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Multiresolution wavelet analysis with thorough processing of decomposition coefficients using a set of
cumulants is proposed as a way to improve the characterization of complex dynamics based on experimental
data. The application of this approach for quantification the effects of aging in the responses of the electrical ac-
tivity of the brain to finemotor tasks (clenching the fist) is considered. It is shown that young and elderly adults
have significant differences in reactions to this type of movements carried out by the dominant and non-
dominant hand. The characterization of inter-group distinctions using the skewness and kurtosis of the probabil-
ity distribution of the wavelet decomposition coefficients outperforms the diagnostics of age-related differences
based on standard deviation of this distribution.
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1. Introduction

Multiresolution wavelet analysis (MWA) is one of the most popular
methods for studying complex processes at multiple scales [1–3]. It de-
composes a signal using two sets of conjugate mirror filters to get inde-
pendent information in the form of wavelet-coefficients that describe
the signal in non-overlapping frequency bands. This tool is especially
useful if the results of the analysis should include not only knowledge
of specific frequencies/amplitudes, but also their behavior over time.
The latter extends the applicability ofMWA to different types of nonsta-
tionary processes. Its advantages over Fourier-basedmethods, aswell as
various fields of application, are described in many books and research
papers, e.g. [4–9]. The most important features of MWA are associated
with the use of localized basic functions that improve the analysis of ex-
perimental data containing artifacts or extreme events. The algorithm
makes it possible to analyze signals without their preliminary process-
ing (detrending, noise reduction), since band-pass filtering is involved
at each stage of signal decomposition.

Fluctuations in the signal cause corresponding changes in the de-
composition coefficients, and a good measure of their variability is the
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variance or standard deviation (SD). Thismeasure has been used in var-
ious studies, in particular, to search for precursors of engine destruction
[10], diagnose heart rate failures based on RR-intervals [11], quantify
processes of multi-particle production [12], identify and classify specific
oscillatory patterns in neurophysiological data sets [13–15], etc. How-
ever, this measure reflects only a part of information about the
wavelet-coefficients, whichmay be insufficient for diagnostic purposes.
Recently, it has been discussed how amore thorough analysis of the de-
composition coefficients can improve the characterization of complex
processes, and an enhanced approach has been proposed [16] combin-
ing MWA with detrended fluctuation analysis, subsequently verified
using both simulated and experimental data [16,17]. This approach is
well suited for relatively long datasets, since pyramidal decomposition
of the signal reduces the number of detail wavelet-coefficients as the
resolution level increases, and each successive level is associated with
a halved set of coefficients. When dealing with rather short signals,
the latter may be not enough to consider a wide range of scales and
quantify power-law correlations. In such cases, a statistical analysis of
the coefficients usingmoments or cumulants may be preferable. In par-
ticular, it is shown that transitions between synchronous and asynchro-
nous oscillations in coupled Lorenz systems are better recognized from
noisy sequences of return times using the kurtosis of the distribution of
wavelet coefficients compared to SD [18].

This circumstance suggests that more thorough processing of com-
plex signals in wavelet space using, for example, cumulant analysis
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may be preferable to improve the characterization of experimental
measurements, especially for relatively short datasets. Based on this
idea, here we apply an enhanced version of MWA to characterize age-
related differences in brain electrical activity during fine motor tasks.
Aging is a reason of numerous chronic changes in the human body, in-
cluding violations of biological and physiological processes resulting in
different disabilities [19–22]. It affects the electrical activity of the
brain leading to serious diseases. For diagnostic purposes, it is important
to identify the early (latent) stages of brain diseases frommild disorders
which are related to healthy aging. Therefore, the search for precursors
of the early stages of diseases and risk factors is an important problem.
Healthy aging affects the impairment of cognitive and motor functions,
leading to delays in reactions, reducedmotor control [23–26], etc.When
performing finemotor tasks, the electrical activity of the brain in elderly
adults may involve additional areas of the brain [27–30] that is ex-
plained by a compensatory mechanism [31,32]. For this reason, distinc-
tions between young and elderly adults are expected. Besides the
differences associated with the position of the electrodes, there is an-
other age-related change, namely, a reduction of distinctions in the re-
sponses for the dominant and non-dominant hand when carrying out
fine motor tasks. In our work, we study the possibility of diagnosing
this type of age-related effects based on enhanced MWA for the case
of tasks consisting of clenching the hand into a fist. The considered ap-
proach can also be applied, e.g. to characterize the dynamics of complex
networks of various nature [33,34].

