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Abstract

In quantitative electroencephalography, it is of vital
importance to eliminate non-neural components, as
these can lead to an erroneous analysis of the ac-
quired signals, limiting their use in diagnosis and
other clinical applications. In light of this drawback,
preprocessing pipelines based on the joint use of
the Wavelet Transform and the Independent Com-
ponent Analysis technique (wICA) were proposed in
the 2000s. Recently, with the advent of data-driven
methods, deep learning models were developed for
the automatic labeling of independent components,
which constitutes an opportunity for the optimiza-
tion of ICA-based techniques. In this paper, ICLabel,
one of these deep learning models, was added to the
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wlICA methodology in order to explore its improve-
ment. To assess the usefulness of this approach, it
was compared to different pipelines which feature
the use of wiCA and ICLabel independently and a
lack thereof. The impact of each pipeline was mea-
sured by its capacity to highlight known statisti-
cal differences between asymptomatic carriers of
the PSEN-1 E280A mutation and a healthy control
group. Specifically, the between-group effect size
and the P-values were calculated to compare the
pipelines. The results show that using ICLabel for ar-
tifact removal can improve the effect size (ES) and
that, by leveraging it with wiCA, an artifact smooth-
ing approach that is less prone to the loss of neural
information can be built.
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Resumen

En la electroencefalografia cuantitativa es de vital im-
portancia la eliminacién de componentes no neurona-
les, ya que estos pueden conducir a un analisis erréneo
de las sefales adquiridas, limitando su uso al diagnés-
tico y otras aplicaciones clinicas. Dado este inconve-
niente, en la década de 2000 se propusieron flujos de
preprocesamiento basados en el uso conjunto de la
Transformada Wavelet y la técnica de Anélisis de Com-
ponentes Independientes (wICA). Recientemente, con
la llegada de los métodos basados en datos, se desa-
rrollaron modelos de aprendizaje profundo para el eti-
quetado automatico de componentes independientes,
lo que gener6 una oportunidad para la optimizacién de
las técnicas basadas en ICA. En este estudio, se ahadid
[CLabel, uno de estos modelos de aprendizaje profun-
do, a la metodologia de wlCA para explorar su mejora.
Para evaluar la utilidad de este enfoque, se comparé
con diferentes flujos que muestran el uso de wiCA e
[CLabel de forma independiente y en su ausencia. El
impacto de cada flujo se midié mediante su capacidad
para resaltar diferencias estadisticas conocidas entre los
portadores asintomaticos de la mutacion PSEN-1 E280A
y un grupo de control sano. Se calcularon especifica-
mente el tamafio del efecto entre grupos y los valores P
para comparar los flujos. Los resultados muestran que el
uso de ICLabel para la eliminacion de artefactos puede
mejorar el tamano del efecto (ES) y que, al aprovecharlo
con wWICA, se puede construir un enfoque de suavizado
de artefactos menos susceptible a la pérdida de infor-
macién neuronal.

Palabras clave: alzheimer; artefactos; E280A; electroen-
cefalografia; flujos; precufia; preprocesamiento; tama-
no del efecto; wiCA.

Resumo

Na eletroencefalografia quantitativa é de vital impor-
tancia a eliminacdo de componentes ndo neurais, pois
estes podem levar a uma analise errénea dos sinais ad-
quiridos, limitando seu uso em diagndsticos e outras

aplicagoes clinicas. Diante dessa desvantagem, pipe-
lines de pré-processamento baseados no uso conjun-
to da Transformada Wavelet e da técnica de Andlise de
Componentes Independentes (wICA) foram propostos
na década de 2000. Recentemente, com o advento dos
métodos orientados a dados, foram desenvolvidos mo-
delos de aprendizado profundo para rotulagem auto-
matica de componentes independentes, configurando
uma oportunidade para a otimizagao de técnicas basea-
das em ICA. Neste artigo, o ICLabel, um desses modelos
de aprendizado profundo, foi adicionado a metodolo-
gia WICA para explorar sua melhoria. Para avaliar a uti-
lidade dessa abordagem, ela foi comparada a diferentes
pipelines que exibem o uso de wlCA e ICLabel de forma
independente e sua falta. O impacto de cada pipeline
foi medido por sua capacidade de destacar diferencgas
estatisticas conhecidas entre portadores assintomdti-
cos da mutagao PSEN-1 E280A e um grupo de controle
saudavel. Especificamente, o tamanho do efeito entre
grupos e os valores P foram calculados para fazer a
comparagao entre os pipelines. Os resultados mostram
que o uso do ICLabel para remogao de artefatos pode
melhorar o tamanho do efeito (TE) e que, aproveitando-
-0 com o wilCA, uma abordagem de suavizagdo de ar-
tefatos menos suscetivel a perda de informagao neural
pode ser construida.

