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Abstract

Cardiotocography (CTG) is the most common technique for electronic fetal monitoring and consists of the simultaneous
recording of fetal heart rate (FHR) and uterine contractions. In analogy with the adult case, spectral analysis of the FHR
signal can be used to assess the functionality of the autonomic nervous system. To do so, several methods can be employed,
each of which has its strengths and limitations. This paper aims at performing a methodological investigation on FHR
spectral analysis adopting 4 different spectrum estimators and a novel PRSA-based spectral method. The performances
have been evaluated in terms of the ability of the various methods to detect changes in the FHR in two common pregnancy
complications: intrauterine growth restriction IUGR) and gestational diabetes. A balanced dataset containing 2178 record-
ings distributed between the 32nd and 38th week of gestation was used. The results show that the spectral method derived
from the PRSA better differentiates high-risk pregnancies vs. controls compared to the others. Specifically, it more robustly
detects an increase in power percentage within the movement frequency band and a decrease in high frequency between

pregnancies at high risk in comparison to those at low risk.

Keywords Electronic fetal monitoring - Cardiotocography - Spectral analysis - Phase-rectified signal averaging

1 Introduction

The fetal heart rate (FHR) is a readily available source of
physiological information which can be acquired non-inva-
sively either using cardiotocography (CTG) [1] or from the
fetal ECG measured through abdominal electrodes (antepar-
tum) [2] or directly on the fetal scalp (intrapartum).

Thanks to its relative ease of acquisition and ability to
reflect fetal wellness, electronic FHR monitoring is the most
common technique for assessing fetal well-being in preg-
nancy. An improvement to the FHR analysis came when
several biomarkers were proposed in the literature together
with systems for the computerized analysis of the signals.
This has allowed to overcome some of the limitations linked
to simple eye inspection of the traces [3, 4].

< Giulio Steyde
giulio.steyde @polimi.it

Department of Electronics, Information and Bioengineering,
Politecnico di Milano, Piazza Leonardo da Vinci 32,
20133 Milano, Italy

Electrical, Computer and Biomedical Engineering
Department, Universita di Pavia, 27100 Pavia, Italy

In fact, quantitative analysis of the FHR signal allows
the identification of important characteristics that can go
missed by visual inspection and ensures the reproducibility
of the analysis. Moreover, parameters can be used to build
classifiers of FHR recording by means of machine learning
techniques [5-7].

Despite the advancements made in the last years, how-
ever, biomarkers of the most common fetal pathologies, e.g.,
intra-uterine growth restriction (IUGR), still have limited
reliability [8, 9] and most have been tested on a very limited
number of subjects.

The rationale behind the study of the FHR antepartum
is that disturbances in the normal intrauterine development
lead to changes in the autonomic functions that are observ-
able from the cardiovascular regulation [10]. Monitoring
these changes is important both in perinatal medicine for
their prognostic and diagnostic value and in the frame-
work of the “developmental origin of health and disease”
[11] for the possibility to predict disturbances later in life.
Among the parameters presented in the literature, those
that allow quantifying the frequency distribution of the
oscillations in the heart rate variability (HRV) have the
desirable property of being physiologically interpretable,
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since it has been shown that the sympathetic and parasym-
pathetic branches of the autonomic nervous system (ANS)
influence the HRV at different frequencies [12].

When analyzing the power spectral density (PSD) of
the FHR signal, three main bands are typically defined in
analogy with those employed for adults [13] and specifi-
cally adapted to the fetal case. These include the very low
frequency (VLF), low frequency (LF), and high frequency
(HF) bands. In addition, some authors also consider an
additional frequency band, called movement frequency
(MF), between LF and HF [4]. The exact frequency ranges
vary between different authors and have been summa-
rized in [14]. In general, the power in VLF is related to
long period and non-linear contributions and gross body
movements, LF with mainly sympathetic activity and HF
with parasympathetic activity and fetal breathing [4]. MF
has been hypothesized to be related to fetal movements
and maternal breathing [4] but overlaps with what other
authors consider HF [14].

The FHR signal presents characteristics that complicate
its analysis in the frequency domain. The variability of
the FHR and its frequency distribution change over time.
While in adults, the experimental conditions can be easily
controlled (for example, asking the subject not to move and
breathe at a controlled rate); this is impossible to do in the
fetal case, due to frequent changes in behavioral states [15].
It results that the FHR signal is inherently non-stationary,
which must be addressed in frequency analysis. Moreover,
it is expected that some oscillations in the FHR, like the
ones induced by respiratory movements, are transient and
possibly not phase-synchronized, which means they may not
be captured by standard spectral analysis. Lastly, FHR traces
are often very noisy and subject to signal loss.

Since the task of analyzing the frequency content of
the FHR signal is not trivial, several methodologies have
been applied [16, 17]. In particular, we expect that some of
these may be more effective in detecting oscillations even
when the assumptions of classical spectral analysis do not
hold (more noticeably, stationarity, and linearity). These
techniques can be broadly classified as parametric (typi-
cally autoregressive (AR)) and non-parametric (based on
the discrete Fourier transform (DFT) or the Hilbert—-Huang
transform) and may use explicit windowing (such as the
short-time Fourier transform (STFT)) or not (such as the
continuous wavelet transform (CWT)).

More recently, the phase-rectified signal averaging
(PRSA) technique has been proposed to detect quasi-peri-
odicities in non-stationary signals [18]. The PRSA is not a
method for spectral analysis itself, but rather a technique
that produces a compressed version of the original signal
(i.e., the PRSA curve) in which the noise is smoothed-out
and (quasi) oscillations are highlighted, even in the presence
of phase-resetting.

@ Springer

Several works employing measures extracted using PRSA
have been applied to FHR analysis: in particular, accelera-
tion and deceleration capacity [19-21], acceleration and
deceleration phase-rectified slope [22], and deceleration
reserve [23]. Some authors postulate that the deceleration
capacity is a measure of the vagal control of the heart rate
and the acceleration capacity is a measure of sympathetic
activity [24]. However, this assumption has been challenged
in [25] and [23].

In this study, we propose a different approach for the anal-
ysis of the PRSA curve derived from FHR signals. Similarly
to what proposed by Bauer et al. [18], we perform the CWT
of the PRSA curve but evaluate the relative distribution of
the oscillations in the frequency domain instead of evaluat-
ing it only at specific scales, like it is done when calcu-
lating acceleration and deceleration capacity. This allows
to compare the proposed method with classical spectral
analysis and permits to rely on the frequency content of the
PRSA curve to investigate the activity of the ANS, even if
indirectly.

