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The dynamic interplay between central and
autonomic nervous system activities plays a
pivotal role in orchestrating sleep. Macrostructural
changes such as sleep-stage transitions or phasic,
brief cortical events elicit fluctuations in neural
outflow to the cardiovascular system, but the causal
relationships between cortical and cardiovascular
activities underpinning the microstructure of
sleep are largely unknown. Here, we investigate
cortical-cardiovascular interactions during the
cyclic alternating pattern (CAP) of non-rapid eye
movement sleep in a diverse set of overnight
polysomnograms. We determine the Granger
causality in both 507 CAP and 507 matched non-
CAP sequences to assess the causal relationships
between electroencephalography (EEG) frequency
bands and respiratory and cardiovascular variables
(heart period, respiratory period, pulse arrival time
and pulse wave amplitude) during CAP. We observe
a significantly stronger influence of delta activity
on vascular variables during CAP sequences where
slow, low-amplitude EEG activation phases (A1)
dominate than during non-CAP sequences. We also
show that rapid, high-amplitude EEG activation
phases (A3) provoke a more pronounced change
in autonomic activity than Al and A2 phases. Our
analysis provides the first evidence on the causal
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interplay between cortical and cardiovascular activities during CAP. Granger causality
analysis may also be useful for probing the level of decoupling in sleep disorders.

This article is part of the theme issue “Advanced computation in cardiovascular physiology:
new challenges and opportunities’.

1. Background

Sleep is a state of reduced consciousness that serves several purposes, including energy
conservation, metabolic brain waste clearance, modulation of immune responses, memory
consolidation and re-consolidation and preservation of mental well-being [1]. During sleep,
the body is kept in homeostasis [2]; cortical and subcortical brain structures display rich
dynamics orchestrating an array of physiological processes that affect the neural outflow to the
cardiovascular system, among other things [3]. External triggers may perturb the cardiovascular
system and, along with interoceptive processes, information may be relayed back to the brain,
forming complex closed-loop control systems [4,5]. Traditionally, sleep is primarily scored by
evaluating electroencephalography (EEG) activity, while chin muscle tone and eye movement
may be added to distinguish rapid eye movement (REM) from non-REM (NREM) sleep [6].
The former is characterized by random rapid movements of the eyes while the latter exhibits
three distinct stages that cover the transitions from high neuronal activity during light sleep to
quiescence during deep sleep [7]. During REM sleep, the sympathetic activity intensifies but
declines again below the level of wakefulness after transitioning to NREM sleep [8,9], causing
hypotension and bradycardia [10]. The close relationship between central nervous system (CNS)
activity and autonomic nervous system (ANS) activity during sleep is also apparent during
phasic, transient events such as arousals or K-complexes [3]. Both heart rate and blood pressure
are easily accessible markers of ANS activity and rise rapidly after the onset of sleep arousal,
which is defined as the rapid shift from slow EEG waves to high frequencies in the o or g
band [4,11]. K-complexes that are defined as synchronized phasic events principally found in the
thalamocortical circuitry [12] demonstrate a biphasic pattern in the cardiac response, highlighting
the association between the CNS and ANS [13].

A more comprehensive approach describing transient, phasic perturbations during sleep is
cyclic alternating pattern (CAP) analysis. CAP consists of periodically recurring arousal-related
phasic events called activation phases (A-phases) that interrupt the slow cortical activity of
NREM sleep. CAP is defined a sequence of at least two consecutive cycles of an A-phase and
the following background period (B-phase) terminated by an A-phase that is considered to be
non-CAP [14]. By definition, A- and B-phases are restricted to intervals of 2-60s. Typical patterns
of A-phases include é bursts, vertex sharp transients, K-complex sequences, K-alpha, polyphasic
bursts, intermittent alpha and arousals [14]. A-phases can be categorized into three subtypes
based on their dominant frequency component and EEG synchrony [15]. Subtype Al represents
high-voltage, slow waves with high EEG synchrony. On the contrary, A3 subtypes display low-
amplitude, fast rhythms with low EEG synchrony [14]. Subtype A2 is defined as a mixture of both
but is often merged with A3 into one subtype (A2 + 3) because of their congruent nature [16].