Palavras-chaves: Alzheimer; artefatos; E280A; eletroen-
cefalografia; pré-cunha, pré-processamento; tamanho
do efeito; wilCA.

Introduction

Electroencephalography (EEG) is a noninvasive te-
chnique with established clinical applications in
epilepsy and potential applications in other con-
ditions (Chen et al., 2020; Jadah, 2020; Lee et al.,
2020). It is a low-cost, portable alternative and
has become an appropriate tool to explore new
diagnostic tests and research applications. This
technique could provide accurate information to
understand the current state of neurological con-
ditions such as Alzheimer’s disease (Maestu et al.
2019). Furthermore, it allows the researcher to ob-
tain a representation of electrophysiological brain
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activity with a high temporal resolution (He et al.
2018). However, one of the limitations for the cli-
nical use of EEG is the amount of noise, which im-
pedes clear findings.

The EEG signal contains a large amount of noi-
se from both internal and external sources, such
as eye blinking, muscular activity, and the electri-
cal line frequency (Fabietti et al., 2020). As a re-
sult, the preprocessing stage has become vital, as
it increases the quality of the final data. Among the
commonly used preprocessing stages that allow
the researcher to achieve an optimal signal-to-noi-
se ratio are line noise removal, the detection and
interpolation of bad channels, epoch segmentation
to ensure the assumption of quasi-stationarity, the
elimination of defective EEG epochs, and the re-
moval of physiological artifacts (Bigdely-Shamlo et
al., 2015; Kim et al., 2019; Sudrez-Revelo et al.,
2016). Different studies show that preprocessing
EEG signals has a big impact on the final results
(Vajravelu et al., 2021; Pedroni et al., 2019). The-
refore, it is necessary to find ways to identify and
separate the different sources of noise in order to
obtain a clean EEG signal for subsequent analyses
(liang et al., 2019; Kaur et al., 2020).

One way to extract different neural sources in
an EEG signal is the method known as indepen-
dent component analysis (ICA), introduced in the
1990s to solve the problems associated with blind
source separation (Sintra, 1992). This technique
decomposes the multichannel EEG into maxima-
lly independent processes related to brain activity
or artifacts. In EEG processing, ICA has positioned
itself as one of the main techniques for artifact co-
rrection, and research continues to be done in or-
der to optimize the procedure. For example, Klug
and Gramann (2020) recently pinpointed that the
high-pass filter frequency cut-off must be adjusted
differently depending on whether the EEG was ac-
quired on a mobile or stationary setting. Moreo-
ver, obtaining an optimal ICA decomposition is
important not only for artifact correction, but also
for analyzing information from the neural point of
view (Wessel, 2018).

It is possible to perform a manual inspection
to classify the sources obtained by the ICA me-
thod. However, this can be a tedious task since
the independent components (ICs) do not have a
particular order or clearly defined interpretations.
Recently, with the advent of data-driven methods,
machine learning models were developed for the
automatic labelling of 1Cs, which constitutes an
opportunity for the optimization of ICA-based te-
chniques. One of the most popular implemen-
tations of this is ICLabel, a deep learning model
trained on over 200 000 ICs (Pion-Tonachini et
al., 2019). This classifier allows categorizing ICs
into seven classes: brain, muscle, eye, heart, line
noise, channel noise, and ‘others’. The classifica-
tion is based on features such as scalp topogra-
phy measurements and power spectral densities
(PSD). Other approaches have been developed,
such as the work carried out by Lee et al. (2020),
who implemented a Bayesian deep learning clas-
sifier, albeit trained on a considerably smaller
dataset.

Although ICA can be used to separate neural
components from artifactual sources, and ICLabel
delivers the labels of each of the sources, an opti-
mized technique is needed to perform an adequate
cleaning of the signal. This is because the ICA tech-
nique operates in the time domain, and, as some
sources are in a very narrow frequency range, the
separation is not perfect, which can lead to neural
information being misclassified. One of the dan-
gers of this misclassification is that, when the re-
searcher eliminates one of the sources according
to a mistaken label, he/she may be eliminating re-
presentative data of the EEG signal. This drawback
can be avoided by performing a frequency-domain
analysis with approaches such as wavelet analy-
sis, a time-frequency technique that can be used
to perform isolated denoising of the components
delivered by ICA, thus avoiding the loss of infor-
mation. Many methodologies combining ICA and
wavelet analysis (WICA) have been developed. In
particular, Castellanos and Makarov (2006) deve-
loped a simple and automated technique based on
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wavelet-thresholding for the identification of arti-
fact-contaminated epochs.

