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ARTICLE INFO ABSTRACT

Keywords: Electroencephalography (EEG) to study brain functions has become fundamental in many research settings
Pre-processing across very different protocols. Indeed, a plethora of processing methods have been developed, for both data
f;\G preparation (pre-processing) and analysis. While an effect of the pre-processing on the signal is admitted and

accepted, there is an increasing effort to better understand to which extent such an influence may affect the
analysis results, and which may be the best practices for the correct data pre-processing.

Pre-processing procedures include different steps, and each of them may induce modifications affecting the
study results. Thus, we analyze the effect of different methodologies at each step and propose quantitative pa-
rameters for the choice of the preferable strategy.

We illustrate how method selection may affect the quality of EEG signal in an Action Observation and Motor
Imagery protocol, using quantitative indices. We analyzed the effect of different strategies for early-stage data
preparation; two independent component analysis (ICA) algorithms (SOBI and Extended Infomax) used for
artifact removal; and four re-reference approaches (Common averaged reference-CAR, robust-CAR, reference
electrode standardization technique — REST, and reference electrode standardization and interpolation technique
— RESIT). The effects of the different pipelines were also evaluated through the computation of event-related
spectral perturbation (ERSP) of the sensorimotor rhythm. Results showed that signal segmentation signifi-
cantly affects the cleaning procedure, while comparable results are obtained across ICA approaches. Finally,
similar topographical representations were obtained after the application of CAR, REST, and RESIT re-
referencing approaches, where rCAR showed the most different ERSP topographical pattern.

Re-reference
Event-related spectral perturbation
Signal processing

1. Introduction Discussions about best practices in pre-processing are popular in this

context, since the use of different pipelines may affect the study results

Electroencephalography (EEG) is increasingly used to investigate
brain activity in many settings and applications (e.g., clinical, neuro-
scientific research, neuromarketing, brain-computer interfaces, neuro-
feedback, and others). The use of EEG in several clinical and research
centers, with a large variety of acquisition systems and protocols, raises
questions about reliability and reproducibility in terms of data analysis
[1,2].

[2].

A pre-processing pipeline is a set of methods applied to raw EEG
recordings finalized to prepare the signals for the subsequent and more
specific analysis. It may include several steps in which different choices
are possible, and the selection of the “most appropriate” algorithms and
tools is not straightforward. Although guidelines [3,4] and automatic/
semi-automatic pipelines have been released [5-9], they are usually
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application-specific, with more or less flexible structures. Thus, the
promise of a ‘standardized pre-processing pipeline’ remains unfulfilled
up to now. Indeed, current semi-automatic pipelines are valuable for
processing large datasets, but they rarely provide a technique to
compare different approaches and parameters in terms of data quality
[10].

Our work addresses this topic by comparing different approaches for
the trickiest pre-processing steps and proposes simple quantitative
metrics to compare outcomes. The idea is to use easily estimable in-
dicators to select the most appropriate methods and parameters for the
dataset under analysis.

Therefore, we compare different approaches to pre-process data ac-
quired during an action observation (AO) and motor imagery (MI)
protocol for the analysis of task-related sensorimotor rhythm modula-
tion. We focus on different pre-processing modules, including i) data
segmentation, ii) independent component analysis for artifactual sour-
ces identification, and iii) re-referencing. These are steps commonly
required for EEG signal pre-processing, and different choices may lead to
different results.

As a result, our main contributions are to present an illustrative and
objective comparison of approaches widely applied in the literature,
without any preconceived preferences and to provide a general frame-
work for a quantitative and qualitative assessment of the impact that
different preprocessing and denoising procedures may have on data
quality and analysis results. In particular, the proposed framework does
not require any additional tools to be implemented. Therefore, it can be
seen as a guide for researchers in different applications related to EEG
analysis. The paper is organized as follows. Section 2 Related Work
provides a short overview of the current state of the art. Section 3 Ma-
terial and Methods describes the dataset we used as the application case
and outlines our comparative framework and the selected approaches.
Results of the comparative analysis and event-related sensorimotor
modulation are reported in Section 4 and discussed in Section 5. Limi-
tations, concluding statements, and further suggestions are provided in
Section 6.

2. Related works

Much effort has been made to define best practice in EEG pre-
processing, resulting in a large body of methodological scientific liter-
ature suggesting guidelines and proposing new approaches or compar-
isons of methods. Typically, such comparisons are limited to specific
pre-processing steps and are used to demonstrate the potential advan-
tages of a new technique over other existing ones. Table 1 summarizes
the methods and evaluation approaches further described in this section.