CAP is an important indicator of NREM sleep instability [17]. CAP combines information on
CNS and ANS activity. CAP sequences represent continuing arousal oscillations [18], including
the activating effect on the ANS such as heart rate and blood pressure [19], whereas non-CAP
periods display sustained stability between the CNS and ANS [20]. Several studies have assessed
the relationship between CAP and cardiovascular dynamics. Ferini-Strambi et al. [21] reported
a significantly increased low-frequency component and significantly decreased high-frequency
component of heart rate variability (HRV) during CAP compared with non-CAP in 10 healthy
subjects. A study by Ferri et al. [22] of six normal children and adolescents supports the findings
of altered sympathovagal balance. In their studies on HRV during CAP in healthy subjects and
patients with nocturnal front lobe epilepsy (NFLE), Dorantes-Mendez et al. [23,24] demonstrated
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Figure 1. Schematic illustration of cortical and cardiovascular coupling investigated during cyclic alternating pattern (CAP)
activation phases (A-phase). EEG, electroencephalography; ECG, electrocardiography; PPG, photoplethysmography; EDR,
electrocardiogram-derived respiration. (Online version in colour.)

a comparable significant shift towards the low-frequency components of HRV with a more
pronounced shift in A3-phases than in Al- and A2-phases. Furthermore, a study on the relation
between EEG changes defined by A-phases and the pulse wave amplitude (PWA) after airway
obstruction in patients with obstructive sleep apnoea demonstrates a significant correlation
between respiratory events combined with A-phases and respiratory events combined with
PWA drops [25]. In summary, these findings indicate significant sympathetic activity alterations
underpinning the microstructure of sleep.

Physiological signals recorded non-invasively during sleep can be easily exploited to capture
the coupling between cortical and autonomic activations. The signal-processing methods used to
quantify these relationships range from multivariate linear and nonlinear techniques to entropy
and information dynamics-based approaches [26]. Most studies investigate either the coupling
between variables of autonomic functions such as HRV and blood pressure [27] or the interactions
between the cortical and autonomic variables such as EEG frequency bands and HRV [28].
Faes et al. [29] used a wide spectrum of methods ranging from Wiener-Granger causality (GC)
analysis to linear and nonlinear models [30] to an information-theoretic approach [31] to reveal
causal interactions between brain-brain and brain-heart nodes during sleep. Novel methods use
nonlinear convergent cross mapping [32] or the maximum information coefficient in combination
with synthetic data generation models [33] to investigate the brain-heart interplay. Recently,
the field of network physiology emerged with the objective of providing new insights into the
dynamic interactions between multiple subsystems of the CNS and ANS [34,35]. This involves
assembling hierarchical organizations for various physiological states based on the network
interactions between brain waves and organs [36].

In this work, we report on causal relationships between cortical events defined by CAP and
autonomic cardiovascular control; see figure 1. We determine brain activity using the energy in
five EEG frequency bands and track autonomic activity changes based on electrocardiogram-
derived respiration (EDR), heart period (HP), pulse arrival time (PAT) and PWA, the last
two being closely related to arterial blood pressure changes. We use GC differences in
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cortical-cardiovascular interactions during CAP sequences with predominantly Al-, A2- or
A3-phases in comparison with non-CAP sequences.

2. Material and methods

(a) Database

We used data from the publicly available CAP Sleep Database on PhysioNet [14,37], which
comprises 108 polysomnographic recordings conducted at the Sleep Disorders Center of the
Ospedale Maggiore of Parma, Italy. Each recording contains at least three EEG channels, two
electromyography channels, respiration signals and one electrocardiogram (ECG). Annotation
files contain the scoring performed by expert neurologists, comprising sleep stages and CAP
events according to the Rechtschaffen & Kales [6] rules and the atlas of CAP scoring [14],
respectively. The dataset consists of recordings of 16 healthy subjects and 92 patients, including 40
subjects with NFLE (nfle), 22 with REM behaviour disorder (rbd), 10 with periodic leg movement
(plm), 9 with insomnia (ins), 5 with narcolepsy (narco), 4 with sleep-disordered breathing (sdb)
and 2 with bruxism (brux).

