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1. Introduction

Electroencephalogram (EEG)-derived complexity metrics have advanced
substantially over the past three decades, progressing from approximate entropy to
sample entropy, in addition to more recent approaches such as multiscale entropy,
permutation entropy, and modified diffusion entropy, which address known
limitations including self-matching bias and estimator instability.! Despite these
methodological improvements, it is uncertain how much non-neural artifacts and
their removal influence the estimation of neural complexity. Ideally, EEG
complexity should index the brain’s capacity for flexible information exchange and
adaptive responses to cognitive and environmental demands or changes.>* EEG
recordings are unavoidably affected by artifacts arising from muscle activity,
environmental noise, electrode disturbances, instrumentation, and systemic
physiological thythms such as cardiac and respiratory cycles.’ These artifacts can
be persistent, such as line noise, or transient, such as sporadic eye movements, and
both may bias complexity estimates. Artifact removal techniques including artifact
subspace reconstruction (ASR), canonical correlation analysis (CCA), and adaptive
mixture independent component analysis (AMICA) can improve signal quality and
attempt to isolate neural activity,’ but they may also alter neural signal structure in
ways that complicate interpretation. As a result, EEG complexity estimates must be
evaluated with careful consideration of preprocessing choices and their potential
impact on the underlying neural signal.

In this study, we aimed to understand how EEG signal preprocessing approaches
impact the estimation of neural signal complexity using modified diffusion entropy
analysis (MDEA). We used two existing EEG datasets, which contained either
primarily persistent or transient artifacts, to represent a range of artifact types.

1.1 EEG Artifacts and Removal Approaches

Artifacts in electroencephalogram recordings are signals that do not originate from
the brain and are broadly categorized as either physiological, stemming from the
subject’s body, or non-physiological, arising from external sources such as
equipment.®’ It is crucial to identify these artifacts because they can obscure or be
mistaken for genuine brain activity, potentially leading to misinterpretation.
Common physiological artifacts include ocular artifacts from eye movements and
blinks; high-frequency muscle (myogenic) artifacts from activities like chewing or
clenching the jaw; cardiac (ECG) artifacts synchronized with the heartbeat;
glossokinetic artifacts caused by tongue movement; and slow, undulating sweat or
respiration artifacts resulting from perspiration and breathing.®® Non-physiological
artifacts, originating from outside the body, encompass electrode “pops” from loose



connections, persistent interference from electrical power lines, and various

movement artifacts generated by physical disturbances such as during walking.%%-1°

To address the challenge of artifacts in EEG, a variety of powerful tools have been
developed to either remove or significantly reduce their impact.!' These methods
often target one or more specific types of artifacts, using different strategies to
distinguish and separate the unwanted noise from the underlying brain activity.
Basic filtering techniques, such as band-pass filtering, are used to isolate specific
frequency bands of interest while removing low-frequency drifts and high
frequencies often associated with muscle artifacts.”> More advanced methods
leverage blind source separation techniques, which attempt to statistically separate
the mixed signals recorded at the scalp into their original sources. Independent
component analysis (ICA) is a widely used method that can effectively identify and
remove various artifacts, including eye blinks, muscle activity, and cardiac signals,
by isolating them into independent components (ICs) that can then be subtracted
from the data.!"'?> Another advanced technique is ASR, which is an automated,
component-based method capable of removing large-amplitude, transient artifacts
by identifying and reconstructing contaminated data segments.'* For the specific
challenge of muscle artifacts, which often overlap in frequency with neural signals,
methods like CCA'* and a combination of ensemble empirical mode decomposition
with CCA have proven to be effective.!>!® Empirical mode decomposition itself is
another adaptive data analysis method that can decompose a signal into a set of
intrinsic mode functions, which can then be analyzed to identify and remove
artifactual components.!®> These diverse approaches, used alone or in combination,
provide researchers with a robust toolkit for improving the quality and reliability of
EEG data.

