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Abstract— Major aim of our study is to demonstrate that sig-
nal-adaptive approaches improve the nonlinear and time-
variant analysis of heart rate variability (HRV) of children with
temporal lobe epilepsy (TLE). Nonlinear HRV analyses are
frequently applied in epileptic patients. As HRYV is character-
ized by components with oscillatory properties frequency-
selective methods are in the focus, whereby application of non-
linear analysis to linear filtered signals seems to be doubtful.
Signal-adaptive methods that preserve nonlinear properties and
utilize only the signal data for an automatic computation of the
result could benefit to nonlinear analysis of HRV. Combinations
of (1) the signal-adaptive Matched Gabor Transform with time-
variant nonlinear bispectral analysis and of (2) signal-adaptive
Empirical Mode Decomposition methods with time-variant non-
linear stability analysis are investigated with regard to their
application in the analysis of specific HRV components (respira-
tory sinus arrhythmia and Mayer wave associated low-
frequency HRV components) of 18 children with TLE. Changes
of timing and coordination of both HRV components during
preictal, ictal and postictal periods occur which can be better
quantified by advanced signal-adaptive methods. Both ap-
proaches contribute with specific importance to the analysis.

I. INTRODUCTION

Heart rate variability (HRV) is frequently used for the
analysis of cardiovascular regulatory mechanisms controlled
by the autonomic nervous system in human health and dis-
ease. Advancements in the analysis of HRV in epilepsy are
important to reveal the causes for the sudden unexpected
death in epileptic patients (SUDEP) [1]. A first meta-analysis
investigating HRV in epilepsy was recently published [2].
HRYV courses in the preictal, ictal and postictal period have
been investigated by using time- and/or frequency-domain
features. Innovative features of time-frequency domain have
received much less attention in HRV analysis [3]. In general,
HRV is characterized by components with oscillatory
(thythmic) properties. A classification of HRV components
into frequency ranges was performed by a Task Force in
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1996 [4]. Such a classification gives an excellent orientation
for frequency-selective analyses. Two prominent examples
of HRV components are the respiratory sinus arrhythmia
(RSA) and the low-frequency (LF) HRV component, which
is associated to the Mayer waves in systemic blood pressure.
In a previous study using concerted time-variant, frequency-
selective, linear and nonlinear analyses [5], we could show,
that timing and coordination of these components changed
80 to 100 s before seizure onset in children with temporal
lobe epilepsy (TLE). In that study, the complex time-
frequency Morlet Wavelet Transform (MWT) was adapted
as the base of a nonlinear and time-variant bispectral ap-
proach that investigates the occurrence of quadratic phase
coupling (QPC) between distinct frequency components.

MWT has a time-frequency resolution that is determined
by algorithms parameter and therefore needs pre-analysis
information to adapt sufficient time-frequency resolution that
is required for bispectral analysis [6]. Wacker et al. [7] in-
troduced a time-frequency approach combining the Matching
Pursuit algorithm with Gabor Transform (Matched Gabor
Transform - MGT). Using this approach, a complete analysis
of the complex time-frequency plane can be performed in a
signal-adaptive and frequency-selective manner, i.e. signal-
adaptive phase analysis is possible. Signal-adaptive methods
attempt to avoid any user-specific settings of the algorithm
and utilize only the signal data for an automatic computation
of the result. Consequently, the combination of the signal-
adaptive MGT with time-variant nonlinear QPC analysis by
means of bispectral analysis is the first objective of this
study.