For our analysis, we selected recordings containing one central EEG channel (C4-Al), one
ECG channel and one photoplethysmography (PPG) channel. The signal quality was reviewed
and recordings with bad signal quality were removed to achieve congruent results. As a result,
55 patients were selected for our analysis (3 healthy, 4ins, 3narco, 28nfle, 7 plm, 10rbd). The
included subjects were 43.3 & 19.5 years old at the time of the recording with 40% being female.
From each recording, we extracted the first three A-phases of each CAP sequence plus the
preceding 30 s and the successive 10s. If the fourth A-phase was located within the subsequent 10
s period, the sequence was removed. Furthermore, if the ECG channel or PPG channel segments
were corrupted because of motion artefacts, the sequence was also removed. For each CAP
sequence, a complementary non-CAP sequence of identical length and in the same sleep stage was
extracted. In total, 507 sequences were extracted: 350 sequences with predominantly Al-phases,
78 sequences with predominantly A2-phases and 79 sequences with predominantly A3-phases.
On average, each subject contributed 9.2 + 5.4 sequences to the analysis. An example of a CAP
sequence is displayed on the left side in figure 2.

(b) Signal processing

For each CAP and non-CAP sequence, we computed the EDR, HP, PAT and PWA using ECG
and PPG. Prior to signal extraction, ECG and PPG were bandpass filtered using a finite impulse
response (FIR) with a filter order of 20 and cut-off frequencies at 5-40Hz and 0.5-20Hz,
respectively. EEG was not pre-processed prior to signal extraction because of the decomposition
in five frequency bands with regards to the energy calculation. Because of missing thoracic or
abdominal signals in the majority of selected subjects, we derived the respiratory waveform
from ECG using the peak-to-trough QRS amplitude [38]. Subsequently, we removed outliers
that were outside the range of mean value £2s.d. in a sliding, non-overlapping 30 s window.
The continuous EDR signal was computed using cubic spline interpolation with an interpolation
interval of 0.25s.

We defined HP as the R-R interval representing the time between two consecutive R peaks. We
used the Pan-Tompkins algorithm for detection of R peaks in the ECG [39]. The timing of each R
peak and the time gap between R peaks were subsequently used to determine the continuous HP
signal using cubic spline interpolation with an interpolation interval of 0.25s.

PAT quantifies the time a pulse wave takes from the heart to reach a distal site, mostly the
fingertip. Commonly, the R peak in the ECG is selected as an approximation of the start, and
the systolic peak in PPG is chosen as the end of the interval [40]. Here, we used the R peak and
the time the PPG reaches two-thirds of the systolic peak as references for the calculation of PAT
because a fiducial mark closer to half of the systolic upstroke is clinically more relevant as it
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Figure 2. Example of a cyclic alternating pattern (CAP) sequence in the electroencephalogram (EEG) of subject pim9 including
two A2-phases and one A3-phase plus the preceding 30 s and the subsequent 10 s (left side). The algorithms to determine
electrocardiogram-derived respiration (EDR), heart period (HP), pulse arrival time (PAT) and pulse wave amplitude (PWA) in
electrocardiography (ECG) and photoplethysmography (PPG) are illustrated on the right-hand side. EDR is determined based on
the QRS amplitude, whereas HP is derived from the R—R interval. PAT (3) is computed as the period from the R peak to two-
thirds (2) of the systolic upstroke (T). PWA is defined as the amplitude difference () between the upper and lower envelope
of the PPG and the subsequently normalized value (5). (Online version in colour.)

portrays the start point of the pulse wave propagation across the artery [41]. A continuous PAT
signal was created by interpolating the discrete values of the time period between each R peak
and its corresponding reference at the PPG waveform using cubic splines and an interpolation
interval of 0.25s.

We defined PWA as the amplitude difference between the systolic peak and its diastolic base
in each pulse wave [42]. The upper envelope representing the systolic peaks was calculated using
peak detection in a time span of 1/16s and cubic spline interpolation with an interpolation
interval of 0.25 s. The same approach was applied to determine the lower envelope. Consequently,
we computed PWA as the difference between the upper and lower envelope and normalized it.