A major challenge in EEG artifact removal is balancing artifact suppression with
preservation of neural signals.!" For example, ASR excels at detecting high-
variance outliers but may unintentionally suppress actual neural variability,'
whereas AMICA, effective at isolating independent sources, can overfit data.!”
EEG complexity estimation can be affected by these preprocessing choices. Over-
aggressive artifact removal can artificially flatten complexity measures, whereas
insufficient cleaning allows residual noise to obscure meaningful patterns.'!!8

1.2 Neural Complexity, Synchrony, and System Adaptation

Neural complexity, measured from electroencephalogram recordings, is a valuable
tool for understanding brain function in both health and disease. It quantifies the
1/f-variability and unpredictability of brain signals, which can reflect the brain’s
information processing capacity. Complexity is hypothesized to represent the



brain’s ability to generate diverse and adaptive responses. It captures the dynamic
balance between integration and segregation across neural networks.'® This balance
supports the brain’s capacity for flexible adaptation to internal and external
demands and perturbations, supporting cognitive resilience and system
performance.?’ For example, resting-state EEG complexity has been shown to
predict individual differences in cognitive performance, suggesting that richer
neural dynamics may support more effective information processing.?! In contrast,
reductions in neural complexity have been observed under conditions of cognitive
strain or fatigue.?> Zhai et al.?? reported that mental fatigue is associated with
decreased EEG complexity, consistent with the theory that demanding cognitive
activity can reduce the dynamical variability of neural signals. More broadly, EEG
complexity measures, such as entropy, fractal dimension, and predictability
metrics, have been widely used to characterize changes in brain dynamics across
cognitive states and neuropsychiatric conditions.?? Therefore, these measures offer
insight into how to evaluate human performance in dynamic and high-stress
environments.

The complexity synchronization (CS) analysis is a tool for understanding the
intercommunications within networks of organ networks, such as within the levels
of the central nervous system and between the brain, heart, and lungs.>* CS is the
synchronization in the statistical structure of interacting systems rather than the
phase or amplitude. CS is hypothesized as a mechanism for efficient information
exchange among organ networks of varying architectures and timescales.?*
Disruptions in synchrony, whether due to cognitive load, fatigue, or degradation of
health, can indicate underlying system inefficiencies.”> Because CS is dependent
upon the temporal fluctuations in complexity of physiological time series, we
investigated how signal preprocessing impacts both the estimation of complexity
and the temporal relationship between signals. However, like complexity, it
remains unclear whether observed changes in CS after artifact cleaning represent
genuine neural phenomena or artifacts of preprocessing.

The interaction among EEG signal preprocessing, neural complexity, and CS
remains an underexplored area. Although artifact removal pipelines aim to enhance
signal clarity, their effects on higher-order neural measures are still not fully
characterized. There are many different approaches for estimating system
complexity and synchronization; however, in this work, we focus on MDEA based
on crucial event theory.?® We investigated how estimates of neural complexity and
CS were affected by various artifact removal processes to provide deeper insights
into their robustness and reliability. This understanding is essential for refining
EEG preprocessing methodologies and improving the interpretability of neural
measures in real-world applications.



2. Objectives

This investigation aimed to clarify how artifact removal affected EEG-derived
neural complexity and its interpretation across experimental conditions.
Specifically, we focused on the following objectives:

« Objective 1: Evaluate how neural complexity estimates changed through
stages of EEG preprocessing and artifact removal.

« Objective 2: Evaluate how CS changed through stages of EEG
preprocessing and artifact removal.

By addressing these objectives, this study aimed to improve the reliability of EEG-
based insights into brain dynamics and human performance.