The paper is organized as follows. Section 2 describes theMWAalgo-
rithm with its proposed extension. This section also provides informa-
tion about the experiments and related datasets considered in our
study. The main results describing the effectiveness of the enhanced
MWA for quantifying age-related distinctions in the performance of
fine motor tasks and their discussion are given in Section 3. Section 4
summarizes the concluding remarks.

2. Methods and experiments

2.1. Multiresolution wavelet analysis

MWA uses a pyramidal decomposition algorithm with two sets of
filters: low-pass filters φj, k composed of the dilated and translated
scaling function φ(t), and high-pass filters ψj, k constituted by the
related transformations of the wavelet-function ψ(t)

φ j,k tð Þ ¼ 2 j=2φ 2jt−k
� �

, ψ j,k tð Þ ¼ 2 j=2ψ 2jt−k
� �

: ð1Þ

The signal x(t) at some resolution level jm is decomposed as

x tð Þ ¼ ∑
k
s jm ,kφ jm ,k

tð Þ þ∑
j≥jm

∑
k
d j,kψ j,k tð Þ: ð2Þ

where sj,k and dj,k are the approximation and detail coefficients,
respectively. Their amount changes between decomposition levels:
the number of dj,k is halved at the transition from level j to j + 1, and
decomposition can be performed until this number becomes less than
the support length of the wavelet function. Orthogonal functions of
the Daubechies family Dn are usually applied [3], and the choice of
ψ(t) is made depending on the research aim, e.g., functionwith a higher
rank n aremore regular, possess a larger number of vanishingmoments
that is important to process signals with polynomial trends (the latter
will be ignored), but such functions have a larger support length, re-
quire more time for signal processing, and their selection is not always
the best choice. In many applications, the D8 wavelet is used as a good
compromise between the support length and the regularity of the basic
function.

Signal variations lead tofluctuations in thedetail coefficients dj,k, and
their variability depending on the resolution level gives important
2

information about the signal features. Due to this, the SD of detail
wavelet-coefficients is often used as an informative measure

σ j ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
J
∑
J

k¼1
d j,k−<d j,k>
� �2s

, 〈d j,k〉 ¼ ∑
J

k¼1
d j,k, ð3Þ

where J is the number of dj,k at the resolution level j.

2.2. Enhanced MWA

Although the above approach has demonstrated its efficiency in
solvingmany research problems, e.g. [10–15], let us point out its restric-
tion. In general, this approach is based on only onemeasure of the prob-
ability distribution of the detail wavelet-coefficients, namely the
variance or SD. The width of the distribution is an important character-
istic of the set dj,k, however, it does not take into account the symmetry
property, the probability of large values (“tails” of the distribution), etc.
In other words, limiting to one measure may not be enough for the
quantification of signal features in wavelet space. In recent studies, we
proposed to use an approach combining MWAwith detrended fluctua-
tion analysis to characterize power-law correlations in dj,k coefficients
and showed how this approach expands the ability to diagnose
changes in the dynamics of complex systems [16,17]. When dealing
with relatively short datasets, the number of dj,k for large j is often not
enough to study long-range correlations. In this case statistical analysis
of dj,k based on moments or cumulants may be preferable. Here we
propose to apply cumulant analysis in wavelet space to take into
account not only the second cumulant (variance), but also the third
one (skewness)

A jð Þ ¼ μ3
j

σ3
j

, μ3
j ¼ 1

J
∑
J

k¼1
d j,k−〈d j,k〉
� �3

: ð4Þ

and the fourth cumulant (kurtosis or excess kurtosis)

E jð Þ ¼
μ4
j

σ4
j

−3, μ4
j ¼ 1

J
∑
J

k¼1
d j,k−〈d j,k〉
� �4

: ð5Þ

2.3. Experimental studies

The experiments were carried out in Innopolis University (Kazan,
Russia). Two groups of healthy right-handed volunteers were consid-
ered each consisting of 10 participants. The first group included young
volunteers aged 19–33 years (7 men and 3 women), and the second
group consisted of elderly adults (55–72 years old, 4 men and 6
women). The participants signed a written informed consent and
were informed about the details of the experiments. They also con-
firmed the absence of neurological diseases such as tumors, traumatic
brain injuries, etc. Experimental procedures were carried out according
to the Helsinki Declaration and protocols approved by the local Ethics
Committee of the Innopolis University.