This paper aims to explore a new preprocessing
pipeline based on the combined use of the wiCA
and ICLabel techniques. This approach is compared
to other pipelines that showcase the independent
use of both tools and a lack thereof. Comparing
the preprocessing pipelines in terms of their effec-
tiveness for artifact correction is ideal. However,
this would imply having a ground truth for clean
signals. Therefore, the comparison is performed by
evaluating each pipelines’ impact on the statisti-
cal discrimination capacity between two groups
known to be statistically different: asymptomatic
subjects carrying the PSEN1-E280A mutation and
healthy non-carriers, as reported by Duque-Graja-
les et al. (2014) and Ochoa et al. (2017). This mu-
tation is involved in the production of amyloid-f,
altering the gene of the Presenilin-1, and causes an
early onset familial Alzheimer’s disease.

The paper is organized as follows: the methodo-
logy section describes the EEG dataset to be used,
the preprocessing pipelines explored, and how
the comparisons are carried out. The results sec-
tion shows the values obtained for each of the pi-
pelines from various perspectives. Finally, the last
two sections discuss and draw conclusions from
the results.

Methodology
EEG Dataset

EEG data were recorded from 58 electrodes with a
midline reference and a sampling rate of 250 Hz,
following the international 10-10 standard. The
EEG records correspond to two distinct groups. The
first group (ACr) consisted of 22 subjects carrying
the PSENT-E280A mutation of the Colombian fa-
mily. These participants were between 20 and 45
years old and do not have cognitive impairment.
The second group (Ctrl-1) comprised 18 subjects
from the PSENT1 kindred, but they do not carry
the E280A mutation, nor do they have cognitive

symptoms or memory complaints. They were be-
tween 20 and 59 years old (Ochoa et al., 2017).
These groups were previously shown to be statisti-
cally different regarding their resting-state relative
power at the alpha-2 and theta bands (Ochoa et
al., 2017; Duque-Grajales et al., 2014).

Preprocessing Pipelines

Based on the pipeline approaches proposed by
Suarez-Revelo et al. (2016), four similar automated
preprocessing lines were explored using the FastlCA
implementation of the Scikit-learn library and the
EEGLAB toolbox (Iversen and Makeig, 2019). Here,
a common stage is first applied, based on the PREP
pipeline (Bigdely-Shamlo et al., 2015), which perfor-
ms line-noise removal, robust referencing, and faulty
channel interpolation. Moreover, this stage includes
a 1 Hz high-pass filter (FIR filter with zero phase sinc
using a Hamming window, order = 3300, transition
bandwidth = 1 Hz) in order to remove the low-fre-
quency trends of the signal, as it is well-known that
ICA is sensitive to them (Winkler et al., 2015).

The next step in some of the preprocessing pi-
pelines is to apply the FastICA algorithm in order
to obtain the independent components needed for
the wiCA and the ICLabel algorithms. In essen-
ce, the ICA algorithm outputs two matrices as so-
lutions to the separation problem: the mixing and
the unmixing matrices. Once these solutions are
available, the EEG signal is transformed from sen-
sor space to source space via matrix multiplica-
tion. The sources are obtained by ‘unmixing’ the
EEG data, which is accomplished by multiplying it
by the unmixing matrix. Similarly, to mix the data,
the sources are multiplied by the mixing matrix. It
is important to note that, in order to solve the se-
paration problem through ICA, it is necessary to
define the number of sources that are expected to
be mixed in the EEG data. Naturally, the real va-
lue of this number is unknown, but, by setting it to
the rank of the EEG data matrix, one can still ob-
tain physiologically meaningful sources. This is the
approach used in this paper.
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The overall goal of this work is to assess the in-
fluence of the mentioned algorithms on the EEG
recordings. In this sense, four pipelines, as shown
in Figure 1, are evaluated in order to characterize
their impact in the between-group effect size ob-
tained from contrasting the relative powers of the
EEG bands. The following EEG frequency bands
were used: delta (1.5-6 Hz), theta (6-8.5Hz), al-
pha 1 (8.5-10.5 Hz), alpha 2 (10.5-12.5 Hz), beta
1(12.5-18.5 Hz), beta 2 (18.5-21 Hz), beta 3 (21-
30 Hz), and gamma (30-45 Hz).

As shown in Figure 1, the pipelines are imple-
mented in the following steps:

Pipeline 1. Here, only the common stage 1 is
applied, along with segmentation into 5 s epochs.
Small-time windows hinder the quantification of
slow rhythms (1.5 Hz lower delta limit in our case).
Similarly, in large windows, the signal may no lon-
ger be stationary. 12 s are considered to be the sta-
tionarity upper limit, as suggested by B. A. Cohen
and Sances (1977). Thus, choosing 5 s constitutes
a midpoint that is short enough to assume statio-
narity and simultaneously allows for at least seven
cycles of our lowest frequency of interest.