The proposed approach is compared to four more tradi-
tional methods used to perform spectral analysis of FHR
signals from cardiotocographic recordings [17], i.e., DFT,
AR modeling, CWT, and empirical mode decomposition
(EMD).

The paper describes the performances of the proposed
method and of the other existing in the detection of changes
in the FHR due to two very common complications of preg-
nancy, which are expected to produce changes in the FHR
signal characteristics: intrauterine growth restriction (IUGR)
and gestational diabetes (GDM). For the analyses, we used a
very large database of antepartum CTG recordings collected
at different gestational ages.

2 Methods
2.1 Dataset description

The dataset employed is presented in more detail in [26]. It
currently contains a total of 24492 cardiotocographic record-
ings collected and annotated at Federico II University Hospi-
tal in Naples, Italy. Data were collected in accordance with
the Declaration of Helsinki after approval of the local Ethics
Committee. All subjects included in the dataset signed an
informed consent, and data were completely anonymized
before the analysis by our clinical partners.

The FHR signal is sampled at 2Hz with a resolution
of 0.25 bpm. This sampling frequency is the one used by
the 2CTG?2 software [27] and was chosen because it is
a reasonable compromise to achieve enough bandwidth
and an acceptable accuracy of the FHR signal. Indeed, it
allows to correctly represent all the frequencies contained
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in the FHR signal estimated by the cardiotocograph, while
minimizing the number of repeated samples. It should be
noted, in fact, that commercial ultrasound cardiotoco-
graphs provide an approximation of the true FHR which is
low-passed by the smoothing effect produced by the auto-
correlation procedure embedded in the firmware. Moreo-
ver, reading the value of FHR at higher sampling frequen-
cies (e.g., 4Hz) produces non-negligible distortions in
the power spectrum of the signal, since cardiotocographs
replicate the current values until a new one is detected.

CTG signals are often affected by artifacts, signal loss,
and noise. A quality index (i.e., good, acceptable, interpo-
lated) provided by the cardiotocograph is also available for
each data point of the signals. The length of each recording
varies between 20 min and 1 h according to the clinician’s
decision. Along with the FHR, each recording includes
the uterine contractions’ signal, the fetal movement (FM)
series (which is set to 1 when the mother presses a button
and 0 when she does not), and annotations by the clinician
noting any known maternal and fetal pathologies.

In this study, we selected the first 20 min of recordings
that have no more than 10% of interpolated points in this
window and were performed between the 32nd and 38th
gestational week. The choice of using only the first 20
min of each recording was made to avoid possible biases
that may arise from the use of series of different lengths,
since recordings belonging to complicated pregnancies
tend to be longer. We then identified three distinct popu-
lations: controls, i.e., physiological pregnancies without
known maternal or fetal pathologies, IUGRs (diagnosed
when the fetal weight is lower than the 10th percentile for
gestational age and are present alterations in the umbilical
artery flow, in agreement with [28]), and GDMs (diag-
nosed following a positive 1-step glucose tolerance test
[29]). For each week, we selected a subset of equal size
from each population randomly downsampling from the
largest groups. The final dataset thus contains the same
numerosity for the three analyzed groups in each week and
includes a total of 2178 recordings.

Recordings were then divided into two groups: from week
32 of gestation to week 36 (pre-term) and from 37 to 38
(early-term), since considerable differences in fetal matura-
tion are expected between the two periods. The first includes
a total of 1161 recordings and the second 1017.

2.2 Time-frequency analysis: classical methods

Among the traditional methods to perform spectral analy-
sis we selected: DFT, AR modeling, CWT, and EMD. All
these methods aim to estimate the PSD, albeit in very differ-
ent ways. In this paragraph, we briefly outline some details
about their implementation and their differences.

2.2.1 Explicit windowing: DFT and AR

The DFT and AR are the most common methodologies to
estimate the PSD. Since both make the assumption of sta-
tionarity, the FHR signal was divided into windows of 2
min overlapped by 1 min, which is a compromise between
spectral resolution and the fulfillment of the stationarity
condition. Inside each window, we removed the linear trend
from the signal. The DFT was estimated by applying the fast
Fourier transform and directly used to estimate the PSD.
Parametric spectral analysis with AR models was performed
as reported in [4]. The order was set to 12, and the param-
eters were estimated using the Levinson—Durbin algorithm.

2.2.2 Time-varying algorithms: CWT and EMD

Time-varying algorithms, i.e., the CWT and the EMD, are
expected to provide better time-frequency resolution com-
pared to methods that employ explicit windowing. Moreo-
ver, since the EMD assumes neither stationarity nor linearity
of the signal [30], it appears to be particularly suitable for
the analysis of the FHR. Prior to their application, the signal
was detrended by removing the moving average computed
over windows of 1 min and padded with a periodized exten-
sion of 240 samples to reduce distortions at the borders.

For the computation of the CWT, we employed the Mor-
let wavelet with non-dimensional central frequency equal to
6. The scales “s” were defined according to (1).

{ & =J" -10g2<%5'> "

Sj:SOozjéf, ]:0, 1,...,.]

N is the length of the signal and §, the sampling period
(i.e., 0.5s). sy was set to Is (2-6,) and J to 179. Wavelet
software was provided by C. Torrence and G. Compo [31]
and is available at the URL: http://paos.colorado.edu/resea
rch/wavelets/.

The EMD was computed using the Complete Ensem-
ble Empirical Mode Decomposition with Adaptive Noise
(CEEMDAN) algorithm, which is more robust to noise [32].
The number of realizations was set to 30, the noise standard
deviation to 0.2 times the standard deviations of the signal,
and the maximum number of shifting iterations to 50. The
SNR increases for every stage.

2.2.3 Feature computation

Spectral features, i.e., LF%, MF%, and HF%, are computed
by integrating the spectra (or spectrograms) over the fre-
quency and considering the mean over time. Segments with
more than 5% of interpolated points were excluded from
averaging. In the present paper, we consider the following
frequency bands: LF (0.03-0.15 Hz), MF (0.15-0.5 Hz),
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and HF (0.5-1 Hz), following the definition provided in [4].
Spectral features are expressed as percentages of the total
power. Indeed, what we are interested in quantifying in this
study is the frequency distribution of the signal variability,
rather than the variability itself. We do not report the values
of VLF, which can be trivially obtained from the others.