For example, when in [11] the new algorithm called Reference
Electrode Standardization Interpolation Technique (RESIT) was intro-
duced, its superior performance with respect to Neighbor Interpolation
(NI) and Spherical Spline Interpolation (SSI) for the operation of bad-
channels interpolation has been demonstrated. Lepage [12] intro-
duced a robust version of the Common Average Reference (rCAR) and
demonstrated its good performance in common clinical scenarios, in the
case of low scalp density design (19 channels) and sparse electrodes. Yao
[13] described the available re-referencing methods and explained their
performance dependence on electrode density, electrode coverage, and
head model, whereas Hu demonstrated their effect on the scalp potential
through simulations [14]. The use of simulated data allows for a
controlled comparison of methods against a known ‘ground truth’.
However, this procedure is not possible with real data. In fact, there are
currently only a few suggestions on how to compare the performance of
different pre-processing strategies on real EEG signals.

Zakeri et al. [15] compared different ICA algorithms on real data by
considering the influence of different early pre-processing approaches.
They assessed the method performance with Mutual Information
Reduction (MIR) and Pairwise Mutual Information (PMI) as indexes of
independence. The dipolarity of the components was also estimated and
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Table 1
Summary of the available methods and approaches, as presented in the Related
Works section.

Pre- Methods and algorithms Assessment approach
processing
step
ICA-based -Infomax and extended version -Mutual Information
artifact [19] Reduction (MIR)-Pairwise
correction -Joint Approximation Mutual Information
diagonalization ofEigenmatrices (PMI)
(JADE)[20]-Second Order Blind -Dipolarity
Identification -Physiological plausibility
(SOBD)[21]

-FastICA [22]
-Common Average Reference
(CAR) [23]-Robust Common
Average Reference (rCAR)
[12]-Reference Electrode
Standardization Technique (REST)
[24]-Reference Electrode
Standardization Interpolation
Technique (RESIT)
[11]
- Harvard Automated Processing
Pipeline for EEG (HAPPE) [5]-
Early-Stage Preprocessing pipeline Comparison of the results
(PREP) obtained in specific
[9] applications
- AUTOMAGIC [7] (e.g., Event Related
- Batch Electroencephalography Potential, Source
Automated Processing Platform reconstruction)
(BEAPP) [6]
- Computational Testing for
Automated Pre-processing (CTAP)
[17]

Simulation-based
comparison of different
algorithms

Re-reference

- Statistics on residual
artifacts and noise.-

Automatic
pipelines

interpreted as their physiological plausibility. On the other hand,
Sahonero-Alvarez [16] compared different ICA algorithms (Infomax,
JADE, SOBI, and FastICA) in terms of execution time, allocated memory,
and accuracy, with no reference to the final effect on the signals.

Exploiting a modular structure, automatic and semi-automatic tools
have been developed to provide standardized pre-processing pipelines,
particularly for large datasets [7].

For early pre-processing, the PREP pipeline proposed by [9] defines
standards for the line-noise rejection and detection of bad channels; it
has been integrated into most of the subsequently proposed pipelines as
a possible choice. The Harvard Automated Processing Pipeline for EEG
(HAPPE) [5] was designed to deal with very noisy EEG data and very
short recording times in the context of neurodevelopmental research.
The Computational Testing for Automated Pre-processing (CTAP)
toolbox [17] provided tools for more replicable and scalable EEG pre-
processing based on the well-known EEGLAB toolbox [18]. Similarly,
AUTOMAGIC [7] provides a predefined pipeline for a standardized pre-
processing of large datasets, with the possibility of checking the quality
of the results at the end of the procedure.

Of note, the Batch Electroencephalography Automated Processing
Platform (BEAPP) [6] is a flexible software platform integrating several
pre-processing pipelines. It aims to improve the reproducibility within
experiments by allowing researchers easier access to quantitative qual-
ity assessment and pipeline comparison. A comparison of four complete
pipelines on a benchmark dataset has recently been published [2], and it
shows how even slight differences in artifact correction approaches may
significantly affect the resulting signals. In line with the latter paper, we
believe that researchers need tools to compare different pre-processing
strategies and parameters, allowing them to test the reproducibility of
their results and provide evidence for possible differences.
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3. Materials and methods
3.1. Dataset

The human EEG data employed in this study were acquired during an
experimental protocol approved by the Internal Ethical Committee of
the Humanitas Clinical and Research Center, Milan, Italy. Written
informed consent was signed by all the participants, and data collection
was performed in the “Movement Analysis Lab” at the department of
Electronics, Information and Bioengineering of the Politecnico di
Milano, Milan, Italy.

The dataset was composed of EEG recordings acquired with a 64-
channel system (SD LTM 64 EXPRESS, Micromed S.p.a.) from 37
right-handed healthy volunteers (age range: 20-30 years, 22 female).
The reference electrode was placed between Pz and CPz positions, and
signals were sampled at 1024 Hz. Fifty-five EEG channels were
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synchronized with two bipolar EMG channels to ensure the absence of
upper limb muscular activations during EEG recording. Impedances
were kept under 20 KOhm using a water-based conductive gel.