Pipeline 2. Following the common stage 1,
an ICA decomposition is obtained through Fas-
tICA. Subsequently, the wiCA algorithm is imple-
mented as suggested by Castellanos and Makarov
(2006). It consists of wavelet-thresholding not

the observed EEG, but the de-mixed indepen-
dent components. Specifically, a discrete wavelet
transform is applied to the independent compo-
nents, which is based on the Daubechies 6 mo-
ther wavelet, following the conclusions of Salis et
al. (2013). Nevertheless, much has been discus-
sed about which wavelet function is best for EEG
denoising (see, among others, Lema-Condo et
al., 2017; Mamun et al., 2013). For the threshol-
ding, the universal fixed form relation proposed
by Donoho and Johnstone (1992) is used. After
the wICA correction is done, the signal is trans-
formed back into sensor space in order to obtain
the denoised EEG.

Pipeline 3. After the common stage 1, indepen-
dent components are found through the FastiCA
algorithm and are afterwards classified using the
ICLabel tool into one of the following classes: ocu-
lar, muscular, cardiac, neuronal, line noise, chan-
nel noise, and others. In this case, only the neural
components were retained for EEG reconstruction.

Pipeline 4. Once the common stage 1 has been
applied and the components have been classified,
the segmentation of the signal is implemented, fo-
[lowing the same methodology described for pipe-
line 2, but with wiCA being applied only to those
components labeled by the ICLabel model as ocu-
lar, muscular, cardiac, line noise, channel noise,
and others.

Figure 1. Summary of EEG preprocessing pipelines. The solid line represents an independent workflow for each

pipeline. The dotted line represents an internal workflow. Common stage 1 corresponds to the PREP pipeline with a

1 Hz high-pass FIR filter. Common stage 2 corresponds to a 50 Hz low-pass FIR filter.
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Finally, a 50 Hz low-pass filter (FIR filter with
zero phase sinc, with Hamming window, order =
264, transition, bandwidth = 12.5 Hz) is applied in
all pipelines. This filter is applied because the main
feature of this study is the power of the resting-state
EEG signal, which is between 0.5 and 45 Hz (Ba-
biloni et al., 2020). This filter is not applied prior
to the ICA procedure, as high-frequency informa-
tion may be relevant to the separation of sources.
After the preprocessing pipelines is complete, the
relative power is obtained by estimating the power
spectral density using the multitaper technique
(Thomson, 1982). This spectrum is then divided
into the EEG bands for study, and, finally, each
band is normalized with respect to the total power
of the spectrum. The obtained relative powers can
be interpreted as the percentage of power that each
band contributes with respect to the total power
spectrum (Sudrez-Revelo et al., 2016).

Comparisons Between Groups

A single dataset was used to assess the impact of
each of the preprocessing pipelines studied on the
between-group effect size (ES) by using the Hed-
gesg test and a non-parametric T-test. To evaluate
the ES, the Hedgesg test provides information on
the differences between the comparison groups
in terms of standard deviations (J. Cohen, 1988).
The rule of thumb used for interpretation consists
of labeling ESs around 0.50 as ‘medium’ and those
around or above 0.80 as ‘large’ (l. Cohen, 1988).
On the other hand, the Bramila test is a ‘non-pa-
rametric’' two-sample T-test that, instead of relying
on the t-distribution, uses permutations of group
labels to estimate the null distribution (Glerean
2015). Relative power among the frequency bands
was calculated by focusing on four regions of inte-
rest (ROls), as shown in Figure 2A: frontal, tempo-
ral, central, and parietal-occipital (Babiloni et al.,
2020).

In addition to the ROIs, one of the independent
components found by Ochoa et al., (2017a) (Figu-
re 2B) was evaluated. This component is associated

by the author to the precuneus region. Hereafter,
it is labeled as the ‘precuneus component’ (PC).
Moreover, the ratio between the theta and alpha-2
powers is also explored, as it was selected by
Ochoa et al. (2017a) as an index to track changes
in the E280A population and was able to success-
fully discriminate between the two groups explo-
red: asymptomatic carriers and healthy controls.

Figure 2. A) Schematic picture of the 10-10 electrode
system and the ROIs generated: F: frontal, T: temporal,
C: central, PO: parietal-occipital. B) Precuneus
component topography.

The ES is presented for each pipeline and each
ROI (including the PC), with this value being the
main comparison metric between pipelines. As the
main interest is to validate pipelines, focus is pla-
ced on the bands that have already shown statisti-
cally significant differences between groups, such
as theta (0), alpha-2 (a2), and their ratio (6/a2)
(Duque-Grajales et al., 2014; Ochoa et al., 2017).
The above implies having an ES for each of the
bands studied, which complicates the compari-
son. To solve this problem, the results are aggre-
gated into a single score (‘ES Score’) defined as the
cumulative sum of the absolute values of each of
the effect sizes of a pipeline along the evaluated
bands:

. _ bands
ES Scorepipetine—i = Z)’

(M

|E5pipeiine—i,band—j|

As suggested by the Equation, for the pipeline
i, the absolute values of the effect sizes are aggre-
gated along the studied bands (subindex j). Thus,
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the proposed ES Score reflects the accumulated ES
of all the bands for a given pipeline with a single
number. The larger the ES Score for a given pipeli-
ne, the greater the ES for that pipeline along the ex-
plored bands (although not necessarily in the same
proportion for each one).