2.3 PRSA spectrum evaluation

In this section, we briefly describe the PRSA technique,
which was introduced by Bauer et al. [18]; the computation
of the PRSA spectrum [33]; and the proposed approach for
its evaluation and extraction of spectral features.

2.3.1 The PRSA curve

Deceleration anchor points (x,,.) are defined as samples that
satisfy the condition:

1 T-1 . 1 T .
T Zi:O x[t+1i] > T Zi:l x[r—1]

where x is the FHR series expressed in milliseconds
(Fig. 1a). For each x,,., a window of length 2L is defined
taking the values of the original signal that go from x,._; to
Xgee s 1- The PRSA curve (x{®5%) is constructed by averag-
ing all these windows (Fig. 1b). This procedure highlights
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components that are phase-synchronized with the anchor
points and cancels out the others.

In this study, T was set to 1 sample (i.e., 0.5 s). We
acknowledge that the choice of such a small value of T can
make the procedure more sensitive to noise, but selecting a
bigger value would filter the power in the HF band, which is
of interest in this study. Indeed, the larger the value of T, the
lower the frequency of the components that are highlighted
by the PRSA [34]. To reduce the influence of noise, signal
samples with poor quality were prevented from being anchor
points and were not included in the averaging procedure. L
was set to 100 samples.

2.3.2 The PRSA spectrum

To compute the PRSA spectrum (PRSA_Spt), we first com-
puted the scalogram X"®$ using the CWT according to
Eq. 3 in a similar fashion to [33]

w((k = p)/s]

N

PRSA _ N\ prsa,
XA s, p) = ), b 3)
s is the scale, p is the position, and w is the mother wave-
let. We employed the analytic Morse wavelet with y equal
to 3 and time-bandwidth product equal to 60 and applied L1
normalization. The spectrogram is obtained as the square
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Fig. 1 Illustration of the technique employed to compute the PRSA spectrum. a fHR signal; b PRSA curve; ¢ CWT spectrogram of the PRSA
curve obtained by squaring wavelet coefficients; d CWT spectrum at k=0 (section of the spectrogram)
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of the wavelet coefficients (Fig. 1¢) and is evaluated at k=0
(Fig. 1d), thus obtaining a single spectrum, i.e., PRSA_Spt.
As discussed in [18], the PRSA_Spt presents relevant dif-
ferences compared with conventional spectral analysis. The
signal-to-noise ratio is improved by two effects:

e Short patches of periodicities with a particular fre-
quency that are not phase synchronized cancel out in
conventional spectral analysis, while, due to the way it is
defined, they all contribute to the PRSA curve and, there-
fore, to its spectrum. On the other hand, non-periodic
components are smoothed-out by the averaging proce-
dure applied by the PRSA.

¢ A sinusoidal component of amplitude A, produces an
oscillation proportional to Ajf o f in the PRSA curve. It
derives that while its contribution in the conventional
power spectrum is proportional to A}% in the PRSA_Spt is
proportional to A}‘ of2. Therefore, a 1/f noise has an
approximately flat PRSA spectrum. This makes it sub-
stantially easier to identify deviations from the standard
scaling behavior of long-term correlated series caused by
quasi-periodicities.

Both these properties are useful in the analysis of FHR
signal. Indeed, oscillatory patterns in the FHR are usually
transient and not phase synchronized. Moreover, most of the
variability is contained at very-low frequencies, consistently
with a long-term correlated series, rendering it difficult to
identify superimposed quasi-oscillations, especially at high-
frequency that, despite their smaller amplitude, may offer
important information on fetal physiology.

2.3.3 PRSA-derived spectral features

The method we present in this study is a variation of the
method presented in [33] to evaluate the PRSA_Spt. Here,
instead of considering the Wavelet coefficients at a single
scale, we propose to quantify the distribution of the oscilla-
tions integrating the PRSA_Spt (Fig. 1d) in the frequency
bands used in traditional spectral analysis (i.e., LF MF and

HF). The features considered are ultimately the percentages
of power obtained integrating the PRSA_Spt in the fre-
quency bands described previously.

It should be noted that spectral features computed after
the application of PRSA can no longer be regarded as an
estimate of the distribution of the signal variance in the fre-
quency domain. Rather, it is a measure of the localization in
frequency of the oscillations that survive the PRSA proce-
dure evaluated in descending signal segments.

This approach allows using the distribution in the fre-
quency domain of the oscillations to estimate the fetal auto-
nomic activity, rather than the fact that they are aligned
around portions in which the signal increases or decreases.
Therefore, unlike the other features that can be extracted
from the PRSA, the ones proposed should not suffer from
the limitations in the interpretation of their physiological
meaning which have been pointed out in [25] and [23].

2.4 Statistical methods

Since the features discussed are not normally distributed,
we employed the Mann-Whitney U test to evaluate differ-
ences between the two high-risk groups and controls and
computed the Cohen’s r size effect to quantify them [35].
Results are considered significant when p<0.0167, follow-
ing Bonferroni correction for multiple comparisons. Con-
fidence intervals were computed using empirical bootstrap
with 1000 repetitions.
All analyses were conducted using MATLAB R2022a.

3 Results

Table 1 reports values in relative spectral power obtained in
the first group of weeks and Table 2 in the second. It can be
noticed that the values obtained from classical methods of
spectral analysis did not show substantial differences among
each other. On the other hand, the PRSA_Spt accentuates
higher frequency components, a result consistent with the
scaling behavior of the PRSA_Spt described in paragraph
2.3. As a result, the PRSA_Spt reports higher values for