3. Methods

3.1 Datasets

For this study, we used two existing datasets that represented different types of
artifacts. However, both datasets likely contained persistent line noise at 60 Hz and
respiration and cardiac rhythms, which are common in EEG recordings. For Dataset
1, which is dominated by a persistent artifact, 128-channel EEG was recorded at
512 Hz (BioSemi ActiveTwo) while novice users walked with bilateral, ankle
exoskeleton assistance during pre- and post-adaptation. Users walked on a treadmill
continuously for 5 min before (Pre) and after (Post) a training period where they
practiced walking with the exoskeleton assistance for approximately 45 min. In this
analysis, we included data from 15 subjects.?’” EEG data collected during walking
has been shown to be contaminated with ongoing muscle activity and electrode
movement- or disturbance-related artifacts.?® Dataset 1 also contained transient
artifacts such as eye blinks and bursts of increased muscle activity. For Dataset 2,
the transient artifact dataset, 64-channel EEG was collected at 2048 Hz (BioSemi
ActiveTwo) during a seated virtual-reality shooting task under high- and low-stress
conditions.?” We used four subjects’ data, and each condition was approximately
8-10 min long. Subjects were seated and presented with pop-up targets on a
simulated range and made movements to orient to the target location. This task
produced more transient artifacts related to target presentation with periods of little
artifact in-between targets. Transient artifacts include eye blinks, muscle activity,
and electrode disturbances associated with head and upper body movements. For
Dataset 2, two-lead electrocardiogram (ECG) data were recorded simultaneously
with the EEG data using the same data recording system.



3.2 EEG Preprocessing Pipeline

For both datasets, we applied a preprocessing pipeline that has been well
characterized for removing artifacts from EEG data during whole body
movements.”” The preprocessing steps were implemented using EEGLAB
functions integrated into custom MATLAB scripts. The pipeline included the
following stages: 1) 2-Hz, high-pass filter; 2) robust re-referencing, detection, and
removal of bad channels®; 3) ASR?!; 4) canonical correlation analysis®?; and 5)
AMICA *** The order of the artifact removal steps has been tested and is
purposeful.'%27-30:353¢ An important first step is to re-reference the data, because
data collected with the BioSemi ActiveTwo is unreferenced and referencing the
data alone can drastically improve the common mode rejection ratio.*® In the initial
preprocessing steps, bad channels are also removed, because these channels likely
contain little or no brain signal and may have a poor connection with the scalp. The
preprocessing pipeline is depicted in Figure 1 along with the EEGLAB functions
used to perform each step.

EEG Preprocessing Pipeline

Min. Processed

pop_eegfiltnew() : |

Robust re-reference —— - performReference()

1.
High-pass filter @ 2Hz

Artifical Subspace Reconstruction

Remove bad channels ——» findNoisyChannels() ~"'me It «,AW\MW\ )l‘ iy .\W‘ } ‘A.tﬂ,"-/‘\
2 " '1
2 " . Canonical Comelation Analysis
ASR ————— Clean_asr(20std, resting baseline)
3. : .h Ir"v ! ly I w t“M vlw(}kl
CCA —» pop_autobssemg() £ N ”f‘uf w w T
p Aadaptive Mixture 1
Line Noise Removal ——— > pop_zapline_plus g ! | "
3 r,,‘ ,,-, w { *»'WWW‘” R I
Runamica15(1 model,
AMICA —— > max_iter=2000), identify and remove

non-brain ICs (dipole fit, Iclabel)

Figure 1. EEG preprocessing pipeline. The left panel shows the sequential preprocessing
steps and corresponding EEGLAB/MATLAB functions used in the pipeline. The right panel
shows an example of the same EEG signal segment after each successive cleaning stage,
illustrating how the signal changes across preprocessing steps.



3.2.1 Minimal Preprocessing

We applied a 2-Hz, high-pass filter to eliminate slow drifts and reduce large
walking-related artifacts at the stepping frequency.’’ Next, we performed robust
referencing, which estimates a clean reference signal to reduce noise contributions
common to all electrodes, and removed bad channels that likely had a poor
connection with the scalp.*