Results

The relative power graphs obtained for each of the
defined regions (ROIs) are presented below (Figu-
re 3) by applying the different pipelines to two di-
fferent study groups (ACr and Ctrl-1) for each EEG
band. In the delta (), theta (8), alpha-1 (al), and

beta-2 (B2) bands, the Ctrl-1 group shows an in-
crease in relative power with respect to the ACr
group. This pattern is broken in the following ca-
ses: pipelines 1 and 2 in the delta band at the fron-
tal region, and pipeline 1 in the alpha-1 band at
the central, temporal, and parieto-occipital re-
gions. On the other hand, the beta-3 (83) and al-
pha-2 (a2) bands present a pattern where the ACr
group has greater relative power than the Ctrl-1
group. In the beta-1 (1) band, no noticeable di-
fferences were found. Finally, the gamma (¥) band
does not follow a clear pattern, except in the pa-
rieto-occipital region, where the ACr group has a
greater relative power.

Figure 3. Relative power in the different ROls: A) frontal, B) temporal, C) central, D) parieto-occipital. P1: pipeline 1,

P2: pipeline 2, P3: pipeline 3, P4: pipeline 4.
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For the theta and alpha-2 bands, the statistical
significance of the results shown in Figure 3 is pre-
sented in Table 1.

For the other bands, the statistical significance of
the results is shown in Appendix 1. Figure 4 shows
a comparison of the application of different pipe-
lines to the same signal, where notable differences
are observed for the indicated region. Figure 4A
shows the signal obtained after applying only the
common preprocessing pipeline while using the
FIR filter and the robust reference. In Figure 4B, a
smoothing of the signal is observed when applying
pipeline 2 which, in addition to what is applied
in pipeline 1, has the wlCA method. In Figure 4C,

a notable change is evidenced by eliminating the
components corresponding to the identified arti-
facts. Finally, in Figure 4D, the effect of pipeline 4
is observed, where, in contrast to pipeline 2, only
the artifactual components are filtered by the wiCA
procedure.

The following Tables present the results of the
Hedgesg and Bramila tests applied in MATLAB.
The Hedgesg test is used to calculate the effect si-
zes (ES), and a confidence interval (Cl) is assigned
to each one. The ES was calculated in such a way
that a positive value indicates that the carriers have
higher values than the non-carriers, and a negative
value indicates that the carriers have lower values

Figure 4. Comparison of the preprocessing pipelines: A) without wiCA, B) wiCA, C) deleted artifactual components,

D) wiCA in artifactual components
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than the non-carriers. ESs with confidence inter- The data to be analyzed is distributed in two
vals that crossed the zero boundary were ignored. ways: Table 1 shows the results for the previous-
In addition to the effect size, the Bramila test is ly defined ROIs, and Table 2 contains information

used to calculate the p-value, which supports the  about the power from the precuneus component.
ES inferred by the Hedgesg test. P-values lower For all Tables, the statistically significant values are
than 5% are considered statistically significant. highlighted in bold.

Table 1. Differences between pipelines estimated for ROls: A) Central, B) Frontal, C) Temporal, D) Parieto-occipital.
ES: effect size, Cl: Confidence Interval for effect size.
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Table 2. Differences between the pipelines estimated for the precuneus component. ES: effect size, Cl: Confidence

Interval for effect size. The ES Score aggregates the results along the three bands to allow for an overall comparison

of the pipelines.

Table 2 has the advantage that all its results are
statistically significant, so it is used to compare the
pipelines.

Discussion

In this article, the effect of different artifact correc-
tion pipelines on EEG signals was explored. The
pipelines made use of ICA-based methods supple-
mented with the ICLabel tool in order to determi-
ne the artifactual sources present in the recordings.
Nevertheless, the results, regardless of the pipeli-
ne, will be discussed first. For Table 1, the theta
band resulted in negative values for all pipelines
and ROls, indicating that the control group presen-
ted higher values than the ACr group. Similarly, for
the alpha-2 band, positive values were obtained
for all pipelines and ROIs, indicating that the ACr
group has higher values than the control group.
The above shows that the results of Table 1 agree
with the theta and alpha-2 relative powers of the
ROlIs shown in Figure 3.