EEGs were recorded from 31 electrodes by means of an
“Encephalan-EEG-19/26” electroencephalograph (Medicom MTD, Ta-
ganrog, Russia)with a sampling rate of 250Hz. The positions of the elec-
trodes were selected following the international 10–10 scheme. At the
stage of data preprocessing, a Butterworth bandpass filter was used
whose cut-off frequencies were selected at 1 Hz and 100 Hz, and a
50 Hz notch filter was applied.

During the experiment, the volunteers sat on a chair with their
hands on the table desk. The baseline EEG (relaxation, eyes open) was
recorded for 5 min, then a series of 30 motor tasks per each hand was
performed. Within the task, the volunteer clenched his/her hand into
a fist after an audio signal (a beep) and keep it clenched until the next
signal. Depending of the duration of the beep, movement by the left



Fig. 1. Standard deviations of detail wavelet-coefficients versus the resolution level for EEG segments related to hand-to-fist clenching in two groups of volunteers: (a) left, and (b) right
hand movements. Results are given as mean ± SE.
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hand (LH) (a short signal, 0.3 s) or the right hand (RH) (a prolonged sig-
nal, 0.75 s) was done [35,36]. A random selection of tasks (LH or RH)
was applied avoiding adaptation (training). EEG segments related to
each taskwere extracted for further analysis.We used segments involv-
ing 2 s of the baseline EEG preceding the motor task, 4–5 s of the tasks
itself (during this period of time, the volunteer clenched the hand and
held the fist in a clenched state), 6–8 s of unclenching, and a pause be-
fore the next task. The extracted segments were centered at the start
of the first signal. In the course of visual inspection, EEG segments less
corrupted by artifacts were chosen (15 hand-to-fist clenching for each
hand).

3. Results and discussion

3.1. MWA

Systems with time-varying dynamics often show an increasing de-
pendence of σj. On small scales, changes in the local mean value and
other types of nonstationary behavior usually do not have an essential
effect on the probability distribution of detail wavelet-coefficients,
since short data segments can be interpreted as parts of a stationary
process, and characteristics estimated from these segments may vary
strongly in only a few cases, such as short-term events (artifacts or fail-
ures of recording equipment). When passing to each next level of reso-
lution (from j to j + 1), the segments length doubles, and becomes
comparable with the entire time series at the end of the pyramidal de-
composition procedure. As a result, transients and other slow nonsta-
tionary components can have a stronger influence, and the variance of
Fig. 2. Standard deviations of detail wavelet-coefficients on the plane (σ6, σ7) for elderly (a) an
movements by the left and right hand.

3

dj,k grows. The time-varying dynamics of physiological systems is not
necessarily due to recording equipment or inappropriate experimental
procedures. Often, it reflects responses to a change in the state of the
system, which are important for diagnostic purposes, and such types
of nonstationary behavior should not be excluded from data analysis.
The fine motor tasks considered in this study are an example of a case
when time-varying EEG dynamics is expected, and the subject of the
study is differences in the responses of young and elderly adults. Since
the time intervals associated with the hand-to-fist clenching signifi-
cantly exceed the sampling step, we expect the variance of dj,k to
increase with j.

Fig. 1 confirms this expectation for two groups of volunteers. Here, a
two-step averagingwas done: the first step is averaging over all individ-
ual tasks and channels for every participant, and the second step is
group averaging (mean value ± SE). In addition to the growing depen-
dences of σj, let us note that higher resolution levels are more
appropriate for detecting age-related effects. This may be explained by
the consideration of more suitable time intervals for highlighting differ-
ences: large time scales (comparable to the execution of the task itself)
are more informative for studying responses in brain electrical activity
than much shorter time intervals related to very small parts of the
task. Fig. 1 is an illustration of the distinctions between the responses
in groups of volunteers to movements by dominant and non-
dominant hand. In both cases, inter-group separation is observed,
e.g., for j = 7 (the Mann-Whitney test, p < 0.05). Distinctions for indi-
vidual participants are shown in Fig. 2, where the symbols mark the
values of σj associated with fine motor tasks performed by the left and
right hand. Each symbol corresponds to a value averaged over 15
d young (b) volunteers. Elderly volunteers show less distinctions in the characteristics for



Table 1
The average number of EEG channels with significant inter-group distinctions for three
values of p. Here, we compared the values of Δσ6, ΔA6, ΔE6 for detail wavelet
coefficients related to fist clenching. Advantages of using ΔA6 and ΔE6 for detecting the
effects of aging are obvious.