Nonlinear HRV analyses are frequently applied also in
epileptic patients. The time-variant estimation of Point Pre-
diction Errors (PPE) is a local estimation of the largest Lya-
punov exponent and measures the nonlinear stabil-
ity/predictability of a signal in its time course. Nonlinear
HRYV analyses have shown a better reliability across repeated
measurements in comparison to linear parameters [8]. These
methods are usually not frequency-selective, and the applica-
tion of nonlinear analysis to linear filtered signals seems to
be rather doubtful. An alternative approach is to use a signal-
adaptive approach which separates oscillatory signal compo-
nents in ‘natural’ frequency ranges. The Empirical Mode
Decomposition (EMD) enables a decomposition of a multi-
component signal into a set of mono-component signals (so-
called Intrinsic Mode Functions IMFs) that are periodic and
preserves non-linear properties of the investigated signal [9].
A problem of EMD procedure is the occurrence of ‘Mode
Mixing” (MM). MM corresponds to the alternative presence
of several components of the signal of interest on the same
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IMF. Advanced approaches like Complete Ensemble Empir-
ical Mode Decomposition with adaptive noise (CEMD) [10]
reduce the degree of MM. Consequently, the second objec-
tive of this study is to show the advantages and disad-
vantages of different EMD approaches for the separation of
distinct oscillatory components from HRYV, its influence on
the estimation of PPE for these HRV components and to
compare these results to standard PPE analysis.

General focus of our work is not to predict or detect a
seizure but to provide more information on the mechanisms
leading to changes of the autonomic nervous system before,
during and after seizure.

I. DATA MATERIAL

Pre-surgical evaluation was performed at the Vienna pe-
diatric epilepsy center following a standard protocol. EEG
was recorded referentially from gold disc electrodes placed
according to the extended 10-20 system with additional tem-
poral electrodes. One-channel ECG was recorded from an
electrode placed under the left clavicle. EEG and ECG data
were recorded referentially against CP and filtered (1 to 70
Hz, sampling frequency 256 Hz). Seizure onset and termina-
tion in the EEG were determined independently by two neu-
rologists experienced in the field of epilepsy. EEG and ECG
recordings including 10 minute epochs (5 minutes before
(preictal state) and 5 min after the seizure onset (seizure and
postictal state)) were stored for each seizure. QRS detection
was performed after band pass filtering (10 — 50 Hz) and
interpolation by cubic splines (1024 Hz). The resulting series
of events was used for the HR computation. The low-pass
filtered event series was computed by applying the French-
Holden algorithm and down sampled to 8 Hz. A group of 18
children who had one seizure recording of at least 10 min (K
= 18 seizures; median age 9 years 4 months, range 6 years 6
months to 18 years 0 months; median seizure length 88 s,
range 52 to 177 s) were analyzed. All results were achieved
by grand mean analysis over 18 seizures.

II. METHODS

The entire processing scheme of our investigation is rep-
resented in Fig. 1. In a first strand, investigation of nonlinear
QPC is performed by comparing MWT-based and signal-
adaptive MGT-based approach (methods/results section A).
A second strand contrasts the results of the PPE estimation
of the original HRV with the signal-adaptive EMD-based
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Figure 1. Processing scheme of the performed HRV analysis.

investigation of the PPE of distinct IMFs (methods/results
section B).

A. Morlet Wavelet Transform, Matched Gabor Transform
and Bispectral Analysis

The frequency-dependent complex analytic signal y*(z.f,)
of x*() (HRV) is computed using MWT [6], where £k
(k=1,..,K) designates the seizure recordings (one for each
child, K=18). The time-variant power spectrum and phase
can be calculated on the basis of y*(z;) for each recording k.
By ensemble averaging the representative time-variant power
spectrum PSywr can be estimated.

The MGT generates in a first step (Matching Pursuit) for
each k a linear combination of atoms djk(t) from a redundant
dictionary D that approximates x*(z). Secondly, each atom is
analyzed with its own analysis time-window to generate a set
of time-frequency planes yjk(t,f,,). Finally theses planes are
combined to obtain y*(z,f;). The time-variant power spectrum
and phase can be calculated on the basis of this complex
frequency plane for each recording &, and again, the repre-
sentative time-variant power spectrum PSycr by ensemble
averaging.