Table 1 Medians and quartiles of the spectral features at weeks 32-36 obtained with the methods discussed. All values are reported in percent-

ages of the total power

LF% MF% HF%

Control GDM IUGR Control GDM IUGR Control GDM IUGR
DFT 39 (33-45) 39(33-46) 37(32-44) 5.6(4.0-7.0) 6.4 (4.5-8.7) 6.04.5-79) 1.8(1.2-2.7) 1.7(1.1-2.5) 1.5(1.1-2.4)
AR 35 (25-48) 35(25-48) 32(25-43) 4.3(3.0-5.8) 5.2(3.5-7.1) 50@3.6-6.7) 1.8(1.2-2.8) 19(1.2-2.8) 1.5(1.1-2.4)
CTW 40 (34-46) 41 (35-46) 40(35-46) 53(3.9-7.2) 6.5(4.5-8.7) 634.6-8.7) 1.7(1.1-24) 15(1.1-24) 1.41-=2.3)
EMD 33 (28-39) 34 (29-40) 33 (28-39) 55(4.2-7.1) 6.6(5.0-9.1) 64(4.9-83) 322.1-47) 3.0(1.945) 2.7(1.9-4.6)
PRSA_Spt 38 (25-52) 36(22-50) 37 (23-50) 20 (16-25) 30 (22-37) 28 (20-35) 33 (19-46) 25 (17-37) 25 (14-38)
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Table 2 Medians and quartiles of the spectral features at weeks 37-38 expressed as percentages of the total power

LF% MF% HF%

Control GDM IUGR Control GDM IUGR Control GDM IUGR
DFT 37 (32-43) 38 (33-44) 37(32-44) 6.0(4.5-7.8) 6.3(4.7-8.1) 594.7-82) 1.7(1.1-2.5) 1.7(1.2-2.5) 1.6(1.1-2.3)
AR 32 (22-41) 33 (25-44) 33(24-43) 47(3.4-64) 5.1(3.6-7.0) 49(3.548) 1.7(1.1-2.5) 1.6(1.2-24) 1.6(1.1-2.3)
CTW 38 (33-44) 39 (35-45) 39(34-46) 59(4.4-79) 6.5(4.5-8.5) 6.1(4.7-85) 14(09-2.3) 15(00.9-23) 1.5(1.0-2.1)
EMD 32 (27-38) 33(28-39) 33 (28-28) 6.4(4.9-8.5) 6.6(4.9-9.0) 6.6(4.9-9.0) 2.8(1.9-4.6) 29(1.945) 28(1.94.1)
PRSA_Spt 38(24-53) 37(24-53) 36(26-51) 25(19-33) 29 (22-37) 28 (21-36) 26 (14-41) 25 (14-36) 23 (14-36)

MF% and HF% compared to the other methods. Moreover,
employing classical spectral analysis a considerable portion
of the total power is contained in the VLF band (i.e., <0.03
Hz), while the power in this band is almost entirely filtered-
out by the PRSA.

The results related to the comparison between GDMs and
controls are reported in Fig. 2, while comparisons between
IUGRs and controls in Fig. 3.

In general, more differences were identified in the first
group of weeks. This result is in agreement with other stud-
ies [5, 36], which also found more differences in the pre-
term period compared to the early-term, even though the
FHR features analyzed were different.

In the first groups of weeks, all methods identified a sig-
nificant increase in MF% both in the comparison between
GDMs against controls and IUGRs against controls. It can
be noticed that the PRSA_Spt method resulted in a signifi-
cantly bigger size effect. Indeed, traditional methods resulted
in both cases in small size effects (lower than 0.2), while
the ones obtained with PRSA_Spt were moderate (0.40 for
GDMs and 0.36 for IUGRs).

Classical methods did not detect any significant difference
in the HF band for GDMs, while a small reduction was iden-
tified by AR and DFT in the IUGR population. The PRSA_
Spt instead evidenced significantly lower values in the HF
band for both pathological groups compared to controls. The
effect sizes however are small (—0.17 for GDMs and —0.16
for IUGRs), even though the p-values are well below the
5% significance level (3x107® and 7.5x107%, respectively).

No differences were identified in the LF band for GDMs,
while a small reduction was identified by AR in the GDMs.
The PRSA_Spt did not evidence a significant difference in
this band.

In the second group of weeks, some traditional meth-
ods, but not PRSA_Spt, suggest a slight increase in LF% for
GDMs. An increase in MF% in both high-risk groups was
identified only by PRSA_Spt. No differences were identified
in HF%.

The differences between groups identified with the
PRSA_Spt method can also be clearly seen by looking at
the average spectra, which are reported in Fig. 4. It can be
noticed that at weeks 32 to 36 high-risk pregnancies and

Comparisons between Controls and GDMs

Week 32-36 Week 37-38
05 LF% MF% HF% LF% MF% HF%
' B DFT
N AR
CWT
M EMD
H PRSA_Spt
0 0
N e o9 & <
O 0o oo o
dQoma o ::::: JSom< < o< oL a4 NmMmOo <
BAHNE TownN o 238388 98835 REFRNT
© oo oo 0 < coooc oo cococo - coocoo o
mw n n nn mw o nmn mw m o nn mnwuw . n m n nmn unn
0O oo Qo O oo Qo Q oo o0 oo oo oo o 0O Qo a0 o
05 -0.5

Fig.2 Cohen’s effects size for the Mann-Whitney U test in comparison between controls and GDMs. Positive values indicate an increase in the
high-risk population. Confidence intervals are computed using empirical bootstrap with 1000 repetitions
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controls show different behaviors in MF and HF, while they
substantially overlap in the LF band. Moreover, it is clearly
visible a reversal of the trends of physiological and high-
risk pregnancies around 0.55Hz. The differences among the

37 and 38 are much less evident.

Comparisons between Controls and IUGRs
Week 32-36

Week 37-38
LF% MF% HF% LF% MF% HF%
° M DFT
o B AR
Y CWT
n M EMD
B B PRSA_Spt
0 0
v e ¢ 8 v
co0ooo o
SMTNY Lo ONT D! TAMOL o RN
SSRYA <vown FALRE TN =meas
©coooo MmN w» S Cococcococ O©ooocoN S ooco o
L1 1 1 N B [} L I | | I 1| o on non nm n u u n | L L | N | I 1
o 00 Q9 o QO 0o Q o oo oo o oo ooa o O 0O oo o
-0.5 -0.5
Fig.3 Cohen’s size effects for the Mann-Whitney U test in comparison between controls and IUGRs and p-values
Week 32-36 Week 37-38
HF —F— Control | |
—+—GDM
IUGR
ST FE T % E— ; ==
0.5 L | e L N B L
0 0.1 02 03 04 05 06 07 08 0 0.1 02 03 04 05 06 07 08
f[Hz] f[Hz]

Fig.4 Average normalized deceleration-related PRSA_Spt with 95%
confidence intervals computed using empirical bootstrap with 1000
repetitions. Notice that high-risk pregnancies show similar behaviors

sented in normalized units
(increase in MF and decrease in HF) and more relevant differences

Table 3 Medians and quartiles of the total power of the fHR

are observed in the first group of weeks. Spectra have been normal-
ized by dividing by the total power of the PRSA_Spt and are pre-

32-36 37-38
Control GDM IUGR Control GDM IUGR
Tot. Pow. [ms?] 259 (158-404) 220 (143-391) 243 (137-391) 297 (178-452) 265 (166-418) 266 (172-451)
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average PRSA_Spt for the three analyzed groups at weeks

As reported in Table 3 the FHR variance, or total power,
shows a trend which aligns with expectations, i.e., higher
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variability in controls. However, the differences are not sta-
tistically significant.