3.2.2 Artifact Subspace Reconstruction

ASR addresses transient and high-amplitude artifacts caused by eye blinks, muscle
activity, or sudden movements.*® A clean reference dataset, typically from a static
baseline condition or a clean section of the dataset, serves as a baseline. ASR
detects segments exceeding a standard deviation threshold and reconstructs these
portions. We used a standard deviation parameter of 20 to preserve neural
variability while attenuating artifacts. We used a baseline collected during quiet
standing as the reference for Dataset 1-Persistent Artifact. For Dataset 2-Transient
Artifact, we set the ASR function to search for clean segments of data during the
condition of interest as the reference

3.2.3 Canonical Correlation Analysis

CCA is a blind source separation technique that identifies highly correlated
components across EEG channels.?* Neural signals are highly autocorrelated, and
thus the components with the lowest autocorrelation are identified and removed
from the dataset. CCA is particularly effective at targeting muscle activity artifacts
because they have a very low autocorrelation.

3.2.4 AMICA with IC Pruning (Maximally Processed)

We applied a line-noise removal procedure (ZapLine+) to suppress 60-Hz power-
line interference and its harmonics, and then AMICA was applied. AMICA
decomposes EEG signals into statistically ICs using a flexible probabilistic
model.>® AMICA has been shown to be a powerful tool for isolating neural source
activity from artifacts. After decomposition into ICs, we fit equivalent current
dipoles for each IC using the DIPFIT function in EEGLAB. DIPFIT estimates the
location and orientation of a dipole for each IC by finding the dipole that best
matches the IC scalp map. True brain sources are theoretically dipolar, and thus we
use the residual variance (RV) associated with the dipole fit to help identify brain
ICs. The RV reflects the percentage of the IC scalp-map variance that is not
explained by the fitted dipole; therefore, lower RV values indicate a better dipole
fit, whereas higher RV values indicate a poorer fit. We identify and retain only
components that likely represent brain source activity based on the criteria RV



(RV <15%) and ICLabel brain probability (>50%). ICLabel is an automated
EEGLAB plugin for classifying ICA components, which was developed as an ML-
based classifier that assigns each IC probabilities across seven categories: brain,
muscle, eye, heart, line noise, channel noise, and other.*’ In this study, components
were retained only when the ICLabel probability for the brain class exceeded 50%.
Non-brain components, such as eye or muscle artifacts, were excluded, and the
cleaned EEG channel signals were reconstructed for downstream analysis.

3.3 Modified Diffusion Entropy Analysis

MDEA is a statistical approach designed to quantify the complexity of time-series
data, such as EEG signals, by examining how temporal fluctuations evolve over
time.*! The theory of self-organized temporal criticality assumes that complex
networks function near a critical state (between order and disorder). At this state,
they produce “crucial events” (CEs), allowing for adaptive, efficient interactions
without central control. Unlike traditional entropy measures, MDEA begins with
extracting CEs directly from the raw signal before performing diffusion entropy
analysis. This preprocessing step ensures that only meaningful signal transitions
contribute to the entropy calculation, reducing the influence of random noise and
irrelevant variability.

The MDEA process starts by normalizing the raw EEG signal to a range [0,1],
ensuring consistency across datasets. After normalization, the signal is segmented
into horizontal stripes of optimized size (AS).** A CE is defined whenever the
signal crosses from one stripe to another, producing a discrete event marker.
Mathematically, these transitions can be represented as follows:

As(t) = s(t) — s(t — At), (1)

where s(t) represents the stripe occupied by the normalized EEG signal at time t,
and At represents the sampling interval. A nonzero value of As(t) indicates that the
signal has crossed from one stripe to another. Events are then extracted as unit
amplitude pulses whenever a stripe boundary is crossed. If the signal remains within
the same stripe, no event is recorded, effectively ignoring stationary periods in the
signal.

The extracted events are then cumulatively summed to construct a diffusion
trajectory, which captures the statistical evolution of signal fluctuations over time.
The probability distribution function (PDF) of the diffusion trajectory is analyzed
to determine how it spreads as a function of the window size w. The diffusion
entropy S(w) is calculated as follows:



S(w) =-— jooP(x, w)in[P(x,w)]dx )

where P(x,w) represents the PDF of the diffusion trajectory position x for a given
window size w. CEs play a significant role here, because they represent moments
of signal change that are preserved in the diffusion process rather than being diluted
by fluctuations that do not produce stripe crossings.

