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Wavelet-based Multifractal Analysis of Heartbeat Dynamics: Non-Gaussian
Expansion vs. Cumulants
V. Catrambone1∗ , H. Wendt2 , R. Barbieri3 , P. Abry4 , and G. Valenza1
Abstract— Nonlinear and non-Gaussian analysis contributes
to a comprehensive characterization of autonomic nervous
system control on heartbeat dynamics. Nevertheless, a statistical
comparison between non-Gaussian features and cumulants in
the frame of a wavelet-based multifractal analysis of heartbeat
dynamics has not been performed yet. Here we exploit a
multifractal features formulation based on wavelet p-leaders
spectrum applied to instantaneous heartbeat estimates from inhomogeneous point processes. We then perform a non-Gaussian
multiscale expansion and analyze physiologically-meaningful
differences between resting state and cold-pressure test in 30
healthy subjects. Results show that nonlinear and non-Gaussian
features are associated with statistical differences between
physiological states, whereas cumulants from the multifractal
spectrum, till the third order, were not statistically different.

I. I NTRODUCTION
Cardiovascular dynamics result from a continuous interplay between different physiological systems occurring at
an anatomical and functional levels [1]. This interplay is
thought to be responsible for generating non-stationary and
nonlinear characteristics in heartbeat dynamics as quantified
from Heart Rate Variability (HRV) series [1]. To this end,
exemplary fractal, multiscale, and non-Gaussian analysis
has been successfully employed for the characterization of
autonomic control on heartbeat in health and disease [1]–[3].
Cardiovascular dynamics does not show a self-similar
dynamics because different Hurst exponents exist at different
time scales. Hence, multifractal (MF) spectra can be used
for a comprehensive characterization of heartbeat dynamics
detecting fluctuations in self-regularity. Methods including
detrended fluctuation analysis and modulus maxima method
of the wavelet transform were proposed to perform a MF
analysis. Recently, a methodological framework quantifying
nonlinear and non-Gaussian features through the p-leaders
generalization of the wavelet leaders MF formalism has been
proposed [4], [5].
Although a multiscale MF analysis has recently been
proven effective when integrated with inhomogeneous pointprocess modelling for heartbeat dynamics [2], [6], a statistical comparison on p-leaders-derived features from a nonGaussian expansion and cumulants has not been performed
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yet. Therefore, in this study we investigate MF cumulants and
features from a non-Gaussian expansion, from instantaneous
cardiovascular dynamics while discerning between different
sympathovagal changes. Particularly, we process cardiovascular data from healthy subjects undergoing a cold-pressor
test (CPT), which provides a significant thermal peripheral
elicitation and activates the autonomic nervous system [7]–
[9].
II. M ATERIALS AND M ETHODS
A. Experimental Setup
Details on the experimental procedure are reported in
[6], [7]. Briefly, thirty right-handed healthy volunteers (15
females, average age of 26.7 years) sat comfortably on a
chair and underwent a 3-minute resting state and a subsequent CPT for up to 3 minutes. Data from six subjects
were not considered for further analyses because of corrupted
recordings. One-lead ECG was recorded continuously with
a 500Hz sampling rate, and R-peaks were automatically
detected using the Pan-Tompkin’s algorithm. RR interval
series were then processed by using inhomogeneous pointprocess models for heartbeat dynamics [10], from which
we derived instantaneous estimates of first-order moment
(mean-HR) of the probability density function predicting
each heartbeat interval [10].
B. Multifractals and non-Gaussian Multiscale analyses
The series self-similarity can be formalized through the
wavelet spectrum, SdX , modelled through a power law whose
exponent is controlled by the Hurst parameter H and the
well-known discrete wavelet transform dX [11].
Multifractality extends the self-similarity concept by introducing the temporal variability of the Hurst exponent
H = h(t), such that the model can be described through
a multifractal spectrum D(h). This spectrum collects the
temporal repetition of the level series of h(t) [5]. The
quantification of D(h) requires a range of moments q and
(p)
wavelet p-leaders `X defined as the local `p norms of
wavelet coefficients within a thin temporal neighbourhood
over all finer scales. Peculiar properties of D(h) can be
estimated through the use of its cumulants:

(p)
(p)
Cm
(j) ≡ Cumm log `X (j) ' c0m + cm log(2j )

(1)

where mode, width, asymmetry, and flatness of D(h) are
quantified by c1 , c2 , c3 and c4 , respectively [5].
Starting from (1), a recently proposed multiscale nonGaussian expansion can be defined as follows [4]:

LQ1

L2P
q (j) =

∞
X

PP

m−1
i=1 q2i−1

Cm (j)

−

m−1
q2i

(2)

m!

m=2

0

0

-2

-5

-4

-10

-6

-15

-8

-20

-10

-25

III. S TATISTICAL A NALYSIS AND R ESULTS
We investigated statistical differences between rest and
CPT at different time scales using L2P
q (s) coefficients gathered from a non-Gaussian multiscale expansion of meanHR. Features including LQ1, LQ2, and LQ3 are listed
in Table I. The multifractal analysis is implemented by
employing a Daubechies wavelet function, with Nφ = 3
vanishing moment. Statistical differences were investigated
using Wilcoxon non-parametric tests for paired samples.
Results show that cumulants derived from the mean-HR
multifractal spectrum are not associated with significant
differences (see Figure 1), whereas indices from the nonGaussian expansion are associated with significant differences at different time scales (see Figure 2).
TABLE I: Non-Gaussian Expansion Indices
moments qi

cumulants Cm active in (2)
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(0.25, 2)
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Fig. 2: LQ1, LQ2, LQ3 calculated from mean-HR of a
point-process model during resting (blue) and CPT (red)
sessions. Values indicate the median across subjects, whereas
vertical bars refer to the median absolute deviation. Asterisks
indicate statistically significant differences between sessions
(p < 0.05).

using features from a non-Gaussian expansion and cumulants.
We demonstrated that non-Gaussian indices derived from
cardiac dynamics tend to a zero value at higher scales,
thus depicting a progression towards gaussianity from lower
scales to higher scales. Moreover, results are in agreement
with [6] showing a general higher non-Gaussianity during
the resting phases with respect to a CPT. Interestingly, major
differences are with LQ3, which quantifies the belonging to a
non-log-normal distribution. We conclude that cardiovascular dynamics have an inherent non-Gaussianity decreasing
trend when a haemodynamic stress is applied (i.e. CPT
cause an increased mean arterial and blood pressure [8]),
differently from cumulants. Other variables from the point
process framework will be investigated in future studies
using different heartbeat datasets.
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Fig. 1: First three order cumulants calculated from mean-HR
of a point-process model during resting (blue) and CPT (red)
sessions. Values indicate the median across subjects, whereas
vertical bars refer to the median absolute deviation. Asterisks
indicate statistically significant differences between sessions
(p < 0.05).
IV. D ISCUSSION AND C ONCLUSION
In this study we characterized the multifractal behaviour of
heartbeat dynamics during a CPT elicitation with respect to
a resting state in healthy subjects. We exploited the recently
defined wavelet-based multifractal analysis in cardiovascular
dynamics derived from inhomogeneous point-process models
[10] and investigated statistical differences between sessions
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