Measure Confidence level

p < 0.05 p < 0.01 p < 0.001

Δσ6 6 2 1
ΔA6 19 14 11
ΔE6 19 15 8
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recurring tasks and all channels. Numbers are used to identify results
with each volunteer. According to Fig. 2, much stronger distinctions
between the characteristics of EEG for movements by the left and
right hand are observed in young adults. Elderly volunteers are charac-
terized by nearly similar values of σj for suchmovements, i.e., they have
distinctly smaller differences between the responses tomotor tasks per-
formed by the dominant and non-dominant hand. Thus, Δσj = σj

left −
σj
right can be used to quantify inter-group distinctions. Further, we will

compare Δσj and analogous measures for other cumulants, namely,
ΔAj = Aj

left − Aj
right and ΔEj = Ej

left − Ej
right.
3.2. Enhanced MWA

Despite the above analysis clearly shows age-related differences be-
tween the responses to movements of the left and right hand (Fig. 2),
their quantitative assessment can be better provided if the dj,k
coefficients are more thoroughly processed. Cumulants make it
possible to obtain a more informative description of various features
of the probability distribution, including its symmetrical properties,
the behavior of “tails”, i.e., the probability of large values, etc. Moreover,
differences can vary depending on the electrode position, and this cir-
cumstance should also be taken into account.

At the first stage, we compared the effectiveness of cumulants in de-
tecting the aging effects based on the Student's t-test and searched for
the maximum t-value that quantifies inter-group differences between
the characteristics of EEG segments in wavelet space related to move-
ments by the left and right hand for all EEG-channels and resolution
levels, i.e., for Δσj, ΔAj, ΔEj, j∈[1,7]. Larger values of t are obtained for
skewness (ΔAj) and kurtosis (ΔEj), 10.32±0.46 and 7.26±0.37,
respectively versus 2.38±0.23 for Δσj, and therefore, the assessment
of these cumulants reveals more significant differences between the
probability distributions of dj,k for EEG recordings in young and elderly
adults when comparing fine motor tasks carried out by the dominant
and non-dominant hand. This is also confirmed by the estimation of
the average number of channels where such differences are significant
(Table 1). The results are given for three values of p and the 6-th level
of resolution. These results do not mean that the variance or SD is inap-
propriatemeasures to describe the effects of aging. Ourmain conclusion
Fig. 3. A relation between the inter-group distinctions and the position of the elec
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is that analysis based on various features of the wavelet coefficients is
preferable for diagnostic purposes.

In order to relate the identified differences between the characteris-
tics of responses to movements by the dominant and non-dominant
hand to specific areas of the brain,we also considered their distributions
in relation to the position of the electrode. These results are shown in
Fig. 3. In accordance to this figure, we can conclude that main differ-
ences for ΔA6 and ΔE6 are observed in frontal lobe (its parts
responsible for motor control, concentration, planning and problem
solving) and have a rather strong reflection if parietal lobe (body
awareness). For Δσ6, the distinctions are less pronounced. We can
conclude, that the observed distinctions do not have a limited region
of their reflection and, in particular, can be detected in more than a
half of EEG channels. Significant differences (p < 0.05) are also found
on the next level of resolution (j = 7) in 12, 22, and 18 channels for
Δσ7,ΔA7 andΔE7, respectively, i.e. the observed age-related distinctions
aremore pronounced than for j=6, although the conclusion for the lat-
ter level about the absence of a limited region of their detection remains
unchanged. The relation between the distinctions and the position of
the electrode for j = 7 are shown in Fig. 4.

4. Conclusion

We discussed how an enhanced version of MWA, which includes a
thorough analysis of the decomposition coefficients, is able to improve
characterization of complex processes based on experimental data.
The proposed way for such an improvement consists in the use of
cumulants being the expansion coefficients of the natural logarithm of
the characteristic function into the Maclaurin series. Although a set of
cumulants provides the same information as a set of moments, their in-
terpretation is more convenient in some cases. The general idea was to
show how taking into account the various features of the probability
distribution is helpful for diagnostic-related studies. As an example of
the experiments chosen to support this idea, finemotor tasks consisting
of clenching hands into fists were used in two groups of adult volun-
teers of different ages. The obtained results show that a simpleMWAal-
gorithm with an estimate of the standard deviation of the detail
coefficients can clearly describe the effects of aging, but the use of skew-
ness and kurtosis of the probability distribution makes the inter-group
separation more pronounced and significant. In particular, these dis-
tinctions are revealed for a larger number of EEG channels. Thus, we
can conclude that the results of this study can confirm the benefits of
enhanced versions of MWA.
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Fig. 4. A relation between the inter-group distinctions and the position of the electrode for Δσ7 (SD), ΔA7 (A), ΔE7 (E) according to t-value of the Student's test.
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