The change in diffusion entropy relative to a reference state is then defined as
follows:

AS(W) = S(W) — Sref = 0 In(w), (3)

where AS(w) is the change in diffusion entropy, Srer is the reference entropy, and &
is the scaling index. The scaling index o is obtained from the slope of AS(w) versus
In(w), providing a measure of the temporal complexity of the signal.

By focusing on these meaningful events, MDEA can detect patterns of self-
organization and critical transitions within the EEG signal. Therefore, CEs are not
random but structured temporal markers indicating significant neural dynamics.
This extraction and analysis process enables MDEA to robustly distinguish
between stochastic noise, structured patterns, and transient critical events, offering
a refined measure of neural complexity that remains sensitive to both short-term
variability and long-term dependencies

To compute temporal fluctuations in complexity (scaling indices [d]), we applied
MDEA to the EEG and ECG time series data in 30-s moving windows with a 2/3
overlap. The 30-s window length and 2/3 overlap were held constant across all
preprocessing stages to ensure direct comparability of the resulting complexity
time series. To compute mean complexity for a condition, we averaged all
available windows for that condition. We used an adaptive method for MDEA,
optimizing stripe size and diffusion trajectory linear region (where the slope is
fitted) on every window.?* We applied MDEA after every successive stage of the
EEG preprocessing pipeline to evaluate how each step influenced neural
complexity estimates. MDEA was performed sequentially after minimal
preprocessing (high-pass filter, re-referencing, bad channel identification, and
removal), and then after ASR, followed by CCA, and finally after AMICA pruning.
This approach allowed us to track how successive preprocessing stages affected
neural complexity estimates. MDEA was applied to each EEG channel, and the
mean of all channels was taken for comparisons. We performed a Spearman
correlation between the mean EEG complexity time series after each processing



stage to determine whether temporal patterns of complexity were affected by
preprocessing.

3.4 Complexity Synchronization

CS was quantified as the Spearman rank correlation between two complexity time
series. A rho value of 1 indicates perfect CS, whereas a rho value of 0 indicates no
CS. After applying MDEA in 30-s windows with 2/3 overlap, a scaling time series
was obtained for each remaining EEG channel at each preprocessing stage. These
scaling time series were then averaged across channels to obtain one mean EEG
complexity time series for each condition. CS was computed for Dataset 2 between
the EEG and ECG complexity time series to assess synchronization between brain
and cardiac activity after each preprocessing stage. CS provided a measure of
whether preprocessing influenced the relationship in the temporal fluctuations of
complexity across systems, beyond its effect on absolute complexity values.

4. Results

4.1 Persistent Artifact Study

We found that in data with persistent artifacts, temporal fluctuations are preserved
and mean complexity significantly decreases from minimally processed data to
maximally processed data for both Pre- and Post-adaptation experimental
conditions (p =0.0101 and p = 0.0173, one-sided Wilcoxon p-value, respectively).
There is a significant decrease in standard deviation from minimally to maximally
processed data for pre and post (p =0.0368 and p = 0.0173, one-sided Wilcoxon p-
value, respectively). Figure 2a shows an example of one subject in Pre-adaptation
for each compounded step. We found that the EEG scaling indices time series had
strong, positive correlations after each preprocessing step. Figure 2b is a Fisher-
correct Spearman rank correlation heat matrix annotating the Spearman rho
between all EEG processing pipeline steps in Pre- (blue) and Post- (red) adaptation
averaged across subjects.