4 Discussion

The purpose of the research work presented in this manu-
script is twofold. Firstly, we elaborated on the applicability
and robustness of spectral analysis in FHR signals using a
very large dataset of healthy and complicated pregnancies
and compared several existing methods of spectral analy-
sis. Secondly, we proposed a different approach for evalu-
ating the spectrum of the PRSA and compared the results
with those obtained with more classical spectral analysis
methods.

We found that the application of the PRSA method before
computing the spectra improves substantially the capability
to distinguish between uncomplicated and high-risk preg-
nancies compared to classical spectral analysis. On the other
hand, we did not observe substantial differences among the
other methods tested.

Classical methods for time-frequency analysis have the
advantage that allows localizing in time the results, allowing,
for example, to investigate how the fetus reacts to stimuli
(e.g., uterine contractions [37]) and differentiating among
different fetal behavioral states [38]. Moreover, standard
spectral analysis has a direct physiological interpretation.
In fact, changes in the PSD of the HRV signal have been
connected to the action of regulatory mechanisms of the
autonomic nervous system [12].

Concerning the PRSA method, our results suggest that it
presents a marked advantage in the discrimination abilities,
which could lead to an advantage in clinical practice, at the
expenses of providing a less direct physiological interpreta-
tion of the results. Indeed, it does not directly measure the
oscillations in the signal as in classical spectral analysis, but
only the ones that survive the averaging procedure.

We attribute the better ability of the PRSA to discrimi-
nate among complicated and uncomplicated pregnancies to
its intrinsic reduce insensitivity to noise and capability of
capture oscillations that are not phase synchronized. Indeed,
the averaging procedure that is applied when computing the
PRSA curve cancels-out non periodic components. On the
other hand, periodic components that are not phase-synchro-
nized (“phase jumps,” as reported by Bauer et al. [18]) are
enhanced by the procedure. We speculate that in the FHR
these types of short and not phase-synchronized oscillations
may be induced by transient events, like fetal movements of
the body and fetal respiratory movements. Moreover, the
intrinsic non-stationarity and non-regularity of the FHR sig-
nal calls for the application of a method which is robust to
noise, as the PRSA method has demonstrated to be. Lastly,
as demonstrated in [18], the PRSA method is advantageous
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for the detection of quasi-oscillations superimposed on a
long-term correlated series, as it is the case of FHR. While
traditional spectral analysis may be unable to disentangle
these oscillations, the PRSA is able to reliably detect them.

The most relevant difference observed between controls
and high-risk groups is a relative increase in the power in
MF for the latter. Previous studies have attributed oscilla-
tions in this band to the presence of fetal movements [4].
However, we did not observe a significant increase in their
occurrence as perceived by the mother in the high-risk
groups. This may be indicative that other pathophysiologi-
cal mechanisms are at the source of this pattern. Indeed, this
frequency band is arguably the one with the least clear physi-
ological interpretation, which requires further study. Quite
interestingly, in [38], the authors found very little power in
this band in uncomplicated low-risk pregnancies.

The reduction in HF that was observed in the pathological
groups is consistent with a reduction of respiratory move-
ments. Concerning IUGR fetuses, this is backed up by other
studies which found that respiratory movements are lower in
speed, power, and intensity and in general have lower “qual-
ity” [39]. We did not observe significant differences between
the groups in LF% with PRSA_Spt, while minimal differ-
ences were identified using other methods. This is probably
due to the scaling behavior of the PRSA and the choice of
T=1. Indeed, quasi-oscillations that are enhanced the most
lay around 1/2.5T [18] which in our case corresponds to the
HF band. We did identify a significant reduction in LF%
in the high-risk groups at weeks 32-36, but not at weeks
37-38 using T=2 (size effect: —0.19 for GDM and —0.15 for
IUGRs). This, however, came at the expense of substantially
reduced differences in MF% and HF%. At T=4, the relative
power in HF was virtually null.

Interestingly, we did not find substantial differences when
considering the acceleration-related PRSA curve instead of
the deceleration-related one.

Ultimately, the results show that spectral analysis of the
FHR can be a useful tool to distinguish complicated and
uncomplicated pregnancies, which is made substantially
more robust by the use of the PRSA. This may have impor-
tant clinical applications. Concerning IUGR identification,
the use of FHR as a biomarker for screening of the pathology
may be useful, especially in low-income countries. Indeed,
low-cost and easy to use instrumentation for FHR monitor-
ing is already available on the market. However, reliable
IUGR detection via FHR only is still challenging, hence the
need to introduce more reliable and robust features. Moreo-
ver, FHR analysis may be useful to differentiate between
real IUGR and SGA fetuses that can be confused using only
echography.

Regarding diabetes, pregnancy management in pres-
ence of the pathology is still highly uncertain, and develop-
ing methods able to provide additional information to the
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clinicians may be useful for optimal management. Indeed,
identifying variations induced by the pathology in the FHR
may be a first step towards a better understanding of the
effect of maternal diabetes on fetal development and hope-
fully be useful for risk stratification in future studies.

One limitation of the present study is that we only ana-
lyzed data collected using CTG with a sampling frequency
of 2Hz. We acknowledge that the results may change using
FHR acquired with different techniques, such as fetal elec-
trocardiography (fECG). Indeed, high-resolution fECG
recordings allow to obtain the true beat-to-beat fetal heart
rate, which is recommended for PRSA analysis [33]. Moreo-
ver, high-resolution fECG recordings would allow to bet-
ter quantify high-frequency components of the FHR signal
which, as a result of the application of the autocorrelation
technique, are partially filtered-out by ultrasound cardioto-
cographs. However, fECG is still less commonly used in
clinical practice [40] and databases of sufficient size that
include both complicated and uncomplicated pregnancies
are currently not available.