The relevance of activity in the theta and al-
pha-2 bands during the neurodegenerative pro-

cess has been demonstrated by Duque-Grajales
et al. (2014), and our results regarding the theta
and alpha-2 bands agree with the ones reported in
that study, mainly because, for the theta band the-
re is a significant increase in the control group in
comparison to the ACr group and, for the alpha-2

band, there is a noticeable increase in the ACr
group in relation to the control group for the diffe-
rent regions of interest. Despite agreeing with Du-
que-Grajales et al. (2014), in our results, not all
band-ROI combinations have statistical significan-
ce; the theta band, for example, does not have sta-
tistical significance in any of the ROIs (Table 1).
Likewise, for the alpha-2 band, the temporal and
central ROIs had statistical significance in every pi-
peline, but, for the frontal ROI, the results are only
significant for pipeline 2. In the parietal-occipital
ROI, the results are not significant in any of the
pipelines. The results obtained for the precuneus
component (Table 2) show that the difference be-
tween the ACr and Ctrl-1 groups is statistically sig-
nificant for all pipelines in the theta and alpha-2
bands, along with their ratio. Overall, this study
only shows statistical significance for every pipe-
line in the precuneus component (theta, alpha-2,
and its ratio), as well as for the central and tempo-
ral ROls (alpha-2 band and the theta/alpha-2 ratio).

In addition to the power analysis, the effect of
applying different preprocessing pipelines is dis-
cussed from the visual inspection shown in Figure
4. Some differences were found when comparing
the performance of the wiCA-based preprocessing
pipelines to pipeline 1, demonstrating the benefi-
cial effect of this procedure. In general, noise re-
duction and signal smoothing against brain artifacts
is evidenced in pipelines 2, 3, and 4. Despite the
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fact that pipeline 3 shows the smoothest signal in
Figure 4, it is possible that, because of its drastic re-
moval of components, it induces losses of relevant
neuronal information. Although hard evidence of
this cannot be provided, a wlCA-based approach
may be more appropriate, as it is less drastic. In
particular, Paradeshi and Kolekar (2017) showed
that the use of the wlCA technique preserves neural
activity. On the other hand, it is difficult to spot di-
fferences between pipelines 2 and 4 by visual ins-
pection of Figure 4. Therefore, the comparison must
be made in a more quantitative manner.

This numerical comparison between pipelines
can be done through Table 2, as all its values are
statistically significant. When comparing the pipe-
lines through the ES Score proposed in the metho-
dology section, it was found that pipeline 3 has the
highest value. Ochoa et al. (2017a) obtained ana-
logous results by using a preprocessing approach
similar to pipeline 2. However, in the theta band,
their results (ES = -0.75) were considerably better
than those found in this study (ES = -0.6152, Ta-
ble 2). Similarly, in the alpha-2 band, the effects
sizes (ES = 0.77) are greater than the ones obtai-
ned herein (ES = 0.7410, Table 2), but, in this case,
the difference is smaller. There are many possible
causes for these differences. For example, Ochoa'’s
implementation was in MATLAB, whereas our im-
plementation was in Python.

As was mentioned before, pipeline 3 has the
best ES Score, but it is debatable whether it can
be regarded as the best. For example, if it is dis-
covered by manual inspection that a neural com-
ponent was mislabeled as an artifactual one, then
pipeline 3 will lose this information. The closest
alternative to pipeline 3 is pipeline 4, as they both
make use of ICLabel to assign classes to the in-
dependent components found, with the main di-
fference being what is done with this information:
pipeline 3 drastically removes the components,
whereas pipeline 4 merely smooths them. Which
pipeline is sounder depends on our stance regar-
ding the confidence and certainty of the classes
provided by ICLabel. Another possible strategy

may be changing pipeline 3 to only perform the
cancellation if the label is provided with a high
certainty, i.e., if the class probability overcomes a
certain threshold.

On the other hand, pipelines 2 and 4 are closely
tied to 2" place, as they have similar ES Scores. Pi-
peline 4 can be regarded as even softer than pipe-
line 2 since the former only smooths the artifactual
components and the latter smooths everything. The
fact that pipeline 2 obtained a slightly better score
than pipeline 4 may be caused by the softer nature
of the latter. A possibly better alternative to pipeline
4 is given in recent studies, which have used ano-
ther way of combining the wlCA technique with an
ICA labeling tool (be it MARA, ICLabel, or another)
(Monachino et al., n.d.; Swarnkar and Miyapuram,
2020). It consists of performing wiCA in all compo-
nents and then a new ICA decomposition, which
is then labeled with some tool. Finally, a subse-
quent cancellation of artifactual components is ca-
rried out. Although this approach was not explored
in our work, it is considered that it may improve
upon pipeline 3 and 4, as it follows the logic of the
wICA stage, bettering the signal quality for the later
ICA decomposition, which results in a better com-
ponent labeling and thus in a lower probability of
label mismatches for the artifactual components
cancellation. Nevertheless, label mismatches are
still possible, so considering the class probability
when canceling components is recommended.

