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Abstract. In this paper, we present a novel approach for identifying salient brain
regions and interpreting the ability of nonlinear EEG features to discriminate
between anxiety disorders and healthy controls. The proposed method involves the
integration of advanced EEG preprocessing and artefact correction, nonlinear
feature extraction using conditional permutation entropy, and interpretable machine
learning to identify relevant electrodes. The extracted nonlinear features show
statistically ~significant differences between classes, demonstrating high
discriminative ability. The discriminative ability was confirmed with T-tests (p =
1.05e-10) and Mann-Whitney U tests (p =2.65e-11), demonstrating robust statistical
significance. Classification results support these findings and guide the
identification of relevant electrodes, enhancing the interpretability of the
discriminative features. This approach highlights potential brain regions critical for
anxiety disorder diagnosis, paving the way for more targeted interventions and
improved clinical outcomes.
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1. Introduction

Anxiety disorders (AD) are among the most prevalent mental health conditions globally,
affecting approximately 301 million people worldwide [1]. These disorders significantly
impair cognitive, social, and daily functioning, and they also increase the risk of
developing comorbid conditions such as depression, substance use disorders, and
suicidal behaviours [2]. The increasing prevalence of AD is exacerbated by modern
stressors such as the COVID-19 pandemic, climate change, and geopolitical tensions,
underscoring the urgent need for effective diagnostic and treatment strategies.
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As the central organ for emotional processing, the brain exhibits heightened activity
in specific regions in individuals with AD. Electroencephalography (EEG) is a non-
invasive, cost-effective method for monitoring brain activity and early detection and
management of mental health disorders. Traditional EEG analysis methods often rely on
linear features or simple time-frequency analysis, which may not fully capture the
complex dynamics of brain activity. Recent advancements have focused on nonlinear
dynamics, which provide a richer representation of brain function. For example, Bosl et
al. [3] demonstrated that nonlinear features from repeated EEG assessments could serve
as early biomarkers for AD before the onset of behavioural symptoms.

Nonlinear dynamic analysis of EEG signals involves transitioning scalar time-
domain signals into vector representations in phase space, offering deeper insights into
brain activity changes. This approach can uncover intricate patterns of brain activity that
linear methods might miss [4]. However, the complexity of nonlinear dynamics presents
challenges in understanding and interpreting the relationship between EEG signal
complexity and behaviour. This is where interpretability technologies come into play,
aiding clinical decision-making by providing clear, actionable insights [5 - 7].

This study aims to address these challenges by proposing a novel approach that
leverages advanced EEG preprocessing, innovative nonlinear feature extraction using
Conditional Permutation Entropy (CPE), and machine learning algorithms. Our goal is
to identify salient brain regions associated with AD and interpret the discriminative
ability of these nonlinear EEG features, thereby enhancing the diagnostic potential of
EEG and contributing to more targeted and effective interventions for AD.

2. Methods

The proposed approach consists of four main steps: (1) advanced preprocessing, (2)
innovative nonlinear feature extraction, (3) classification using state-of-the-art machine
learning algorithms, and (4) identification of relevant electrodes and interpretation of
discriminative ability using SHapley Additive exPlanations (SHAP).

2.1. Dataset and data preprocessing

For this study, we leveraged the dataset [8], which comprises a full brain 128-electrodes
EEG records of 53 subjects collected in a resting state and labelled into two categories
based on their diagnoses: 24 outpatients with depression and anxiety disorder (class
MDD) and 29 healthy controls (class HC).

Preprocessing steps involve (1) power frequency noise removal using a 50-Hz notch
filter and elimination of high-band noise caused by muscle constructions using a Finite
Impulse Response (FIR) filter with a Blackman window; (2) advanced artefact correction
using the combination of Independent Component Analysis (ICA) and automatic artefact
removal algorithms to further clean the EEG signals. ICA demonstrated good
performance in removing eye movement artefacts from EEG data, preserving the
underlying neural signals [9]. After ICA, further refinement was achieved using the
Artefact Subspace Reconstruction (ASR) algorithm, which dynamically identifies and
corrects segments of data with artefacts. ASR has been shown to robustly correct various
artefacts, including those caused by muscle contractions and electrical noise, without
compromising the integrity of the neural signals [10]. To validate the effectiveness of the
artefact correction process, we compared the raw and cleaned EEG signals. Further
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validation was performed using quantitative metrics such as signal-to-noise ratio (SNR)
and qualitative assessments by expert reviewers. By utilising advanced artefact
correction and noise removal techniques, this study ensures higher signal quality, leading
to more accurate feature extraction and classification.