Figure 2c reveals that through all cleaning steps, the relationship between
conditions (i.e., Pre and Post) is preserved with an increase in complexity from Pre-
to Post-adaptation for minimally processed, ASR, CCA, and maximally processed
data (p = 0.0153, p = 0.0224, p = 0.0198, and p = 0.0028, one-sided Wilcoxon p-
value, respectively).
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Figure2. MDEA on data with persistent artifacts. a) An example of one subject for one
condition where temporal fluctuations are preserved through all processing steps in Pre-
adaptation. b) A Spearman rank correlation heat matrix annotating the Fisher-z corrected
averaged Spearman rho between all EEG processing pipeline steps in Pre- (blue) and Post-
(red) adaptation averaged across subjects. ¢) A bar plot comparing the mean complexities (3)
across the EEG cleaning pipeline over time. Statistical significance is denoted by an asterisk:
*p <0.05, **p < 0.01, and ***p < 0.001.

4.2 Transient Artifact Study

We found that in data with primarily transient artifacts, temporal fluctuations were
preserved, and the mean complexity from minimally processed data to maximally
processed data decreased, albeit not significantly, which is likely due to the small
sample size (p = 0.0625, one-sided Wilcoxon p-value) as well as a decrease in
standard deviation from minimally to maximally processed data (p = 0.0625, one-
sided Wilcoxon p-value). Figure 3a shows an example of one subject in high stress
for each preprocessing stage. The bracketed asterisk indicates a significant drop in
mean scaling after each step in the processing pipeline. Figure 3b demonstrates that
the temporal fluctuations in complexity of the EEG signals are largely preserved in
instances in which all correlations between preprocessing stages have moderate to
high values. Figure 3¢ depicts mean complexity estimates for each condition (high
and low stress) for each preprocessing stage. We did not find a significant
difference in high- and low-stress conditions for any preprocessing stage. Figure 3d
evaluates the CS between EEG and ECG after each preprocessing stage. For low
and high stress, CS remained significant before and after preprocessing.
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Figure 3. MDEA on data with spurious artifacts. a) An example of one subject whose
temporal fluctuations are preserved through all processing steps in high stress, with an
asterisk denoting significant decrease in mean scaling. b) A Spearman rank correlation heat
matrix annotating the Fisher-z corrected averaged Spearman rho between all EEG processing
pipeline steps in low (blue) and high (red) stress averaged across subjects. ¢) A bar plot
comparing the mean complexities (6) across the EEG cleaning pipeline over time. d) A
Spearman correlation heat matrix annotating the Fisher-z corrected averaged Spearman rho
between EEG and ECG scaling indices across each cleaning step in the processing pipeline.
Statistical significance is denoted by an asterisk: *p < 0.05 and **p < 0.001.

5. Discussion

In this study, we aimed to understand how EEG preprocessing and artifact removal
affected complexity and CS as estimated by MDEA. We found decreased mean
complexity as we progressed through the preprocessing pipeline. However,
temporal fluctuations in complexity of the neural signals were preserved throughout
the preprocessing pipeline stages for both transient and persistent artifact-
dominated datasets. The magnitude of MDEA complexity estimates should be
interpreted with caution with regards to the presence of artifacts and any artifact
removal techniques applied to the data. Temporal fluctuations in complexity
estimated by MDEA were robust to artifacts and our preprocessing pipeline.
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5.1 Reduction in Neural Complexity and Variability with Artifact
Removal

We observed a decrease in mean and standard deviation complexity estimates
across both transient and persistent artifact datasets when comparing minimally to
maximally processed EEG data. The ASR and CCA preprocessing steps primarily
target movement artifacts, eye blink- and eye movement-related artifacts, and
muscle activity artifacts.>’*> AMICA attempts to isolate neural activity from the
remaining artifacts.*>** Based on those assumptions, we interpret the reduction in
complexity as a result of the reduction of artifacts in the recorded EEG data. The
reduction in complexity is not surprising given that each step of the pipeline
removes information or variability from the signal by separating or attenuating
artifacts. The concurrent decrease in standard deviation of the group mean
complexity is another indication of reduced noise in the signal. Our main takeaway
from these findings is that the magnitude of complexity of EEG signals should be
interpreted carefully because persistent and transient artifact contamination can
overinflate complexity estimates.