Volunteers were asked to sit in front of a video screen and perform an
Action Observation (AO) and Motor Imagery (MI) protocol delivered
through a MATLAB-based script, which also ensured the synchroniza-
tion between the stimuli delivery and EEG acquisition system. The AO
task consisted of the observation of a 6.5-second video-clip representing
an upper limb task from a first-person perspective and performed by a
sex-matched actor. AO stimuli were anticipated by a 3-second fixation
cross followed by a 2-second preparation cue (red dot). During the MI
task, participants were asked to imagine performing the movement
themselves without actual execution. The MI task was performed
adopting the same paradigm used for the AO task, but only the first
frame of the video-clip was delivered for 6.5 s. Twenty trials were per-
formed for both tasks.
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Fig. 1. Scheme of the evaluation framework. EEG signals underwent a common early-stage pre-processing phase before being differently prepared through seg-
mentation (Ep, EpMR) or keeping the signal continuous (NotEp). Two ICA methods were tested for artifact correction based on an automatic component classifi-
cation. At this point, a first evaluation was performed based on two indicators evaluating the result of ICA performance. Corrected data were re-referenced with four
different approaches; in three cases, channel interpolation was applied first. A second evaluation was carried out at this point based on automatic epoch rejection,
followed by an observation of the effect that different pre-processing may have on event-related spectral perturbation analysis.
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3.2. Study framework

The pre-processing pipeline was divided into three main steps or
modules, and different approaches were tested for each of them: i) early-
stage pre-processing, ii) independent component analysis (ICA) for
artifact correction, and iii) re-referencing. Data processing was per-
formed in MATLAB environment with custom scripts based on functions
belonging to the EEGLAB toolbox [18]. The effect of different ap-
proaches on signal quality was observed and measured with quantitative
indicators after ICA application and at the end of the complete pipelines.
The pipeline and the evaluation framework are schematized in Fig. 1.

3.2.1. Early-stage pre-processing

Raw EEG signals were high-pass filtered at 1 Hz and low-pass filtered
with a 45 Hz cut-off through FIR zero-phase filters, and the sampling
rate was then reduced to 256 Hz. Signals from electrodes heavily
affected by external noise and electronic artifacts were visually marked
as bad channels and rejected. A total of 97 of the 2035 channels (55
channels*37 participants) were rejected across all participants (mean =
2.6, range = 0:9). Signals acquired during the break between two
consecutive stimulation blocks, in which subjects were free to move,
were removed, since it was not relevant for the study purpose.

After these common actions, three datasets were built including
continuous data (NotEp), signals segmented in epochs (Ep), and
segmented with removal of the signal mean value (EpMR), respectively.
In the latter two cases, epochs were obtained by segmenting the signals
around the main stimulus presentation (i.e., video starts or MI cue),
taking 5 s before and 6.5 s after it. The subtraction of the signal mean
value was proposed in [15,25] to correct the baseline drift further,
where present, and improve ICA performance. In both segmented cases,
epochs affected by large movement artifacts were rejected (from 0 to 2
across participants).

3.2.2. ICA algorithms and artifacts correction

Blind source separation (BSS) is a common methodology imple-
mented in many pre-processing pipelines to recognize components
originating from brain sources and those associated with non-brain or-
igins and hence considered noise and artifacts. The most common
methods aim at identifying maximally independent signal components;
thus, we usually refer to independent component analysis (ICA). Among
the different available algorithms and based on previous literature re-
sults [16,26], two were selected and compared in this study: Extended
Infomax (ExI) [27] and Second-Order Blind Identification (SOBI) [21],
both performing a complete decomposition of the data matrix X in the
form WX = S, where W is called unmixing matrix and S is the matrix
containing the independent component activation series.

The Extended Infomax (ExI) algorithm is an extension of the well-
known Infomax [28], based on the natural gradient approach. In the
extended version, the source distributions are modeled as sub- and super
gaussian, and their separation is obtained by using a simple learning rule
based on the negentropy as the projection search index [19]. This
approach proved to be effective on EEG data and has been largely
applied for the last 30 years. It was shown to outperform other ICA and
BSS algorithms in terms of component dipolarity and thus physiological
interpretation [26]. The main drawback of this approach is the high
computational cost and execution time [16].

SOBI is a BSS technique based on stationary second-order statistics to
separate source activities by exploiting the time coherence and several
time-delays correlations (usually 100 lags) between the source signals
[21]. The main advantages of SOBI are its fast execution and stability
[16], while the extracted components were shown to be characterized
by a low degree of physiological interpretability [26].

The components extracted from the resulting six datasets were then
classified into seven classes using the ICLABEL plugin and flagged as ‘to
be rejected’ if a threshold on the probability of being classified in a non-
brain class was exceeded. In detail, ICLABEL is a very recent and
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automatic classifier widely validated [29,30]. It is based on a descriptive
method that classifies the ICs into 7 different categories (Brain, Muscle,
Eye, Heart, Line Noise, Channel Noise, and Other), also returning the
probability for the ICs of belonging to each class. We used this classifi-
cation method both to explore the physiological plausibility of the ob-
tained components and to automatically reject those associated with
noise origins (Muscle, Eye, Heart, Line Noise, Channel Noise) for artifact
correction before the next pre-processing steps. For the artifact classes,
the threshold for rejection was set at 70 % of probability, but we also
rejected components belonging to the class ‘Other’ if the probability was
higher than 90 %.