To capture cortical activity, we computed the energy in five EEG frequency bands: § (0.5
4Hz), 0 (4-8Hz), a (8-12Hz), o (12-16 Hz) and B (16-25 Hz). Two-way least-squares FIR filtering
with a filter order of 3* (sample rate/low cut-off frequency) was used to decompose the EEG
into its bands. The band energy for each sequence was defined as the sum of the squared
magnitudes using non-overlapping windows of 0.25s. All autonomic function and EEG variables
were computed using a sample rate of 4 Hz. Furthermore, the autonomic variables were filtered
using a bandpass filter with cut-off frequencies at 0.08 Hz and 0.4 Hz. Figure 2 illustrates the
algorithms used to extract the aforementioned variables.

Moreover, we plotted the 10 s after plus the 5 s before each onset of the first A-phase in each
extracted sequence to analyse the dynamic changes in brain and cardiovascular activity. For each
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variable, we used the average of a 5 s time window before the start of the plot as a reference.
We selected only the first A-phase of each CAP sequence to prevent any long-lasting influence of
preceding A-phases.

(c) Granger causality

The GC was proposed by N. Wiener in 1956 and later formalized by Granger [43]. It is a very
powerful and popular tool to estimate causal relationships and the directions of information
propagation between the time series of a multivariate set. Over the years, GC has been extended
to improve the accuracy of the causality prediction, including information and frequency domain
methods [44]. Time series X; is called the Granger cause to time series X; if the prediction of Xj
significantly improves in case the history of X; is included [45].

Suppose X is a multivariate stochastic process with M scalar time series X, . . ., Xps. Traditional
GC analysis uses a vector autoregressive model (VAR) with a time lag of P

P
X(n)=)Y AKX —k) +€(n), (2.1)
k=1

where X(n) =[X1(n), ..., Xm®)]T contains the discrete samples of each time series at the time
instant n, A(k) are M x M coefficient matrices and e are the residuals. In the first step of GC
calculation, the VAR model in equation (2.1) is fitted to X;, including the history of all time series
in X. The representation of the fitted VAR model with a time lag of P is given by

P
Xj(n) =Y Aj()X(n — k) + €(n), (2.2)
k=1
where A (k) is the coefficient matrix for time series X;. In the next step, the VAR model in equation
(2.1) is fitted to Xj, including the history of all time series in X except X;. The resulting model
estimates the contribution of X; to the prediction of X;

P
Xj(n) =) AF ()X x,(n — k) + € (1), (2.3)
k=1
where X /x; is the vector process without X;, A* contains the model coefficients and €} are the
model residuals. Both A¥ and € are in general different from Aj(k) and ¢ in equation (2.2). Hence,
the GC from X; to X; is defined as

var(e ;" (n))

GCX,ver =In (2.4)

var(ej(n))
where e]?" (n) and €j(n) are the prediction errors and the var(-) operator is the statistical variance.
GCx,- x; is always positive and only describes the causal effects X; — Xj, which are independent
from any other time series and from the reversed relationship X; — X;.

For our analysis, we used the Matlab® toolbox developed by Schiatti et al. [46]. We decided
to use the traditional GC method provided in the toolbox instead of the extended GC method
as instantaneous causal relations are not expected in our analysis. The model order was selected
according to the Bayesian information criterion (BIC) within the range 1-20, minimizing the BIC
figure of merit.

(d) Statistical methods

We conducted Wilcoxon signed-rank tests to determine significant differences in GC between
CAP and non-CAP segments (significance level: p < 0.01). Moreover, we assessed statistically
significant non-zero GC values by comparing ej*(n) and ¢;(n) using the Fisher F-test (significance
level: p < 0.01) [47]. Prior to the F-test, we verified that the requirement of a normal distribution is
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given by conducting the Kolmogorov-Smirnov test. In case the distribution was non-normal, we
transformed the non-normally distributed data using Box—Cox transformation.