Numerous cardiotocographs provide the values of FHR
every 250 ms (4 Hz). To obtain comparable results in this
setting, the values of T and L should be multiplied by 2 (i.e.,
T=2 and L= 200). It should be noted however that if in the
250 ms time window, there is no detection of a new heart-
beat; the previous FHR value is repeated. This procedure
causes a frequent repetition of FHR values, which affects the
frequency content. To better understand how using a higher
sampling frequency affects the results of the PRSA-based
methodology, we ran some additional simulation studies,
not shown in this manuscript, using surrogate data sampled
at 4 Hz. The simulations show that when using higher sam-
pling frequencies results are similar, but the spectral power
is slightly lower, especially in the HF band. We speculate
that this effect arises from increasing the number of signal
samples, which increases the number of windows used in
the averaging procedure of the PRSA, since about half of
the samples are anchor points, but does not introduce new
quasi-oscillations. Therefore, it produces a PRSA curve with
generally lower amplitude, and, as a result, the PRSA_Spt
has lower power. This effect is more accentuated in the HF
range (over 0.5 Hz), since the new windows will be shifted
by approximately +1 sample, resulting in high frequency
components being probably in counterphase. This further
underlines the fact that it is important to emphasize that,
when analyzing CTG traces, it must be considered that they
are an approximation of the true RR series. While a low
sampling frequency limits the possibility to observe higher
frequency components, increasing the sampling frequency
generates spurious samples which may impair the quality of
the spectral estimation.

Moreover, we selected 20 min from each recording, which
is the minimum length available for all. This is a relatively

short signal length for the application of the PRSA technique
that would benefit from the use of longer series. Indeed, we
believe that employing longer signals, such as those that can
be obtained by non-invasive fECG, would likely improve the
robustness of the results.

Another limitation is that we did not differentiate between
behavioral states, which is something we aim to do as future
development. Moreover, we hope that, in the future, longitu-
dinal clinical studies will be carried out to test the predictive
value of the features discussed for risk stratification, which
is the ultimate goal of antepartum FHR analysis.

5 Conclusions

The analysis in the frequency domain of the FHR provides
useful insights into the fetal physiology, since it allows to
assess non-invasively the functioning of the ANS. In this
paper, we compared four relatively traditional methods to
perform spectral analysis and a novel approach based on
the CWT of the PRSA curve and conclude that the latter
allows to identify more clearly the differences in the fre-
quency content of the FHR induced by GDM and IUGR. We
believe that this approach may have relevant applications, for
example, for improving multi-parameters classification and
assessment of fetal autonomic activity.

Acknowledgements The authors would like to thank M.D. S. Taglia-
ferri, M.D. M. Campanile and M.D. G. Esposito from the Department
of Obstetrical-Gynaecological and Urological Science and Reproduc-
tive Medicine, Federico II University, Naples, Italy, for the collection
of CTG tracings.

Funding Open access funding provided by Politecnico di Milano
within the CRUI-CARE Agreement. The work was carried out with
the support of the MIUR PRIN Project Call 2017 “ICT4AMOMs”
2017RRSEW3. Giulio Steyde is currently supported by the PNRR
project “Multilayered Urban Sustainability Action” (MUSA), spoke 2.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Grivell RM, Alfirevic Z, Gyte GML, Devane D (2015) Antenatal
cardiotocography for fetal assessment. Cochrane Database Syst

@ Springer


http://creativecommons.org/licenses/by/4.0/

446

Medical & Biological Engineering & Computing (2024) 62:437-447

10.

11.

12.

13.

14.

15.

16.

17.

Rev 2015(9):1-39. https://doi.org/10.1002/14651858.CD007863.
pub4

Galli A, Peri E, Rabotti C, Ouzounov S, Mischi M (2022) Auto-
matic optimization of multichannel electrode configurations for
robust fetal heart rate detection by blind source separation. IEEE
Trans Biomed Eng:1-12. https://doi.org/10.1109/tbme.2022.
3212587

Pardey J, Moulden M, Redman CWG (2002) A computer system
for the numerical analysis of nonstress tests. Am J Obstet Gynecol
186(5):1095-1103. https://doi.org/10.1067/mob.2002.122447
Signorini MG, Magenes G, Cerutti S, Arduini D (2003) Linear
and nonlinear parameters for the analysis of fetal heart rate sig-
nal from cardiotocographic recordings. IEEE Trans Biomed Eng
50(3):365-374. https://doi.org/10.1109/TBME.2003.808824
Stroux L, Redman CW, Georgieva A, Payne SJ, Clifford GD
(2017) Doppler-based fetal heart rate analysis markers for the
detection of early intrauterine growth restriction. Acta Obstet
Gynecol Scand 96(11):1322-1329. https://doi.org/10.1111/
aogs.13228

Pini N et al (2021) A machine learning approach to monitor the
emergence of late intrauterine growth restriction. Front Artif
Intell 4. https://doi.org/10.3389/frai.2021.622616

Georgieva A, Abry P, Nunes I, Frasch MG (2022) Editorial:
fetal-maternal monitoring in the age of artificial intelligence and
computer-aided decision support: a multidisciplinary perspec-
tive. Front Pediatr:01-05. https://doi.org/10.3389/fped.2022.
1007799

King VJ, Bennet L, Stone PR, Clark A, Gunn AJ, Dhillon SK
(2022) Fetal growth restriction and stillbirth: biomarkers for iden-
tifying at risk fetuses. Front Physiol 13. https://doi.org/10.3389/
fphys.2022.959750

Lear CA et al (2018) Understanding fetal heart rate patterns that
may predict antenatal and intrapartum neural injury. Semin Pedi-
atr Neurol 28:3-16. https://doi.org/10.1016/j.spen.2018.05.002
Hoyer D et al (2017) Monitoring fetal maturation - objectives, tech-
niques and indices of autonomic function. Physiol Meas 38(5) IOP
Publishing Ltd:R61-R88. https://doi.org/10.1088/1361-6579/aa5fca
Gillman MW (2005) Developmental origins of health and disease.
N Engl J Med 27:1848-1850. https://doi.org/10.1056/NEJMe
058187