3.2.3. Re-reference approaches

EEG caps with pre-positioned electrodes reduce the flexibility in
selecting the acquisition reference position, but several re-referencing
methods are available. Re-referencing the signal offline helps in
reducing the reference effect and the residual common noise. Here, we
selected four different approaches: common average reference (CAR)
[23], robust CAR (rCAR) [12], the reference electrode standardization
technique (REST) [24], and the recently proposed reference electrode
standardization interpolation technique (RESIT) [11]. All these methods
aim at identifying a neutral reference (i.e., ideally the infinity reference)
to re-construct a unipolar montage while reducing residual common
artifacts and keeping the EEG signals in the sensor space. As displayed in
Fig. 1, the CAR, rCAR, and REST algorithms were applied after spherical
interpolation of bad channels through EEGLAB-based plugins. RESIT
was applied without bad channel interpolation since the interpolation
step is implemented within this algorithm considering neurophysiolog-
ical bases instead of purely mathematical ones. For RESIT, we used the
MATLAB implementation provided by the authors [11] upon request,
adapted to our data. While CAR and rCAR approaches are based on the
subtraction of simple or weighted multichannel signals average, REST
and RESIT rely on the computation of a forward and inverse model to
project the reference to infinite. In this work, we used a three-
concentric-sphere head model for both methods [11,24].

3.3. Evaluation process

Applying the two ICA algorithms (ExI, SOBI) to our three differently
prepared datasets (Ep, NotEp, and EpMR), we originated six different
combinations of methods, which were compared at the first evaluation
stop-off using the Mutual Information Reduction (MIR) [15,26] and the
ICLABEL classification results. After the application of the four re-
referencing approaches, we finally obtained and evaluated the pipe-
lines using the number of epochs with residual artifacts as an indicator of
the quality of the cleaned data.

3.3.1. Mutual information reduction

The mutual information reduction (MIR) index was implemented as
described in [26]. For a set of EEG signals, MIR is given by the difference
between the mutual information of the measured signals (Iggg) and the
mutual information of the extracted ICs (Ijcs). It can be derived by
summing the difference between the marginal entropies of the N EEG
signals x; and N components ICs with the logarithmic value of the
determinant of the unmixing matrix W, as in eq (1).

MIR = Igpc — licy = (€]
log|det(W) | + [h(x1) + -+ + h(xy) ] — [A(ICy) + -+ + h(ICy) ]

Hence, MIR describes the total reduction of mutual information when
moving from electrode to component domain [15]. A larger MIR implies
lower Ij¢;, hence higher independence of the extracted set of compo-
nents. Since ICA algorithms aim at identifying components that are
maximally independent (i.e., minimizing the mutual information), it is
expected that a good performance of these algorithms produces high
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MIR.

3.3.2. ICs classification

Considering that MIR is a quantitative index that does not take into
consideration the physiological plausibility of the extracted ICs, a
further evaluation was deemed necessary. As anticipated, we applied the
IC classification algorithms to our sets and, for each component, we
retained the category and the associated probability classification [29].
We focused on two categories: ‘Brain’ and ‘Other’. Since several features
are used for the classification, including the spatial pattern dipolarity
associated with each component, we considered the class ‘Brain’’ as the
one related to components with high physiological plausibility [26,29].
On the other hand, the ‘Other’ category was assumed as the class
incorporating all the components that have no direct physiological
interpretation and thus are not classified. Therefore, a high percentage
of components classified in the class ‘Brain’ with high probability could
indicate a good performance at this stage of the pre-processing.

3.3.3. Automatic epoch rejection rate

To quantitatively compare the full pre-processing pipelines, we
finally applied a semi-automatic epoch rejection (the NotEp dataset was
segmented at this point).

The epoch rejection is based on the following criteria: amplitude
exceeding +/- 50uV; a joint probability higher than 3 times the data
standard deviation; data kurtosis exceeding five times its standard de-
viation across epochs; high (30-45 Hz) and low (1-4 Hz) frequency
power 50 dB and 25 dB above their mean, respectively [18]. If at least
one channel in each epoch shows residual artifacts according to these
criteria, the whole epoch is rejected. The percentage of rejected epochs
is then compared across datasets as an indicator of residual artifacts and,
therefore, sub-optimal cleaning performance.

3.4. Event-related spectral perturbation analysis

The above-described procedures were applied to the dataset
described in section 3.1, taken as an example of a specific application. In
the following, all the evaluations and considerations are based on this
specific case study and illustrate how the information provided by each
quality/performance index should be discussed in order to allow a
method selection and proceed to the following pre-processing module.