3. Results

(@) A-phase onset analysis

The changes in brain activity and autonomic variables before and after the first A-phase onset in
each CAP sequence are summarized in figures 3-5, respectively. Figure 3 contains the plots for
CAP sequences starting with an Al-phase (350 sequences) whereas figures 4 and 5 illustrate the
course of change for CAP sequences starting with an A2- or A3-phase, respectively (78 and 79
sequences, respectively). For each CAP sequence, we extracted an equivalent non-CAP segment
to compare the physiological behaviour between CAP and non-CAP periods.

After the onset of the first Al-phase in a CAP sequence, § energy demonstrates a steep incline
(highest median: 229.5% at 1.25s after onset) whereas § activity in non-CAP sequences remains
stable across the time window. Differences in energy after the onset of an Al-phase can also be
seen in the @ band (highest median: 96.5% at 0.50s after onset). PWA indicates a change after
the Al-phase onset as compared with non-CAP periods with a steady decline to —43.1% at 8.00s.
PAT displays a similar behaviour, reaching its valley at 7.25 s (—1.0%), whereas HP appears to start
declining before the onset and reaches its minimum earlier than PWA and PAT (lowest median:
—2.2% at 2.75 s before onset). No changes in autonomic cardiovascular activation can be seen in
non-CAP periods. Respiration does not display notable changes.

Similar patterns in the EEG frequency bands can be seen after the onset of A2-phases (highest
median for 8: 591.3% at 0.50s after onset) but with more energy distributed in the § and «
frequency bands compared with Al-phases (highest median for #: 177.0% at 0.25 s after onset, the
highest median for a: 118.4% at 0.25 s after onset). All cardiovascular variables declined following
the onset of an A2-phase, whereas they remain stable in non-CAP sequences. HP reaches its valley
of —3.2% at 4.25s after onset whereas PAT and PWA steadily decline to —1.4% and —112.7%,
respectively, at 7.50 s and 8.50 s, respectively.

In line with Al- and A2-phases, § energy demonstrates the highest increase among the EEG
frequency bands after the onset of the first A3-phase (highest median for §: 300.9% at 0.50s after
onset). Among high-frequency bands, the increase in energy is reasonably evenly distributed
(71.9-123.5%), but B energy displays a delayed peak at 1.25s. No substantial changes in any
frequency band occur during non-CAP sequences across the time window (—13.9% to 15.4%).
The three cardiovascular variables have a more pronounced decline following the onset of an
A3-phase when compared with the other two subtypes; in particular, PWA demonstrates a steep
decline with a minimum of —190.4% at 8.25s. Furthermore, HP and PAT reach their valleys of
—3.8% and —2.3%, respectively, at 4.25s and 7.75s, respectively.

(b) Causality analysis

Figures 6-8 display the results of the GC analysis for CAP sequences where Al-phases dominate
(350 sequences with at least two Al-phases), sequences where A2-phases dominate (78 sequences
with at least two A2-phases) and sequences where A3-phases dominate (79 sequences with at
least two A3-phases).

During CAP sequences with predominant Al-phases, cortical activity appears to have a
more pronounced causal impact on the autonomic activity than the reverse direction. In
particular, § activity plays a major role in CAP sequences with predominantly Al-phases
as it demonstrates a high GC value throughout all nodes. Figure 6 shows a significantly
higher § — PAT and § — PWA interaction during CAP periods than during non-CAP periods
(p <0.001). A larger number of § — PAT and § - PWA GC connections were statistically
significant in CAP sequences with predominantly Al-phases than in non-CAP segments (§ —
PAT: 27% in CAP versus 21% in non-CAP, § - PWA: 41% in CAP versus 29% in non-CAP).
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Figure 3. Summary of relative changes in electroencephalography frequency bands and autonomic functions (heart period
(HP), pulse arrival time (PAT), pulse wave amplitude (PWA) and electrocardiogram-derived respiratory (EDR)) after the onset
of an Al-phase initiating a cyclic alternating pattern (CAP) sequence as compared with non-CAP periods. Each plot displays the
median and the 25th and 75th percentiles of 350 A1-phases. (Online version in colour.)
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Figure 4. Summary of relative changes in electroencephalography frequency bands and autonomic functions (heart period
(HP), pulse arrival time (PAT), pulse wave amplitude (PWA) and electrocardiogram-derived respiratory (EDR)) after the onset
of an A2-phase initiating a cyclic alternating pattern (CAP) sequence as compared with non-CAP periods. Each plot displays the
median and the 25th and 75th percentiles of 78 A2-phases. (Online version in colour.)
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Figure 5. Summary of relative changes in electroencephalography frequency bands and autonomic functions (heart period
(HP), pulse arrival time (PAT), pulse wave amplitude (PWA) and electrocardiogram-derived respiratory (EDR)) after the onset
of an A3-phase initiating a cyclic alternating pattern (CAP) sequence when compared with non-CAP periods. Each plot displays
the median and the 25th and 75th percentiles of 79 A3-phases. (Online version in colour.)