From a clinical perspective, the most relevant
results correspond to the findings obtained for the
precuneus component and the alpha-2 band in
the temporal ROI. The precuneus component has
the advantage of having a completely statistical
significant Table, but the magnitude of the ES va-
lues only achieves the ‘medium’ category (mean
= 0.625) when using the classification proposed
by B. A. Cohen and Sances (1977). On the other
hand, the Table for the temporal region (Table 1C),
even though it does not have statistical significan-
ce in all its values, does indeed stand out in the al-
pha-2 band by having both high ES values (mean =
0.847) and statistically significant results. Overall,
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the best differentiating factor corresponds to the al-
pha-2 band in the temporal region through pipeli-
ne 1 (ES = 0.8770, P-value = 0.005). This result is
quite unexpected, as the first pipeline is precisely
the one without artifact correction measures. Ne-
vertheless, this pattern was only observed in the
temporal ROI; in general, pipeline 1 does not show
better results with respect to its alternatives when
examining the other ROls and the precuneus com-
ponent. This indicates that, overall, it is better to
perform the artifact correction measures.

Conclusions

In this article, different pipelines were evaluated in
order to identify which of them could optimize the
effect size. Regarding the precuneus component,
it was identified that the pipeline that obtained the
best performance with respect to the ES was pipeline
3, followed by pipelines 2 and 4. From the point of
view of future development, the approach of pipe-
line 4 is more susceptible to be improved upon, as
it leverages both well-known and recent techniques
(WICA and ICLabel). As the automatic labeling of ICA
components has the potential to largely impact EEG
preprocessing pipelines focused on automatization,
future work will focus on exploring other ways to
approach the joint use of wiCA and ICLabel. One
of the proposed approaches is making use of class
probability thresholds to cancel only the artifactual
components that comply with a certainty criterion.
This work highlights the relevance of preprocessing
pipelines as tools to improve existing statistical di-
fferences between clinically different populations.
Many relevant results may be hidden underneath the
artifacts that contaminate physiological signals.
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Appendix 1

Table A. Differences between pipelines in 8, a1, B1, B2, B3 estimated for the frontal ROI. ES: effect size, Cl:
Confidence Interval for effect size.

A) Frontal ROI
Non — Parametric T — test
Hedgesg test
Pipelines P — values
al B1 B2 B3 al B1 B2 B3
—0.5540 —0.7673 —0.5630 —0.8263 —0.3362
485 . . .845 .
a 0.8113 0.5533 0.7455 0.4278 1.0988 04856 | 0.6300 | 04936 | 0.8450 | 0.1897
ES |0.023 —0.1058 0.0053 —0.3807 0.2842 0.5144 | 0.3700 | 0.5064 | 0.155 | 0.8103
—0.5911 —0.7624 —0.5451 —0.8369 —0.3088
: . 5182 § 52
o 0.7356 0.5399 0.8345 0.3726 1.0380 0.476 10634910518 0.8430 ) 0.528
ES 0.0170 —0.1108 —0.0097 —0.3767 0.3183 0.524 |0.3651 | 0.4818 | 0.157 |0.472
—0.6096 —0.77438 —0.6429 —0.9201 —0.3768
5545 | 0.645 .61 . .216:
a 0.7454 0.5416 0.6660 0.199 1.0072 0.5545] 0.6458 | 0.6131 | 0.9011 ) 0.2163
ES | —0.045 —0.1282 —0.104 —0.4712 0.2647 0.4455 | 0.3542 | 0.3869 | 0.0989 | 0.7837
—0.6551 —0.7539 —0.5983 —0.8665 —0.4041
X . 5 § 22
a 0.6750 0.5281 0.7314 0.3107 0.9571 0.6016 1 0.6417 0.5671 | 0.8677 | 0.2281
ES | —0.0835 —0.1188 —0.062 —0.414 0.2449 0.3984 | 0.3583 | 0.4329 | 0.1323 | 0.7719

Table B. Differences between pipelines in 8, a1, B1, B2, B3 estimated for central ROI. ES: effect size, Cl: Confidence
Interval for effect size.