Event-Related Spectral Perturbation (ERSP) analysis was used to
evaluate the event-related desynchronization/synchronization (ERD/
ERS) of the mu-rhythm during action observation (AO) and motor im-
agery (MI) at each EEG channel, separately. For this purpose, we soft-
ened our epoch rejection rules by automatically rejecting only epochs
meeting the above criteria for the channels placed on the motor cortex.

ERSP maps are, in our case, the time-frequency representation of
mean ERD/ERS expressed in dB with respect to a 2-second reference
period during cross-fixation (baseline). The time—frequency decompo-
sition was obtained using three-cycle Morlet wavelets [31]. ERSP maps
were computed on 11.5-second epochs containing the whole stimulation
paradigm. EEG power values were calculated from 4 Hz to 40 Hz with
linearly spaced frequency bins and along 200-time bins (see Fig. 5 as an
example). The ERD representation of the mu-rhythm was then obtained
by averaging, in each time bin, the ERD values across frequency in the
range 8-12 Hz.

3.5. Statistical analysis

Statistical analysis focused on comparing the considered methods for
each step of the tested pipelines.

First, the performance of the two ICA methods of interest (ExI and
SOBI) was compared as a function of the different data preparation
strategies (Ep, EPMR, NotEp). Specifically, a two-way repeated-mea-
sures ANOVA was conducted to assess whether significant MIR differ-
ences occurred among the six possible combinations of ICA methods
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(‘ICA’ within-subject factor) and data preparation strategies (‘Dataset’
within-subject factor). Significantly higher MIR for one combination of
the two methods would indicate more independent ICs, hence higher
efficacy for the corresponding pipeline. The sphericity assumption was
tested with the Mauchly’s sphericity test, and the Greenhouse-Geisser
(GG) correction was applied if needed.

Furthermore, the effect of the six pipelines was evaluated on the
automatic classification performed with IClabel. In this regard, we
focused on the classification probability and on the percentage of ICs
attributed to the two more frequently identified classes: ‘Brain’ and
‘Other’. The former class indicates recognized brain sources; the latter
relates to unclassifiable components due to the absence of clear elements
pointing towards one of the other categories considered in IClabel [29].
A higher classification probability within the ‘Brain’ class for one
pipeline would suggest a higher capacity for that pipeline to produce
brain-related ICs uncontaminated by non-brain sources. On the other
hand, higher percentages of data labeled as ‘Other’ would indicate that
the pipeline causes more ICs to contain a mix of brain and non-brain
sources. Since the number of ‘Brain’ ICs varies across subjects, the dis-
tributions of classification probability originating from the six pipelines
were considered independent samples, and differences among them
were tested through Kruskal-Wallis (due to violation of the normality
assumption). Differences across pipelines in the percentage of ICs
identified as ‘Other’ were assessed through a Chi-square test for inde-
pendence. In particular, following recommendations [32], cells pre-
senting absolute adjusted standardized residuals larger than 3 in the
contingency table were interpreted as significantly different from the
counts expected in case the IClabel categories were independent of the
analyzed pipelines.

Second, datasets originating from the three examined data prepara-
tion strategies and four re-referencing techniques (‘Re-reference’ within-
subject factor) were compared in the percentage of automatically
removed noisy epochs after components classified as sources of artifacts
had been removed. The differences among such percentages were
analyzed through a two-way repeated-measures ANOVA (Dataset*Re-
reference). A higher amount of noisy residual data for one pipeline
would indicate lower overall quality in its output signals.

Building upon the results from previous analyses, the last one
focused on a single data preparation strategy and further examined
differences among the four re-referencing methods, which were
compared in terms of desynchronization patterns. Specifically, event-
related spectral perturbation (ERPS) time-frequency maps were
computed across all the available trials and compared, channel-by-
channel, between matched pairs of re-referencing methods through
multiple two-tailed t-tests. As a separate t-test was performed for each
channel and each pair of considered re-referencing techniques, we
adopted the false discovery rate (FDR) approach to adjust p-values for
multiple testing [33]. This analysis was performed separately for the AO
and MI tasks to investigate whether using different re-referencing stra-
tegies might change the desynchronization patterns observed in the two
protocol conditions. The level of significance was set at alpha = 0.05 for
all the analyses, which were conducted on RStudio (PBC, Boston, MA)
and SPSS (IBM, Armonk, NY).

4. Results
4.1. Effect of the data preparation and ICA performance

4.1.1. Mutual information reduction (MIR)

Fig. 2 compares the MIR values computed, for each subject, on the
EEG data processed by combining the above three data preparations and
two ICA algorithms. A log transformation was applied to achieve
approximately normal distributions before running the two-way
ANOVA. The p-values of the statistical analysis described in this sec-
tion are presented in Table 2.

A statistically significant interaction was found between ICA and
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Fig. 2. A)Mutual Information Reduction (MIR) values distributions across the 37 participants for the six combinations of methods. b) Profile plot of the log-

transformed MIR (estimated marginal means + 95 % confidence intervals).