Figure 6. Graph of Wiener—Granger causality (GC) interactions between cortical—cardiovascular and cardiovascular—
cardiovascular nodes. GC values for cyclic alternating pattern (CAP) sequences with predominantly AT-phases are shown on the
left; GCvalues for equivalent non-CAP periods are shown on the right. Each connection displays the GC value averaged across all
350 sequences. Inner connections represent cortical—cardiovascular coupling and outer connections describe cardiovascular—
cardiovascular coupling. Dashed connections demonstrate a significant difference in GC between CAP and non-CAP at a
significance level of p < 0.01. HP, heart period; PAT, pulse arrival time; PWA, pulse wave amplitude; EDR, electrocardiogram-
derived respiration. (Online version in colour.)
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Figure 7. Graph of Wiener—Granger causality (GC) interactions between cortical-cardiovascular and cardiovascular—
cardiovascular nodes. GC values for cyclic alternating pattern (CAP) sequences with predominantly A2-phases are shown on the
left; GCvalues for equivalent non-CAP periods are shown on the right. Each connection displays the GC value averaged across all
78 sequences. Inner connections represent cortical—cardiovascular coupling and outer connections describe cardiovascular—
cardiovascular coupling. Dashed connections demonstrate a significant difference in GC between CAP and non-CAP at a
significance level of p < 0.01. HP, heart period; PAT, pulse arrival time; PWA, pulse wave amplitude; EDR, electrocardiogram-
derived respiration. (Online version in colour.)

Additionally, PAT appears to be significantly more influenced by # and ¢ during CAP segments
than during non-CAP segments (p < 0.001), with 29% and 29%, respectively, of the sequences
indicating a significant GC connection (non-CAP: 19% and 23%, respectively).

Figure 7 displays the relation between cortical activity and autonomic activity for CAP periods
with predominantly A2-phases. Similar to sequences with predominantly Al-phases, cortical
activity appears to have a more substantial impact on autonomic activity than vice versa. Of
note, figure 7 shows a significant difference for the « — PWA interactions during CAP periods
with predominantly A2-phases than during non-CAP periods (p = 0.008), where approximately
one-third of all « — PWA interactions in CAP sequences demonstrated a significant non-zero GC
(non-CAP: 17%). No further significant differences between CAP periods with predominantly
A2-phases and non-CAP were found.

On the contrary, autonomic activity appears to have a stronger causal impact on cortical
activity during CAP sequences with predominantly A3-phases than vice versa. Figure 8 displays
a significantly higher PWA — B interaction during CAP periods than during non-CAP periods
(p <0.001). Approximately one-quarter of all sequences demonstrated a significant non-zero
GC value for PWA — B connections during CAP sequences with predominantly A3-phases, as
compared with 11% during non-CAP periods.

4. Discussion

In this study, we show that short bursts of cortical § activity reflected by Al-phases cause an
increase in vascular activity during sleep, which is likely to provoke a surge in arterial blood
pressure. This suggests that Al-phases represent cortical events that, importantly, are not covered
by the conventional American Sleep Disorders Association (ASDA) arousal definition [48] but
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Figure 8. Graph of Wiener—Granger causality (GC) interactions between cortical—cardiovascular and cardiovascular—
cardiovascular nodes. GC values for cyclic alternating pattern (CAP) sequences with predominantly A3-phases are shown on the
left; GCvalues for equivalent non-CAP periods are shown on the right. Each connection displays the GC value averaged across all
79 sequences. Inner connections represent cortical—cardiovascular coupling and outer connections describe cardiovascular—
cardiovascular coupling. Dashed connections demonstrate a significant difference in GC between CAP and non-CAP at a
significance level of p < 0.01. HP, heart period; PAT, pulse arrival time; PWA, pulse wave amplitude; EDR, electrocardiogram-
derived respiration. (Online version in colour.)