Additionally, the time-variant QPC between the frequency
bands given below is computed using time-variant biampli-
tude and bicoherence. QPC is a phase effect, that occurs e.g.
in the presence of amplitude modulations. In the case of am-
plitude modulation, f; is the frequency of the modulating
component (LF), f, is the frequency (carrier frequency) of
the modulated component (RSA). For each seizure
(k=1,...,K), the trias of y*(1./;), (1) and the complex con-
jugate y (1./;+f3) can be calculated for every frequency pair
(1, f>) and at each time-point ¢. The trias is base of the esti-
mation of the time-variant biamplitude or bicoherence (am-
plitude-independent). To reduce the three dimensions of this
time-variant bispectral measures the mean biamplitude
(mBAywt, mBAygr) and the mean bicoherence (mBCywr,
mBCygr) in the ROI were computed by calculating a mean
value over F; x F, for each time point (for details see [11]).
We investigated QPC between the LF-related and the RSA-
related HRV component for MWT and MGT, i.e. ROI was
set to ,=[0.075 Hz, 0.15 Hz] and F>,=[0.25 Hz, 0.35 Hz].

B. Empirical Mode Decompositions and PPE

The standard EMD separates the HRV into IMFs. The
computation of an IMF by the iterative EMD algorithm [9]
can be summarized as follows:

1. Identify of all local extrema.

2. Interpolate (cubic splines) between the maxima and be-
tween the minima which provides two envelope courses.

3. Calculate the mean envelope and the difference between
the mean envelope and the signal.

4. Tterate on the residuals until the criteria for the IMF is
fulfilled.

5. Use the residuum instead of the signal to compute the
next IMF.

6. Repeat steps 1. — 5. for each following IMF until the
stopping criteria.
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The CEMD provides a better spectral separation of the
IMFs (modes) than the EMD. This is achieved by averaging
the modes obtained by EMD applied to several realizations
of Gaussian white noise (particular noise at each stage of
decomposition [10]) added to the original signals. Therefore,
we performed EMD and CEMD to separate the HRV into
IMFs and to compare the influence of MM. Inter-individual
correspondence of IMFs between different patients in one
method (N=18) was achieved by using an extension of the
Kuhn-Munkres algorithm. The correspondence of IMFs of
both methods to specific HRV components was determined
by using mean FFT spectra over all children per.

The IMFs of the HRV preserve nonlinear properties
thereby allowing the introduction of the combination of
EMD/CEMD of the HRV with the estimation of the PPE.
Detailed information on the estimation of the PPE can be
found in [12]. A positive PPE is equivalent to a low stability
(predictability), a negative or vanishing PPE indicates a high
stability (predictability) of a signal. In order to estimate con-
fidence tubes of the mean time-courses of PPEs time-courses
without any particular distribution assumption, a Bootstrap
approach was used. 1000 Bootstrap replications of each ex-
tracted parameters were computed. The 2.5% quantile de-
fined the lower bound, and the 97.5% quantile defined the
upper bound of the confidence tube.

III. RESULTS

A. Morlet Wavelet Transform, Matched Gabor Transform
and Bispectral Analysis

In Fig. 2A the centered HRV courses of all 18 seizures
and the averaged HRV course (bold black line) are shown.
Important time points (black line: burst onset, dotted black
line: end of burst, red line: start of preonset acceleration,
blue line: maximum of acceleration and start of deceleration,
green line: end of deceleration of HRV) are depicted in a
colored ‘bar code’ that is transferred to other figures.

Fig. 2B depicts time-frequency related PSywr (left) and
PSwmor (right). The according mBA and mBC courses in the
ROI are shown in Fig. 2C/D. For bispectral analysis a fre-
quency resolution was chosen that is high enough to depict
relevant frequencies and side bands (white lines in both time-
variant PS in Fig. 2B). As MWT has a frequency-related
time-frequency resolution, the time-resolution of the LF-
related component has to be set rather low to achieve the
required frequency resolution of the RSA-related component.
The signal-adaptive MGT automatically provides an ade-
quate time-frequency resolution. The mBA/mBCywr and
mBA/mBCygr courses (Fig. 2C/D) show similar time pattern
(rise at 100 s before seizure onset, nearly complete vanish
with seizure and rise after end of seizure, high accordance
with colored ‘bar code’) but higher time-resolution for MGT.
Differences between MWT- and MGT-related approach are
more distinct by considering not only the resulting
mBA/mBC courses but the underlying biamplitude (BA) at
the single time-points. In Fig. 3 the BA at the time points 240
s and 300 s and the ROI for the calculation of mBA/mBC