Montano N et al (2009) Heart rate variability explored in the fre-
quency domain: a tool to investigate the link between heart and
behavior. Neurosci Biobehav Rev 33(2):71-80. https://doi.org/10.
1016/j.neubiorev.2008.07.006

Shaffer F, Ginsberg JP (2017) An overview of heart rate variability
metrics and norms. Front Public Health 5:1-17. https://doi.org/
10.3389/fpubh.2017.00258

Romano M, Iuppariello L, Ponsiglione AM, Improta G, Bifulco P,
Cesarelli M (2016) Frequency and time domain analysis of foetal
heart rate variability with traditional indexes: a critical survey.
Comput Math Methods Med 2016:16-19. https://doi.org/10.1155/
2016/9585431

Nijhuis JG, Prechtl HFR, Martin CB, Bots RSGM (1982) Are
there behavioural states in the human fetus? Early Hum Dev
6(2):177-195. https://doi.org/10.1016/0378-3782(82)90106-2
Van Laar JOEH, Porath MM, Peters CHL, Oei SG (2008) Spectral
analysis of fetal heart rate variability for fetal surveillance: review
of the literature. Acta Obstet Gynecol Scand 87(3):300-306.
https://doi.org/10.1080/00016340801898950

Ponsiglione AM et al (2021) A comprehensive review of tech-
niques for processing and analyzing fetal heart rate signals. Sen-
sors (Basel) 21(18):6136. https://doi.org/10.3390/s21186136

. Bauer A et al (2006) Phase-rectified signal averaging detects

quasi-periodicities in non-stationary data. Physica A 364:423—
434. https://doi.org/10.1016/j.physa.2005.08.080

@ Springer

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

Lobmaier SM et al (2012) Phase-rectified signal averaging as a
new method for surveillance of growth restricted fetuses. J Matern
Fetal Neonatal Med 25(12):2523-2528. https://doi.org/10.3109/
14767058.2012.696163

Lobmaier SM et al (2018) Influence of gestational diabetes on
fetal autonomic nervous system: a study using phase-rectified
signal-averaging analysis. Ultrasound Obstet Gynecol 52(3):347—
351. https://doi.org/10.1002/uog.18823

Graatsma EM et al (2012) Average acceleration and deceleration
capacity of fetal heart rate in normal pregnancy and in pregnancies
complicated by fetal growth restriction. ] Matern Fetal Neonatal Med
25(12):2517-2522. https://doi.org/10.3109/14767058.2012.704446
Fanelli A, Magenes G, Campanile M, Signorini MG (2013) Quan-
titative assessment of fetal well-being through ctg recordings: a
new parameter based on phase-rectified signal average. IEEE J
Biomed Health Inform 17(5):959-966. https://doi.org/10.1109/
JBHI.2013.2268423

Rivolta MW, Stampalija T, Frasch MG, Sassi R (2020) Theoreti-
cal value of deceleration capacity points to deceleration reserve
of fetal heart rate. IEEE Trans Biomed Eng 67(4):1176-1185.
https://doi.org/10.1109/TBME.2019.2932808

Bauer A et al (2006) Deceleration capacity of heart rate as a
predictor of mortality after myocardial infarction: cohort study.
Lancet 367(9523):1674-1681. https://doi.org/10.1016/S0140-
6736(06)68735-7

Pan Q et al (2016) Do the deceleration/acceleration capacities of
heart rate reflect cardiac sympathetic or vagal activity? A model
study. Med Biol Eng Comput 54(12):1921-1933. https://doi.org/
10.1007/s11517-016-1486-9

Spairani E, Daniele B, Magenes G, Signorini MG (2022) "A novel
large structured cardiotocographic database,” in 2022 44th Annual
International Conference of the IEEE Engineering in Medicine &
Biology Society (EMBC), IEEE, pp. 1375-1378. https://doi.org/
10.1109/EMBC48229.2022.9871340

Magenes G, Signorini MG, Ferrario M, Lunghi F (2007) 2CTG2:
a new system for the antepartum analysis of fetal heart rate. In:
IFMBE Proceedings. Springer Verlag, pp 781-784. https://doi.
0rg/10.1007/978-3-540-73044-6_203

Gordijn SJ et al (2016) Consensus definition of fetal growth
restriction: a Delphi procedure. Ultrasound Obstet Gynecol 48(3):
333-339. https://doi.org/10.1002/uog.15884

Caughey A, Turrentine M (2017) ACOG practice bulletin: gesta-
tional diabetes mellitus. Obstet Gynecol 130(1):e17—e31. https://
doi.org/10.1097/A0G.0000000000002501

Huang NE et al (1998) The empirical mode decomposition and
the Hilbert spectrum for nonlinear and non-stationary time series
analysis. Proc R Soc A: Math Phys Eng Sci 454(1971):903-995.
https://doi.org/10.1098/rspa.1998.0193

Torrence C, Compo GP (1998) A practical guide to wavelet analy-
sis. Bull Am Meteorol Soc 79(1):61-78. https://doi.org/10.1175/
1520-0477(1998)079<0061: APGTWA>2.0.CO;2

Colominas MA, Schlotthauer G, Torres ME (2014) Improved
complete ensemble EMD: a suitable tool for biomedical signal
processing. Biomed Signal Process Control 14(1):19-29. https://
doi.org/10.1016/j.bspc.2014.06.009

Kantelhardt JW et al (2007) Phase-rectified signal averaging for
the detection of quasi-periodicities and the prediction of cardio-
vascular risk. Chaos 17(1). https://doi.org/10.1063/1.2430636
Sassi R, Stampalija T, Casati D, Ferrazzi E, Bauer A, Rivolta
MW (2014) A methodological assessment of phase-rectified sig-
nal averaging through simulated beat-to-beat interval time series.
Comput Cardiol 41:601-604