Central ROI
Non — Parametric T — test
Hedgesg test
Pipelines P — values
al Bl B2 B3 al Bl B2 B3
—0.9211 —0.6073 —0.5243 —0.6941 —0.0923
.82 .45 3732 696 062
a 0.3529 0.7204 0.8076 0.7105 1.1262 0.8216 0.4598 0-373 0.6963 0.0621
ES | —0.3079 0.026 0.1158 —0.1726 0.5105 0.1784 0.5402 0.6268 0.3037 0.9379
—1.0042 —0.6835 —0.5243 —0.6992 —0.1165
—0.169: .5432 A . .0685
a 0.2930 0.6421 0.8076 0.6631 1.0944 0.1693 1 0.543 04301 0.7070 0.068
ES | —0.3406 —0.0361 0.0614 —0.1796 0.4936 1.0371 0.4568 0.5699 0.293 0.9315
—0.9166 —0.6713 —0.5930 —0.7733 —0.0914
845 .55 k E 065
a 0.3036 0.6405 0.7290 0.5560 1.1523 0.8458 0.5513 04731 0.7781 0.0657
ES | —0.3361 —0.0368 0.0219 —0.258 0.5089 0.1542 0.4487 0.5269 0.2219 0.9343
—1.0364 —0.6491 —0.5683 —0.7125 —0.169
.880: .5 45 72 i
a 0.2188 0.6470 0.7331 0.6491 1.0371 0.8803 0.5311 04587 0.7297 0.088
ES | —0.3923 —0.0176 0.042 —0.2084 04511 0.1197 0.4689 0.5413 0.2703 | 0.912
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Table C. Differences between pipelines in §, a1, B1, B2, B3 estimated for temporal ROI. ES: effect size, CI:
Confidence Interval for effect size.

Temporal ROI
Non — Parametric T — test
Hedgesg test
Pipelines P — values
al Bl B2 B3 ol Bl B2 B3
—0.7489 —0.6235 —0.3445 —0.6009 —0.2023
722 . 1952 5962 100
a 0.5015 0.6657 0.9392 0.8834 1.1165 0.7224 1 0.4800 | 0.19 0.596 0.1003
ES —0.1993 0.0202 0.2937 —0.0818 0.4283 0.2776 | 0.52 0.8048 | 0.4038 | 0.8997
—0.9783 —0.7026 —0.4046 —0.6264 —0.2046
.8665 565 .2 . .
a 0.261 0.6043 0.8692 0.8158 1.0159 0.866 0.3653 | 0.2684 | 0.6149 1 0.1073
ES —0.3767 —0.0479 0.2065 —0.1038 0.4071 0.1335 | 0.4347 [ 0.7316 | 0.3851 | 0.8927
—0.9664 —0.7208 —0.4810 —0.7116 —0.2007
g 5 3505 7142 .102:
a 0.2325 0.5913 0.8234 0.6790 1.0859 08917 1 0.5691 | 0.350 0.714 0.1028
ES —0.4113 —0.0603 0.1338 —0.188 0.4177 0.1083 | 0.4309 | 0.6495 | 0.2858 |0.8972
—0.9762 —0.7023 —0.4575 —0.6745 —0.2057
. 3 2! 666! .
a 0.2335 0.6105 0.8231 0.7502 0.9681 0.8864 1 0.5418 | 0.2978 | 0.6663 | 0.1469
ES —0.4031 —0.0329 0.1747 —0.1467 0.3496 0.1136 | 0.4582 | 0.7022 | 0.3337 | 0.8531

Table D. Differences between pipelines in §, a1, B1, B2, B3 estimated for parietal-occipital ROI. ES: effect size, CI:
Confidence Interval for effect size.

Parieto — occipital ROI
Non — Parametric T — test
Hedgesg test
Pipelines P — values
al p1 p2 p3 al p1 B2 B3
—0.9032 —0.6383 —0.5353 —0.8560 —0.1949
2 32 v
a 0.3376 0.6814 0.3450 0.3617 1.2137 0.821¢6 1 0.4832 | 0.4982 0.8686 | 0.0944
ES —0.3128 0.0107 —0.0028 —0.4269 0.4294 0.1784 | 0.5168 | 0.5018 0.1314 | 0.9056
—0.9751 —0.6662 —0.5186 —0.8716 —0.1622
.842! 52! . . .
a 0.2907 0.6313 0.8464 0.3770 1.1757 0.8429 1 0.5230 | 0.4878 0.8817 1 0.0943
ES —0.3409 —0.0192 0.0132 —0.4181 0.4429 0.1571 | 0.477 0.5122 0.1183 0.9057
—0.9791 —0.6433 —0.5141 —0.8580 —0.1531
Cl 0.2419 0.6899 0.8816 03811 1.3057 0.8816 | 0.4780 | 0.4668 0.8726 |0.0890
ES —0.4031 0.0148 0.0285 —0.4225 0.4645 0.1184 | 0.522 | 0.5332 0.1274 |0.911
—0.9557 —0.6389 —0.5753 —0.8822 —0.2522
.85 5 .5 . .
a 0.3045 0.6506 0.7804 0.3021 1.1421 0.8584 10.5196 | 0.5418 0.8944 1 0.1381
ES —0.3523 —0.0076 —0.0466 —0.4483 03714 0.1416 | 0.4804 | 0.4582 0.1056 |0.8619
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