are responsible for arousal-like autonomic activations. Rapid, low-amplitude events defined as
A3-phases appear to be preceded by increased autonomic activity. Moreover, a more pronounced
impact on autonomic functions can be seen during A3-phases when compared with the other two
subtypes.

Ensemble-average analysis of the onset of the initial A-phase in CAP sequences reveals a
sudden increase in § and @ activity during Al-phases. At the onset of A3-phases, all frequency
bands display elevated energy levels with § and 6 activity rising prior to the onset of the A3-
phase, whereas B activity peaks later during the A3-phase. This is in agreement with the CAP
atlas [14], which specifies Al-phases as rhythms with more than 80% slow-wave activity whereas
A3-phases contain a higher percentage of fast rhythms but with 50% of slow-wave activity at
the beginning of the A-phase. Also, our analysis demonstrates a more pronounced effect on
autonomic variables after the onset of A3-phases when compared with Al- and A2-phases. The
minimum of HP and PWA after the onset of an A3-phase is substantially lower than after an
Al-phase (HP: —2.2% after Al versus —3.8% after A3, PWA: —43.1% after Al versus —190.4%
after A3) and PAT displays a slightly lower minimum for A3-phases (PAT: —1.0% after A1 versus
—2.3% after A3). This supports the findings of previous studies [23,49] and is in line with the
original definition of A-phases.

As Al-phases are defined in the CAP atlas as arousal equivalents and comprise K-complexes
and § bursts [14], they can be categorized as subcortical or autonomic arousals. Sforza et al.
[50] showed in their study that § bursts and K-complexes induce similar arousal responses as
microarousals or phases of transitory activation [50]. However, the latter arousal types show
an increase in heart rate prior to the arousal onset, whereas the increase in heart rate for &
bursts and K-complexes appeared with a short latency. Our results corroborate these findings
and demonstrate a clear causal connection between the § activity in Al-phases and the preceding
sympathetic activation. In 27% and 41%, respectively, of the 350 CAP sequences with at least two
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Al-phases, the shift in § energy most likely Granger-causes a surge in blood pressure, resulting
in a shorter PAT and a drop in PWA, respectively. Consequently, our findings provide further
evidence that Al-phases are closely linked to an increase in sympathetic activity. However, the
impact on autonomic functioning is less pronounced than for A3-phases.

Additionally, our GC analysis reveals a significant difference in the PWA — B interaction
during CAP periods with predominantly A3-phases than during non-CAP periods. This could
potentially be a result of the fact that spontaneous arousals show cardiovascular activation prior
to the first signs of arousal in the EEG [51,52]. Such an increase in cardiovascular activity can be
caused by external perturbations as CAP can be triggered by external conditions [17]. On the other
hand, as a high percentage of arousals are preceded by slow waves such as K-complexes [53],
ASDA arousals do not take into account the slow element of the double EEG activation (slow and
rapid) that is typical in NREM sleep [54]. Thus, autonomous activations could be erroneously
allocated before the onset of cortical activation [55] by not considering the pre-arousal slow-wave
component. In our analysis, 22.8% of the CAP sequences with at least two A3-phases contained
an Al-phase prior to an A3-phase, which is remarkably similar to the number of sequences with
significant non-zero GC values for PWA — B interactions (24%). Hence, a preceding burst in delta
activity may be the cause of the activation of the autonomic system, which in turn foreshadows a
shift in energy towards higher frequencies in brain activity.