Although we did not directly compare MDEA-derived complexity with
conventional oscillatory power metrics, the present findings raise the possibility
that complexity estimates may be less sensitive to certain artifact types. Oscillatory
power measures are known to be strongly influenced by physiological artifacts. For
example, muscle activity produces broadband signals that overlap neural frequency
bands and can substantially inflate high-frequency EEG power measurements.*? In
contrast, the preservation of condition-level relationships across preprocessing
stages in the persistent-artifact dataset suggests that complexity measures may
retain meaningful signal structure even when artifacts are present. Although this
observation does not demonstrate that complexity metrics are inherently more
robust than oscillatory measures, it highlights the potential for complexity-based
analyses to capture neural dynamics despite the presence of artifacts.

Although the reduction in complexity is primarily due to a reduction of artifacts in
the EEG data, it is possible that the preprocessing pipelines are distorting the neural
signals. However, our results suggest that the ability to detect relative changes in
neural complexity between conditions was not affected by our preprocessing
pipeline. One demonstration is the result of comparing mean complexity during
Pre- and Post-adaptation while walking with the exoskeleton (Figure 2). In both
conditions, the subjects were walking for 5 min continuously on a treadmill while
receiving assistance from an exoskeleton. Artifacts during these conditions were
similar, given that the tasks of walking at a constant speed were consistent across

Pre- and Post-adaptation phases®’; however, the relationship of decreased
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complexity during late adaptation is maintained throughout the preprocessing
pipeline. In the same dataset, Song et al.?’ found increased alpha band power in
sensorimotor brain regions during Post-adaptation, which was interpreted as
decreased cortical activity. Thus, decreased complexity may indicate decreased
sensorimotor neural activity during Post adaptation. Furthermore, the finding of
decreased complexity after habituation agrees with the results from Hua et al.** who
found a decrease in sensorimotor EEG complexity (fractal dimension analysis) after

habituation to a standing balance task.

In both transient and persistent artifact datasets, the temporal fluctuations of
complexity were preserved across preprocessing steps. A preservation of temporal
fluctuations after artifact removal indicates that complexity over time is primarily
driven by the neural signal and not artifact. For the transient dataset, we were able
to observe CS between heterogeneous systems, the brain and heart. The
synchronization is characterized by matching multifractal dimensions in their
respective time series, which suggests efficient communications and optimal
physiological function. The CS between the averaged EEG and ECG is significant
after each stage of cleaning in low and high stress, but it is consistently higher in
the low-stress condition. Therefore, although temporal fluctuations of EEG are
largely preserved across cleaning steps, to accurately assess performance of
heterogeneous-coupled systems, EEG preprocessing may be necessary for an
accurate understanding of the synchrony between these two systems.

The preservation of the relationships between conditions in persistent and transient
artifacts combined with the preservation of temporal fluctuations suggest that fewer
EEG preprocessing steps may be necessary. EEG preprocessing can require a non-
trivial amount of time and computational power depending on the dimensionality
of the data. ICA, a common preprocessing step, takes a notoriously long time to
process due to the high dimensionality and large size of EEG datasets, which
require extensive matrix computations and iterative optimization.** Reducing EEG
preprocessing requirements also reduces computational strain, allowing resources
to be reallocated for more detailed downstream analyses or supporting larger
datasets. For smaller research teams with limited access to high-performance
computing resources, shorter runtimes decrease the challenges to conducting large-
scale EEG studies. Furthermore, faster EEG preprocessing has practical value in
translating complexity-based neural monitoring into brain computer interfaces. In
wearable exoskeletons, for example, reduced processing latency could enable real-
time updates to control algorithms, incorporating neural complexity metrics into
multi-cost optimization functions without significant lag.**

EEG recordings are highly susceptible to contamination from physiological and
environmental artifacts such as eye movements, muscle activity, cardiac signals,
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and electrical interference. As a result, artifact detection and removal are widely
considered essential preprocessing steps in EEG analysis pipelines!’!® Previous
work has also shown that preprocessing pipelines can reduce artifact-related
variability and improve the reliability of downstream EEG analyses, including
measures such as functional connectivity.*®* In this context, the preservation of
relationships between conditions and temporal fluctuations observed in the present
study suggests that some signal features may remain detectable despite artifact
contamination, potentially reducing the need for extensive preprocessing in certain
applications.