Table 2
Corrected p-values of the pairwise post hoc analysis on MIR.
Extended Infomax SOBI Dataset  ExIvs
SOBI
EpvsEpMR  p=1.68E- EpvsEpMR p=9.15 Ep p=270
21 E-11 E-11
EpvsnotEp p=0.001 EpvsnotEp p=242 EpMR p=38.70
E-4 E-28
EpMR vs p=4.74E- EpMR vs p=5.04 NotEp p=3.37
notEp 16 notEp E-09 E-11

Dataset factors (F(2,72) = 529.87, p < 0.001, partial n2 = 0.936).
Consequently, simple main effects were analyzed: first, the effect of the
ICA algorithm within each dataset preparation, and then the reverse.
Regarding the former, pairwise comparisons (paired samples t-tests)
showed that the MIR score was significantly different between SOBI and
ExI for each dataset (p < 0.001); in particular, the MIR obtained with ExI
was always the highest. This result could be ascribed to the different
approaches used by the two methods for the minimization of data
mutual information [26]. Regarding the latter, the effect of Dataset was

significant for both ExI (F(1.43,51.33) = 171.25, p < 0.001, partial nz =
0.826) and SOBI (F(1.29,46.6) = 48.97, p < 0.001, partial n2 = 0.576);
Greenhouse-Geisser correction was here applied. All post hoc pairwise
comparisons between dataset preparations were statistically significant
(p < 0.001 after Bonferroni’s correction).

4.1.2. Effect on IC classification

Fig. 3 displays the classification probability and percentage of ICs
assigned to ‘Brain’ and ‘Other’ categories by IClabel as a function of the
different data preparations and ICA methods.

The Kruskal-Wallis test among the six pipelines identified the pres-
ence of significant differences both for the ‘Brain’ (H(5) = 216.04, p <
0.001) and the ‘Other’ class (H(5) = 304.70; p < 0.001).

Bonferroni-corrected Dunn’s post hoc test for the ‘Brain’ class
(Table 3) showed non-significant differences between pipelines sharing
the same ICA algorithm applied to Ep and NotEp datasets and when
comparing different ICA algorithms applied to NotEp or EpMR datasets.
For all the other combinations, differences were significant. These were
prominent when comparing pipelines comprising the EpMR dataset,
which showed lower classification probability than both the other data
preparation approaches (p < 0.001). Finally, SOBI-Ep showed a slightly

B Ex
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Fig. 3. Distributions of classification probability for the ‘Brain’ (left) and ‘Other’ (right) classes. The percentage of the total 1938 components assigned to the two

classes for each pipeline is displayed on the top.
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Table 3
Corrected p-values from the post hoc comparisons (Dunn’s test) relative to the
class Brain.

Brain
ExI-Ep ExI-EpMR  ExI-NotEp  SOBI-Ep SOBI-EpMR
ExI-EpMR 1.64E-18
ExI-NotEp 1 2.81E-17
SOBI-Ep 0.002 7.03E-32 0.008
SOBI-EpMR 9.32E-08  0.063 2.18E-07 9.87E-18
SOBI-NotEp  0.148 2.17E-24 0.288 1 6.76E-13

higher mean classification probability both with respect to ExI-Ep and
ExI-NotEp combination.

Concerning the class ‘Other’, post hoc Dunn’s test, with Bonferroni’s
correction (Table 4), presented non-significant differences between ExI-
EpMR and both SOBI-Ep and SOBI-EpMR and when comparing the Ep
and NotEp dataset with the same ICA algorithm. Significant differences
were present when comparing pipelines featuring ExI and the EpMR
data preparation strategies against EXI-Ep and ExI-notEp (p < 0.001, in
both cases); slighter significance characterized differences within pipe-
lines built with SOBIL Furthermore, pipelines using the same data
preparation strategy, but different ICA algorithms, resulted in signifi-
cantly lower (p < 0.001) classification probability for the ‘Other’ class
when featuring ExI, except for the EpMR dataset.

To better interpret these results, it might help to consider the per-
centage of components classified in the two classes for the different
pipelines on the total of 1938 components extracted for each of them.
The Chi-square test between the six pipelines (ICA algorithms*Dataset)
and the three IClabel categories of interest (‘Brain’, ‘Other’, and the
remaining classes altogether) found a significant association between
these two variables (X2(1 0) =715.21, p < 0.001). In particular, adjusted
standardized residuals for the ‘Other’ category resulted significantly
lower than expected for most pipelines featuring ExI (Ep = -12.0; NotEp
= -11.5) and significantly higher for those comprising EpMR data
preparation (ExI = 11.6; SOBI = 13.0). Therefore, even if SOBI showed a
higher classification probability for the ‘Brain’ category, ExI more
consistently identified ‘Brain’ and the other specific sources considered
by IClabel, leading to a lower rate of unclassifiable ICs (i.e., category
‘Other’) and lower classification probability for them.

