. Moreover, the respiratory and
ECG signals can be reliably and easily acquired in a non-
contact way, using, e.g., camera (61), radar (62, 63), or a
capacitive mattress (64). Based on our study, we found
that the VG-based CRI characteristics are different across
sleep states. That means these measures may be
employed to distinguish sleep states in preterm infants in
an unobtrusive manner. In the future, we will apply the
CRI network in unobtrusive monitoring of the preterm
infants’ sleep states.

CONCLUSIONS

In summary, the cardiorespiratory interaction in preterm
infants was quantified by the visibility graphmethod, a tech-
nique to analyze the nonlinearity of CRI in a two-dimen-
sional complex network. Our results suggest that the
complexity of the CRI is a highly useful index for sleep state
research in preterm infants. Potentially, quantifying CRI by
a visual network provides a useful method to estimate the
maturation of the autonomic regulatory system and the de-
velopment of the cardiorespiratory activity (like CRPS and
RSA) in preterm infants. Moreover, in the future, CRI net-
works can provide some new characteristics to separate the
sleep states of the preterm infant in unobtrusive preterm
infant sleep research.
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