5.2 Neural and Organ System Synchrony and CS

Research has shown that synchrony is closely tied to critical dynamics within the
brain, such as phase transitions and state changes in neural networks.**7 These
dynamics are often linked to CEs, where transient increases in synchrony
correspond to significant cognitive or physiological states.*° CS facilitates
efficient information exchange across brain and organ networks, enabling the
integration of information and coordination of neural processes essential for
adaptive behavior. This dynamic interplay is not just a result of signal processing,
but it also reflects the brain’s and body’s underlying capacity for resilience and
responsiveness in the face of varying cognitive and environmental demands.

Despite the aggressive artifact removal steps used in preprocessing, heart—brain CS
was maintained across each EEG preprocessing stage. This observation suggests
that the preprocessing pipeline is not simply amplifying artificial synchrony, but it
is effectively preserving biologically relevant neural dynamics. The ability to retain
both CS and temporal variability through successive cleaning stages strengthens
confidence in the integrity of our EEG processing pipeline and the complexity
metric, reinforcing its validity for studying system-level performance, cognitive
adaptation, and brain-environment interactions.

6. Limitations

One limitation of this study is that we do not know the actual statistical structure of
the neural signal. Thus, we cannot determine exactly how artifacts and the
subsequent preprocessing analysis affect the neural signal. Future studies may add
to the understanding of how artifacts and their removal impact estimates of
complexity by using 1) synthetic data or 2) real data with simulated artifacts.
Furthermore, the studies used in this investigation were not conducted with the
intent of using MDEA to examine neural complexity. The experimental paradigms
were not designed to specifically manipulate neural complexity or CS. Although
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the results discussed are promising, future investigations should consider both
systematically manipulating neural complexity and the presence of artifacts. This
knowledge would be useful for insights into real-world brain function, because
those scenarios often induce large amounts of artifact and dynamic changes in brain
state.

Window length and overlap may influence the temporal resolution and statistical
stability of MDEA-derived complexity time series and, consequently, estimates of
CS. Because these parameters were held fixed in the present analysis, we did not
assess the sensitivity of the observed preservation of temporal fluctuations and CS
to alternative windowing parameters. Future work should evaluate the robustness
of these findings across different window lengths and overlap values.

7. Conclusion

In this investigation, we explored the impact of artifact removal techniques on
EEG-derived estimates of neural complexity across datasets. By applying MDEA
at cumulative stages of preprocessing—minimal processing, ASR, CCA, and
AMICA with ICA pruning—we observed a consistent preservation of temporal
fluctuations in neural complexity estimates despite successive artifact removal
steps. The results demonstrated that although artifact cleaning reduced mean
overall complexity, the relationship between experimental conditions remained
intact. These insights provide clarity on the nuanced interplay among preprocessing
pipelines, neural complexity, and synchrony, advancing the interpretability of
EEG-derived metrics in both research and applied settings. Future research should
focus on designing EEG experiments for neural complexity analysis, minimizing
confounding factors and ensuring controlled artifact characteristics. Investigations
across diverse experimental paradigms, including prolonged locomotion tasks,
cognitive workload assessments, and dynamic human-system interaction scenarios,
will further validate the robustness and applicability of MDEA-derived metrics.
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AMICA
ASR
CCA
CE

CS
ECG
EEG
IC

ICA
MDEA
ML
PDF
RV

Adaptive Mixture Independent Component Analysis
Artifact Subspace Reconstruction
Canonical Correlation Analysis
Crucial Event

Complexity Synchronization
Electrocardiogram
Electroencephalogram

Independent Components
Independent Component Analysis
Modified Diffusion Entropy Analysis
Machine Learning

Probability Distribution Function

Residual Variance
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