4.2. Re-referencing approach evaluation: Complete pipeline quality
assessment

The twenty-four datasets cleaned with the considered pipelines un-
derwent an automatic detection of noisy epochs to quantify the residual
artifacts and thus measure the final quality of the signals. The percent-
age of automatically removed noisy epochs was taken as an indicator of
signal quality. As previous analyses, considered altogether, did not
indicate a clear preference for any of the two ICA methods, at this stage,
we chose to analyze only the effect of the dataset type and re-reference
approaches (Fig. 4). Thus, the percentage of removed noisy epochs was
averaged across the different ICA algorithms, and a two-way repeated-
measures ANOVA was applied to this data after root-squared trans-
forming and excluding extreme outliers. Results showed the presence of

Table 4
Corrected p-values from the post hoc comparisons (Dunn’s test) relative to the
class Other.

Other
ExI-Ep ExI-EpMR ExI-NotEp SOBI-Ep SOBI-EpMR
ExI-EpMR 1.77E-21
ExI-NotEp 0.076 2.55E-37
SOBI-Ep 1.94E-13 0.962 1.16E-25
SOBI-EpMR 1.09E-26 1 3.17E-44 0.034
SOBI-NotEp  2.36E-07 0.0003 6.07E-17 0.371 6.94E-07
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a significant (p < 0.001) within factors interaction (Dataset*Re-refer-
ence). Therefore, post hoc analysis with Bonferroni’s correction was
applied within each dataset type to analyze the effect of the re-reference
approach. rCAR showed significantly higher rejection rates with respect
to all the other re-reference methods within all dataset types (p <
0.001), suggesting a higher presence of residual artifacts. REST and
RESIT were always not different in any dataset condition, while CAR
was slightly different from REST in the Ep and EpMR datasets (Ep: p =
0.04; EpMR: p = 0.035) and from both REST and RESIT in the NotEp
dataset (p-value < 0.001).

4.3. Effect on the ERSP

Given the previous results and to further investigate the effect of the
four re-referencing methods, the ERPS time-frequency maps were
computed across all the available trials for each participant and channel,
only on the datasets obtained applying ExI and SOBI to segmented sig-
nals (Ep). Here, we focus on the results obtained with ExI, while the
almost equivalent results reached by SOBI are reported in the Supple-
mentary document 1. As for the dataset, the Ep type was chosen since it
showed an overall better result in the previous quantitative evaluation.
An example of ERSP maps from the C3 channel of one subject is dis-
played in Fig. 5.

Differences between each pair of re-reference methods were evalu-
ated by comparing the ERD values in the mu frequency band obtained
averaging over the time bins in the first 500 ms after stimulus presen-
tation. In particular, channel-by-channel differences were computed at
the subject level among different re-referencing methods and assessed
with two-tailed t-tests for both AO (Fig. 6-a) and MI (Fig. 6-b) tasks.
Results obtained on data corrected with ExI are shown in Fig. 6. Anal-
ogous results were obtained considering SOBI-corrected data (Supple-
mentary document 1). Very similar desynchronization patterns were
obtained with CAR, REST, and RESIT in both AO and MI tasks. Instead,
the rCAR topographical ERD maps were significantly different from all
the other re-reference methods, particularly on frontal channels. These
differences were less pronounced and not significant during the MI task.

5. Discussion

The uncertainty in selecting appropriate methods for signal pre-
processing based on specific study needs is a common situation when
dealing with EEG data analysis. Although guidelines have been released
and automated pre-processing pipelines for large datasets proliferated in
recent years (see section 2), most studies reported the use of semi-
automatic modular pipelines performed under manual control. The
methods selected for each module (or step) are heterogeneous across
studies, since each research group has its preferred and conventional
procedure that may be slightly adapted to the specific application. This
approach comes with the possibility that different pre-processing
choices may produce different results and, consequently, it is recom-
mended to compare different approaches, at least on a subset of re-
cordings. Unfortunately, such comparison has rarely been presented in
papers, mainly for a difficulty in assessing the results of different pre-
processing pipelines on real data in terms of signal quality [2,10],
especially with a straightforward interpretation. Therefore, this work
investigated how choices made at different stages of a pre-processing
pipeline for a specific application may influence the quality of the pro-
cessed signals, proposing indicators for a quantitative evaluation of the
resulting data quality at each step. The effect of various re-referencing
strategies on the ERSP analysis was also explored.