2.2. Feature Extraction

Unlike traditional methods that often rely on linear features or simple time-frequency
analysis, in this study, we use advanced nonlinear dynamics and CPE, which provide a
more nuanced understanding of brain activity. This approach captures complex patterns
that are not detectable with linear methods. The presentation of EEG nonlinear dynamics
involves: (1) Defining the time delay (t) and embedding dimension (m) for the vector;
(2) Determining the ordinal pattern of each embedding vector based on its element
values; (3) Repeating the ordinal pattern determination for all embedding vectors of the
EEG signal; (4) Constructing the EEG latent space network, where nodes represent
unique ordinal patterns and edges connect nodes based on the embedding time delay
parameter. CPE was used to calculate the complexity of the constructed EEG latent space
network. This technique has demonstrated high discriminative ability in previous
research [11] and was employed to extract information about EEG nonlinear dynamics.
To validate the feature's ability to discriminate anxiety disorders, T-tests and Mann-
Whitney U tests assess the CPE differences between the two EEG classes.

2.3. Classification and Identification of Relevant Electrodes using SHAP

A set of machine learning algorithms is used to classify extracted features and to get the
input information for interpretation. For this study, classification was conducted using
the MLP, Logistic regression, SVM, and RF algorithms. The final step involves SHAP
technique to identify relevant electrodes and explain the model's results based on the
discriminative ability of the features.

3. Results and Discussion

EEG preprocessing was performed using a 50-Hz notch filter and FIR filter with a
Blackman window. Optimal time delay (t = 6) and embedding dimension (m = 5) were
achieved using methods [12-15] and tools from NeuroKit2 [16]. Boxplot diagrams (Fig.
1) illustrate the CPE variance for the two classes, showing lower values for the HC class,
and indicating the discriminative ability of CPE. In addition, statistical analysis using T-
tests and Mann-Whitney U tests revealed significant differences between the two classes,
with p-values less than 0.05, also indicating the discriminative ability of CPE (Table 1).

Figure 1. CPE variance for the two classes.
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Table 1. CPE statistical analysis

Test Statistics p-value
T-tests 6.471 1.05e-10
Mann-Whitney U Tests 5181899.0 2.65¢-11

Classification results showed that MLP and Logistic Regression achieved the
highest accuracy of 72%, outperforming SVM (63%) and RF (54%).

The SHAP analysis identified electrodes 25, 54, 69, 73, and 81 as the most
discriminative, indicating salient brain regions involved in AD. These regions
correspond with known neurophysiological mechanisms where frontal and temporal
areas are implicated in emotional processing and regulation (Fig. 2).

High
el_69 + e

el_81

el 73

el 54 ot L

Feature value

el 25 . PO T

Low
-0.4 -0.2 0.0 0.2 04

SHAP value (impact on model output)

Figure 2. Five electrodes with the highest discriminative ability.

To further analyse salient brain regions, a mapping of five electrode connectivity
based on Pearson coefficients between EEG electrodes is performed, as shown in Fig.3.
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o

Figure 3. Connectivity of five EEG electrodes with the highest discriminative ability between two classes.

Compared to traditional EEG analysis, this approach offers several advantages.
While linear methods are limited in their ability to capture complex brain dynamics, the
use of nonlinear features provides a more detailed and nuanced understanding of brain
activity. Additionally, the integration of advanced artefact correction techniques, such as
ICA and ASR, ensures higher signal quality, leading to more accurate feature extraction
and classification. This comprehensive approach not only enhances the reliability of the
findings but also sets a new standard for future EEG studies in mental health research.

4. Conclusions

This study presents a novel approach to identifying salient brain regions and interpreting
the discriminative ability of EEG nonlinear features in detecting anxiety disorders. Using
CPE as a measure of EEG complexity, we found significant differences between the
MDD and HC classes. The classification results, particularly from MLP and Logistic
Regression models, demonstrated the potential of CPE in discriminating these classes.
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The SHAP analysis identified electrodes with high discriminative ability, suggesting
regions of the brain that may be crucial in AD diagnostics. The identification of specific
brain regions associated with AD has significant clinical implications. It opens up new
avenues for targeted interventions and personalized treatment plans. For instance,
neurofeedback and brain stimulation techniques could be tailored to modulate activity in
these identified regions, potentially offering more effective therapeutic outcomes. Future
research will focus on validating these findings with larger datasets and exploring the
clinical implications of these salient brain regions.