In our study, we investigated subjects of both genders with different sleep pathologies and
this might influence the results. However, we should consider that the neural mechanisms that
constitute CAP are independent of gender or sleep pathologies since it has been demonstrated
that these factors modulate the quantitative aspects of CAP but not its intrinsic generation
mechanisms [56]. Studies have demonstrated that the physiological fluctuations of CAP are
accompanied by subtle, but significant, changes in the balance between the sympathetic and vagal
components of the autonomic system in different age groups [22] and in pathological patients
who present similar changes in the dynamics of the heart rate reflected by the modification of
A-phase dynamics [57]. Another study reported an increase in heart rate with higher values of
low-frequency power in the A-phases with no differences between healthy subjects and patients
with epilepsy [24]. All these studies demonstrate that the neural mechanisms of CAP related to
the heart-brain axis are independent from sleep pathologies.

One limitation of our study is the assessment of cortical-cardiovascular interactions using
traditional GC analysis. The application of GC requires wide-sense stationary data [45], which
are commonly not given in physiological signals such as EEG and HRV. One suggested approach
is to shorten the analysed time segments [58]. The analysed sequences in this study represent a
short fraction of an overnight recording and thus can be assumed locally stationary. Additionally,
traditional GC analysis as it is applied in this study is based on linear regression models,
which do not capture nonlinear effects. The assessment of nonlinear effects can be achieved
with nonlinear GC methods such as kernel-based methods [59] or with transfer entropy as
an information-theoretic causality measure [30]. Moreover, previous studies have shown that
linear models work extremely well in neuroscience applications [60] and can detect similar
brain-heart networks to nonlinear models in normal undisturbed sleep [30]. Additionally, the
modelling of nonlinear systems using linear VAR systems can be sufficiently achieved by
increasing the order of the fitted model adequately [61]. Finally, it is important to note the
limitations of the GC measure. GC fails to measure an underlying causal mechanism, but it
measures a causal effect, which is the reduction in prediction error [62]. Hence, the significant
cortical-cardiovascular interactions detected in this study do not represent underlying anatomical
connections, but they reflect the directed influence from one system to another [63]. For a
more detailed decomposition of the reduction in prediction error similar to the information-
theoretic assessment, extended frameworks of the predictability framework allow accounting for
the influence from the target process itself, from other processes in the network and from the
interaction with other processes [64].

One additional limitation of our study is the small number of recordings available in the
CAP Sleep Database. A larger number of subjects resulting in a greater number of investigated
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sequences would enable a more comprehensive analysis of the interplay between CNS and
ANS during CAP. A possible solution is presented by automated CAP scoring algorithms that
are capable of scoring large cohort studies [65-67]. Furthermore, the lack of healthy subjects
in our analysis and the combination of various sleep pathologies is potentially limiting the
significance of the presented results. However, the limited number of recordings with the required
polysomnographic channels of each pathology in the CAP Sleep Database prevented a more in-
depth analysis of the interaction of CNS and ANS for each subcategory. Hence, our study can
only provide a general insight into the dynamic interplay of CNS and ANS during CAP. Finally,
another limitation is the age distribution of the investigated dataset with mostly middle-aged or
older subjects. As the CAP rate follows a U-shaped curve with a high number of Al-phases in
young people and a high number of A2 + 3-phases in older people [68], the interplay between
CNS and ANS during A-phase subtypes may also change throughout different age groups. We
demonstrated in this study that the delta activity in Al-phases is the cause for activation of
autonomic functions in middle-aged to older subjects. However, the rate of Al subtypes is low
in these age groups compared with younger subjects. In children, Al-phases are regarded as
‘anti-arousals’ [69] and support the homeostatic process to maintain the restorative function of
sleep [70]. Hence, additional studies on the interplay between CNS and ANS during CAP in
children could highlight differences in the autonomic response and the connection between delta
activity and autonomic functions in children.

5. Conclusion

GC analysis between cortical and cardiovascular activation during CAP in NREM sleep
demonstrates the important role of CAP in the assessment of physiological states during
sleep. We show that Al-phases in CAP sequences, in particular the burst in delta activity,
are closely linked to an increase in vascular activity during NREM sleep. We also show that
A3-phases have a more pronounced impact on autonomic functions than Al- and A2-phases.
These findings highlight the importance of sleep microstructure when evaluating autonomic
activity alteration during sleep. Furthermore, we demonstrate the potential of GC analysis for
gaining further information on CAP.
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