In the specific case of event-related analysis, data segmentation is
necessary, while it can be avoided for other applications (see Supple-
mentary document 2). Therefore, the influence of the segmentation,
with or without signal mean removal before ICA application, was tested
for two different algorithms. In line with [15], we found the highest MIR
value, i.e., the largest independence of the extracted components, when
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ICA was applied on segmented signals with mean removal (EpMR). In
fact, as also discussed in [25], removing the mean of each individual
epoch and channel works like a further high-pass filter, improving ICA
results in terms of independence. On the other hand, pipelines
comprising EpMR were also characterized by poor component classifi-
cation outcomes since most components were classified as ‘Other’. This
suggests that a high level of independence may come at the cost of a
reduced physiological reliability, which may be a too high price to pay
depending on the research application. Moreover, in our case, a high
pass filter (1 Hz) had been already applied, reducing the need of further
correcting the signal drift. At the same time, we also compared the effect
of two ICA algorithms: ExI and SOBI. ExI produced sets of components

with a higher level of independence with respect to SOBI, and a higher
percentage of components classified in the class ‘Brain’ was found.
Anyway, both algorithms performed equally well in our case; thus, one
could prefer SOBI because of its rapidity or ExI for its higher physio-
logical plausibility [26]. Because of their similar outcomes, the evalu-
ation of the ICA method effect was discarded in subsequent analyses.
It is worth noting that, removing artifactual components (i.e., sour-
ces) from EEG signals could lead to a loss of brain-related information.
This may be due to a poor unmixing process or an incorrect identifica-
tion of components as artifact-related [29]. The former case can be
handled by carefully removing large artifacts before applying ICA al-
gorithms, and the latter can be prevented by limiting the number of
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removed ICs to the strictly necessary ones and by assisting the experi-
menter with validated classifiers. Minimization of neural information
loss has also been addressed by introducing new and advanced tech-
niques based on combining ICA with other processing methods, such as
the empirical mode decomposition (EMD), Ensemble EMD and Multi-
variate Empirical Wavelet Transforms, which have been applied to
better separate muscular and ocular artifacts from brain activity
[34-36]. Also in this cases the proposed approaches could help the
operator in the better choice of the pre-processing and denoising stra-
tegies, in order to remove noise as much as possible while keeping the
relevant physiological information

A fundamental step after artifact correction is the re-referencing of
signals to a ‘neutral’ channel. We tested the two most commonly
employed approaches, i.e., CAR [23] and REST [24], and their respec-
tive recent extensions rCAR [12] and RESIT [11]. We selected these
approaches because they all aspire to identify an ‘infinity’ reference
remaining in the sensor space. First, differences among re-reference
methods were assessed in the number of automatically removed
epochs after pre-processing. In this regard, we adopted very strict rules
and avoided human supervision to exclude any bias in the evaluation.
Observing the results for different data preparation strategies, the lower
quality obtained with EpMR was consistently expected, since the
inability to identify artifactual components led to the presence of re-
sidual artifacts. Looking at the other two datasets, which share similar
results, we found that rCAR was characterized by a slightly higher
epochs rejection rate. This result may be due to different weighing used
for the electrodes [12], which may cause the permanence of spatially
localized artifacts.

These results seem to be reflected in the application example. Spe-
cifically, considering only a dataset preparation type (i.e., Ep), we
computed the ERSP for AO and MI trials and tested the effect of the re-
reference approaches. Even in this case, similar results were obtained for
CAR, REST, and RESIT, whereas rCAR showed a reduced desynchroni-
zation of the mu rhythm during AO at the frontal channels. Since, for this
analysis, we only removed epochs showing artifacts on the central
electrodes, we suppose that residual noise is present on the frontal

electrodes. We might speculate that this effect is only visible in AO
because some participants slightly moved their eyes to follow the actor’s
movement; therefore, the frontal electrodes may still present not-brain-
related oscillations. Results were analogous for both datasets corrected
with SOBI and ExI.

6. Limitations and conclusion

The main limitation of the present work is the specific application
and dataset used for methods comparison. Indeed, our aim was to show
the effect that different pre-processing choices may have on signal
quality and specific analysis results. Thus, providing an exhaustive
comparison of these methods on multiple datasets was out of our scope.
However, to partially cope with this limitation, in the supplementary
document 2, we illustrate the application of the proposed evaluation
framework on a second basic example (i.e., Resting state) by exploiting
an open-source dataset available on the web [37,38]. In this second
example, the framework was reduced according to the different protocol
and montage, but similar indications to those illustrated in the current
work can be derived.

Moreover, with the goal of defining possible criteria for selecting
proper approaches at each step, we had to limit the number of methods
to compare and focus on a single pre-processing structure. Indeed, we
included only two ICA algorithms and four re-referencing approaches.
We did not consider the surface Laplacian re-reference technique [39]
since it implies a transformation into current density, making difficult
the comparison with the other selected methods. As for the ICA algo-
rithms, SOBI and ExI were selected with reference to previous literature
results [26]. Finally, we adopted the classical pre-processing structure,
but it would be interesting also to evaluate the effect of a different
sequence of the considered steps. For example, the effect of re-
referencing the data at the beginning of the pipeline may be
investigated.

Nevertheless, the presented work showed, with a simple evaluation
framework, that it is possible to easily check the effect of the pre-
processing methods at each step of the process and use the derived
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information for their careful selection. Therefore, when possible, we
suggest considering the use of modular pipelines that allow a flexible
choice of methods, immediate comparison, and a certain degree of user
intervention.
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