(white rectangle) are depicted for both approaches. Results
of MWT-related BA illustrate the side-effects of the fre-
quency-related time-frequency resolution of MWT: a rather
high frequency-resolution in the ROI at the cost of low time-
resolution causing ‘smearing’ over time.
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Figure 2. Original HRV courses (A) and MWT- (left) as well as MGT-
based (right) results of power spectral and bispectral analysis (B-D). Time-
variant PS (B) and mBA (C) as well as mBC (D) are shown.
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Figure 3. Representation of BAmwr (left) and BAmgr/(right) at distinct
time point t;=240 s (upper) and t,=300 s (lower panel).

B. Empirical Mode Decompositions and PPE
The mean PPE-course of the original HRV (Fig. 4A)

starts to decrease (higher stability/predictability of the signal)
around 100 s before seizure onset, further decreases during
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seizure and increases after seizure (no complete recupera-
tion). FFT-based power spectral analysis (Fig. 4B) of the
HRYV (black) and defined IMFs (other colors; IMF; to IMF,
for EMD, IMF; and IMF; to IMFg for CEMD) was able to
determine the correspondence of IMFs to different HRV
components. IMF, (=blue) is mainly related to noise in both
approaches, IMF, (=red) for EMD and IMFs (=red) for
CEMD to the RSA (=0.3 Hz), IMF; (=green) for EMD and
IMF; (=yellow) for CEMD to the LF (=0.1 Hz). The occur-
rence of MM is visible for EMD (broader and overlapping
peaks of IMF, to IMF, in Fig. 4B left), whereas CEMD is
able to clearly separate those components (Fig. 4B right).
PPE-courses of IMFs (Fig. 4C/D) are able to better depict
time-pattern as PPE of original HRV and show that CEMD
results in a lower degree of MM and with it in more distinct
differences between preictal, ictal and postictal periods.
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Figure 4. Results of time-variant PPE analysis of original HRV (A) as
well as of EMD- (left) and CEMD-based (right) approach (B-D). FFT-
based mean spectra of IMFs over all children and the whole analysis
interval are shown (B). Mean PPE courses with confidence tubes are
depicted for RSA-related (C) and LF- related (D) IMFs.

IV. DISCUSSION AND CONCLUSION

Our methodological study demonstrates the possibilities
and advantages of the combination of signal-adaptive ap-
proaches with different nonlinear measures in the analysis of
HRYV in children with TLE. By means of our advanced time-
processing scheme characteristics of the HRV before, during
and after TLE seizure in children were investigated and
quantified. The epileptic seizure is a time-dependent process
and HRV analysis of the preictal state may provide infor-
mation with regard to coupling mechanisms between the
involved cortical structures and the autonomic nervous sys-
tem. A result which has been confirmed by many studies is
that an increase of the HR precedes the EEG seizure onset by
up to about 50 s in 75 - 80 % of TLE patients [13].

The clear benefit of our signal-adaptive approaches is that
user-optimized settings of the algorithms are not required.

Furthermore, PPE and bispectral analyses are able to de-
scribe nonlinear, in terms of information processing different
properties of a signal [12]. PPE analysis quantifies the theo-
retical predictability/causality of a signal, whereas bispectral
analysis examines nonlinear couplings between distinct fre-
quency components. Based on signal-adaptive MGT bispec-
tral analysis describes the QPC between RSA- and LF-HRV
components with higher time-resolution than obtained by
means of a user-optimized MWT. A combination of
EMD/CEMD and PPE yields a frequency-selective, time-
variant view of the nonlinear properties of the HRV. The use
of CEMD results in a lower degree of MM. Combination of
all investigated methods yields complementary descriptions
and thus an improved analysis of timing and coordination of
HRYV components during preictal, ictal and postictal periods
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