References

(1

(2]

(3]
(4]

(5]

(6]

[10]
[11]
[12]
(1]

[13]

[14]

[15]

World Health Organization (WHO). Global Strategic Direction for Mental Health. [cited 28.07.2024].
Available at: https://www.who.int/observatories/global-observatory-on-health-research-and-
development/analyses-and-syntheses/mental-health/global-strategic-direction.

Meyer A. A biomarker of anxiety in children and adolescents: a review focusing on the error-related
negativity (ERN) and anxiety across development. Dev Cogn Neurosci. 2017;27:58-68,
doi:10.1016/j.dcn.2017.08.001.

Bosl WIJ, Bosquet EM, Lock EF, Nelson CA. A biomarker discovery framework for childhood anxiety.
Frontiers in Psychiatry. 2023;14:1158569, doi:10.3389/fpsyt.2023.1158569.

McCullough M, Small M, Iu HH, Stemler T. Multiscale ordinal network analysis of human cardiac
dynamics. Philosophical Transactions of the Royal Society A: Mathematical, Physical and Engineering
Sciences. 2017;375(2096):20160292, doi:10.1098/rsta.2016.0292.

Ahmad [, Yao C, LiL, Chen Y, Liu Z, Ullah I, Shabaz M, Wang X, Huang K, Li G, Zhao G. An efficient
feature selection and explainable classification method for EEG-based epileptic seizure detection. Journal
of Information Security and Applications. 2024;80:103654, doi:10.1016/].jisa.2023.103654.

Sokoliuk A, Kondratenko G, Sidenko I, Kondratenko Y, Khomchenko A, Atamanyuk I. Machine
learning algorithms for binary classification of liver disease. In 2020 IEEE International Conference on
Problems of Infocommunications. Science and Technology. 2020, pp. 417-21.

Huang X, Cooper MC, Morgado A, Planes J, Marques-Silva J. Feature necessity & relevancy in ML
classifier explanations. In International Conference on Tools and Algorithms for the Construction and
Analysis of Systems. 2023, pp. 167-86. Cham: Springer Nature Switzerland.

Cai H, Yuan Z, Gao Y, Sun S, Li N, Tian F, Xiao H, Li J, Yang Z, Li X, Zhao Q. A multi-modal open
dataset for mental-disorder analysis. Scientific Data. 2022;9(1):178, doi:10.1038/s41597-022-01211-x.
Delorme A, Sejnowski T, Makeig S. Enhanced detection of artifacts in EEG data using higher-order
statistics and independent component analysis. Neuroimage. 2007;34(4):1443-9.
doi:10.1016/j.neuroimage.2006.11.004.

Mullen TR, Kothe CA, Chi YM, Ojeda A, Kerth T, Makeig S, Jung TP, Cauwenberghs G. Real-time
neuroimaging and cognitive monitoring using wearable dry EEG. IEEE transactions on biomedical
engineering. 2015;62(11):2553-67, doi:10.1109/TBME.2015.2481482.

Biloborodova T, Skarga-Bandurova I, Skarha-Bandurov I, Yevsieieva Y, Biloborodov O. ECG
classification using combination of linear and non-linear features with neural network. In Challenges of
Trustable Al and Added-Value on Health. 2022, pp. 18-22. 10S Press. doi:10.3233/SHTI220388.
Fraser AM, Swinney HL. Independent coordinates for strange attractors from mutual information.
Physical review A. 1986;33(2):1134, doi:10.1103/PhysRevA.33.1134.

Theiler J. Estimating fractal dimension. JOSA. 1990;7(6):1055-73, doi:10.1364/JOSAA.7.001055.
Casdagli M, Eubank S, Farmer JD, Gibson J. State space reconstruction in the presence of noise. Physica
D: Nonlinear Phenomena. 1991;51(1-3):52-98.

Rosenstein MT, Collins JJ, De Luca CJ. Reconstruction expansion as a geometry-based framework for
choosing proper delay times. Physica D: Nonlinear Phenomena. 1994;73(1-2):82-98, doi:10.1016/0167-
2789(94)90226-7.

Makowski D, Pham T, Lau ZJ, Brammer JC, Lespinasse F, Pham H, Scholzel C, Chen SA. NeuroKit2:
A Python toolbox for neurophysiological signal processing. Behavior research methods. 2021;1-8,
doi:10.3758/513428-020-01516-y.


https://www.who.int/observatories/global-observatory-on-health-research-and-development/analyses-and-syntheses/mental-health/global-strategic-direction#:~:text=Over%20280%20million%20people%20worldwide
https://www.who.int/observatories/global-observatory-on-health-research-and-development/analyses-and-syntheses/mental-health/global-strategic-direction#:~:text=Over%20280%20million%20people%20worldwide