Fritz CO, Morris PE, Richler JJ (2012) Effect size estimates:
current use, calculations, and interpretation. J Exp Psychol Gen
141(1):2-18. https://doi.org/10.1037/a0024338


https://doi.org/10.1002/14651858.CD007863.pub4
https://doi.org/10.1002/14651858.CD007863.pub4
https://doi.org/10.1109/tbme.2022.3212587
https://doi.org/10.1109/tbme.2022.3212587
https://doi.org/10.1067/mob.2002.122447
https://doi.org/10.1109/TBME.2003.808824
https://doi.org/10.1111/aogs.13228
https://doi.org/10.1111/aogs.13228
https://doi.org/10.3389/frai.2021.622616
https://doi.org/10.3389/fped.2022.1007799
https://doi.org/10.3389/fped.2022.1007799
https://doi.org/10.3389/fphys.2022.959750
https://doi.org/10.3389/fphys.2022.959750
https://doi.org/10.1016/j.spen.2018.05.002
https://doi.org/10.1088/1361-6579/aa5fca
https://doi.org/10.1056/NEJMe058187
https://doi.org/10.1056/NEJMe058187
https://doi.org/10.1016/j.neubiorev.2008.07.006
https://doi.org/10.1016/j.neubiorev.2008.07.006
https://doi.org/10.3389/fpubh.2017.00258
https://doi.org/10.3389/fpubh.2017.00258
https://doi.org/10.1155/2016/9585431
https://doi.org/10.1155/2016/9585431
https://doi.org/10.1016/0378-3782(82)90106-2
https://doi.org/10.1080/00016340801898950
https://doi.org/10.3390/s21186136
https://doi.org/10.1016/j.physa.2005.08.080
https://doi.org/10.3109/14767058.2012.696163
https://doi.org/10.3109/14767058.2012.696163
https://doi.org/10.1002/uog.18823
https://doi.org/10.3109/14767058.2012.704446
https://doi.org/10.1109/JBHI.2013.2268423
https://doi.org/10.1109/JBHI.2013.2268423
https://doi.org/10.1109/TBME.2019.2932808
https://doi.org/10.1016/S0140-6736(06)68735-7
https://doi.org/10.1016/S0140-6736(06)68735-7
https://doi.org/10.1007/s11517-016-1486-9
https://doi.org/10.1007/s11517-016-1486-9
https://doi.org/10.1109/EMBC48229.2022.9871340
https://doi.org/10.1109/EMBC48229.2022.9871340
https://doi.org/10.1007/978-3-540-73044-6_203
https://doi.org/10.1007/978-3-540-73044-6_203
https://doi.org/10.1002/uog.15884
https://doi.org/10.1097/AOG.0000000000002501
https://doi.org/10.1097/AOG.0000000000002501
https://doi.org/10.1098/rspa.1998.0193
https://doi.org/10.1175/1520-0477(1998)079<0061:APGTWA>2.0.CO;2
https://doi.org/10.1175/1520-0477(1998)079<0061:APGTWA>2.0.CO;2
https://doi.org/10.1016/j.bspc.2014.06.009
https://doi.org/10.1016/j.bspc.2014.06.009
https://doi.org/10.1063/1.2430636
https://doi.org/10.1037/a0024338

Medical & Biological Engineering & Computing (2024) 62:437-447

447

36.

37.

38.

39.

40.

Ferrario M, Signorini MG, Magenes G (2009) Complexity analy-
sis of the fetal heart rate variability: early identification of severe
intrauterine growth-restricted fetuses. Med Biol Eng Comput
47:911-919. https://doi.org/10.1007/s11517-009-0502-8
Romano M, Bifulco P, Cesarelli M, Sansone M, Bracale M (2006)
Foetal heart rate power spectrum response to uterine contraction.
Med Biol Eng Comput 44(3):188-201. https://doi.org/10.1007/
s11517-006-0022-8

David M, Hirsch M, Karin J, Toledo E, Akselrod S, An AS (2007)
An estimate of fetal autonomic state by time-frequency analysis of
fetal heart rate variability. J] Appl Physiol 102:1057-1064. https://
doi.org/10.1152/japplphysiol.00114.2006

Bos F, Einspieler C (2001) Intrauterine growth retardation, general
movements, and neurodevelopmental outcome: a review. Dev Med
Child Neurol 43:61. https://doi.org/10.1111/j.1469-8749.2001.
tb00388.x

Hamelmann P et al (2020) Doppler ultrasound technology for fetal
heart rate monitoring: a review. IEEE Trans Ultrason Ferroelectr
Freq Control 67(2) Institute of Electrical and Electronics Engi-
neers Inc.:226-238. https://doi.org/10.1109/TUFFC.2019.29436
26

Publisher’s Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Giulio Steyde is a PhD student in
Bioengineering at Politecnico di
Milano from 2023. He previ-
ously spent 1 year as a research
fellow at the same university. His
research focuses on the analysis
of fetal heart rate variability.

Edoardo Spairani is a PhD stu-
dent in bioengineering at the
University of Pavia. His research
focuses on Al techniques for the
analysis and classification of
biosignals, in particular adult
and fetal heart rate variability.

Giovanni Magenes received the
Ph.D. in Biomedical Engineer-
ing from the Politecnico di
Milano, Italy, in 1987. He is now
Full Professor of Biomedical
Engineering and President of the
Centre for Health Technologies
at the University of Pavia, Italy.

Maria G. Signorini is Full Profes-
sor in Bioengineering at the
Department of Electronic, Infor-
mation and Bioengineering,
Politecnico Milano, and Ph.D. in
Bioengineering. Her research
topics are biomedical signals
processing and Al models.

@ Springer


https://doi.org/10.1007/s11517-009-0502-8
https://doi.org/10.1007/s11517-006-0022-8
https://doi.org/10.1007/s11517-006-0022-8
https://doi.org/10.1152/japplphysiol.00114.2006
https://doi.org/10.1152/japplphysiol.00114.2006
https://doi.org/10.1111/j.1469-8749.2001.tb00388.x
https://doi.org/10.1111/j.1469-8749.2001.tb00388.x
https://doi.org/10.1109/TUFFC.2019.2943626
https://doi.org/10.1109/TUFFC.2019.2943626

	Fetal heart rate spectral analysis in raw signals and PRSA-derived curve: normal and pathological fetuses discrimination
	Abstract 
	1 Introduction
	2 Methods
	2.1 Dataset description
	2.2 Time-frequency analysis: classical methods
	2.2.1 Explicit windowing: DFT and AR
	2.2.2 Time-varying algorithms: CWT and EMD
	2.2.3 Feature computation

	2.3 PRSA spectrum evaluation
	2.3.1 The PRSA curve
	2.3.2 The PRSA spectrum
	2.3.3 PRSA-derived spectral features

	2.4 Statistical methods

	3 Results
	4 Discussion
	5 Conclusions
	Acknowledgements 
	References


