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HIGHLIGHTS

« Introduces an explainable ensemble-learning framework for pediatric anxiety—stress screening using routine sleep EEG recordings.

« Uses a clinically verified cohort of 532 children from NCH Sleep DataBank with six EEG channels and patient-level validation.

+ Shows that Approximate Entropy and Standard Deviation provide a compact, effective feature representation for sleep EEG classification.

» Achieves 86.30% accuracy and 89.20% AUC with a stacking ensemble, outperforming individual classifiers and dynamic ensemble baselines.
« Combines SHAP, LIME, and NeuroXAI to reveal frontal markers for anxiety and frontal-central EEG patterns associated with stress.

ARTICLE INFO ABSTRACT

Keywords: Anxiety and stress are common pediatric mental health conditions that often emerge during childhood and ado-
Anxiety lescence and can significantly affect long-term well-being. However, differentiating between these conditions
Stress remains challenging because their symptoms often overlap, and clinical assessment can be subjective. This study

Pediatric sleep EEG
Ensemble machine learning
Explainable Al

proposes an explainable ensemble learning framework to support the objective screening of pediatric anxiety
and stress using sleep Electroencephalogram (EEG) signals. A clinically verified cohort of 532 children, including
247 with anxiety and 285 with stress, was selected from the Nationwide Children’s Hospital Sleep DataBank. Six
scalp EEG channels, F3, F4, C3, C4, O1, and 02, were analyzed using a standardized two-hour sleep window
after signal filtering, artifact rejection, and annotation alignment. Approximate Entropy and Standard Deviation
features were extracted from 30s epochs and used to train classical classifiers, static ensemble models, and dy-
namic ensemble selection methods optimized through Bayesian search. The proposed models were evaluated
using patient-level stratified cross-validation to prevent data leakage and were further assessed on an indepen-
dent external cohort from the Boston Children’s Hospital Sleep Corpus to examine cross cohort generalizability.
Explainability was integrated using SHAP, LIME, and NeuroXAlI to provide global, local, and neurophysiologi-
cally informed interpretations of model behavior. Compared with prior EEG studies, which are often limited by
small cohorts, adult participants, or short task-based recordings, the proposed framework provides a lightweight,
interpretable, and clinically relevant approach based on routine pediatric sleep EEG data. This work highlights
the potential of explainable sleep EEG-based machine learning to support scalable, noninvasive, and transparent
screening assistance for pediatric anxiety and stress.
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$S(f)=\frac {1}{MV}\left |\sum _{k=0}^{M-1}x_j(k)v(k)e^{-j2\pi f}\right |^2$


$P_{\text {avg}}(f)=\frac {1}{N}\sum _{m=0}^{N-1}S_m(f)$


$\text {ApEn}(m,r)=\phi _m(r)-\phi _{m+1}(r)$


$\phi _m(r)=\frac {1}{N-m+1}\sum _{i=1}^{N-m+1}\log C_i^m(r)$


$\bar {x}=\frac {1}{N}\sum _{i=1}^{N}x_i$


$\sigma =\sqrt {\frac {1}{N}\sum _{i=1}^{N}{(x_i-\bar {x})}^2}$


$K=\frac {N\sum _{i=1}^{N}{(x_i-\bar {x})}^4}{{\left (\sum _{i=1}^{N}{(x_i-\bar {x})}^2\right )}^2}$


$z = \frac {x-\mu _{\text {train}}}{\sigma _{\text {train}}}$


$\mu _{\text {train}}$


$\sigma _{\text {train}}$


$\mathcal {F}: \mathbb {R}^d \rightarrow \mathbb {R}$


$\mathbf {x}_0$


$\phi _j$


$j$


\begin {equation}\label {ieq1} \phi _j(\mathbf {x}_0, \mathcal {F}) = \sum _{S \subseteq \mathcal {D} \setminus \{j\}} \frac {|S|!(d - |S| - 1)!}{d!} \left [ \mathcal {F}_{S \cup \{j\}}(\mathbf {x}_0) - \mathcal {F}_S(\mathbf {x}_0) \right ]\end {equation}


$\mathcal {D} = \{1, 2, \dots , d\}$


$\mathcal {F}_S(\mathbf {x}_0)$


$S$


\begin {align}\label {ieq2} & \mathcal {F}(\mathbf {x}_0) = \phi _0 + \sum _{j=1}^{d} \phi _j\end {align}


$\phi _0$


$\mathbf {x}_0$


$\mathbf {x}_i$


$\mathcal {G}$


$\mathcal {F}$


\begin {align}\label {ieq3} & \mathcal {E}(\mathbf {x}_0) = \arg \min _{\mathcal {G} \in \mathcal {H}} \sum _{i=1}^{N} w(\mathbf {x}_i) \cdot {\left ( \mathcal {F}(\mathbf {x}_i) - \mathcal {G}(\mathbf {m}_i) \right )}^2 + R(\mathcal {G})\end {align}


$\mathbf {m}_i \in {\{0, 1\}}^d$


$w(\mathbf {x}_i)$


$R(\mathcal {G})$


\begin {align}\label {ieq4} & w(\mathbf {x}_i) = \exp \left ( -\frac {\delta {(\mathbf {x}_0, \mathbf {x}_i)}^2}{\sigma ^2} \right )\end {align}


\begin {align}\label {ieq5} & \mathcal {G}(\mathbf {m}_i) = \theta _0 + \sum _{j=1}^{d} \theta _j \cdot \mathbf {m}_i^j\end {align}


$\theta _j$


$j$


$\mathbf {x}_0$


$\mathbf {m}_i \in {\{0,1\}}^d$


$\mathcal {G}$


$\mathcal {F}$


\begin {align}\label {ieq7} & w(\mathbf {x}_i) = \exp \left ( -\frac {\delta {(\mathbf {x}_0, \mathbf {x}_i)}^2}{\sigma ^2} \right )\end {align}


\begin {align}\label {ieq8} & \delta (\mathbf {x}_0, \mathbf {x}_i) = 1 - \frac {\phi (\mathbf {x}_0) \cdot \phi (\mathbf {x}_i)} {\|\phi (\mathbf {x}_0)\| \cdot \|\phi (\mathbf {x}_i)\|}\end {align}


$\phi (\cdot )$


$\mathbf {Y}$


$\mathbf {K}_k$


$\beta _k$


\begin {equation}\label {ieq9} \min _{\beta \in \mathbb {R}^d} \frac {1}{2} \left \| \mathbf {Y} - \sum _{k=1}^{d} \beta _k \mathbf {K}_k \right \|^2_{{\textrm {F}}} + \lambda \|\beta \|_1 \quad \text {s.t. } \beta _k \ge 0\end {equation}


$10^{-3}$


$10^{-9}$


\begin {equation*}{\textrm {Accuracy}} = \frac {TP + TN}{TP + TN + FP + FN}\end {equation*}


\begin {equation*}{\textrm {Precision}} = \frac {TP}{TP + FP}\end {equation*}


\begin {equation*}{\textrm {Recall}} = \frac {TP}{TP + FN}\end {equation*}


\begin {equation*}{\textrm {F1}} = 2 \times \frac {{\textrm {Precision}} \times {\textrm {Recall}}} {{\textrm {Precision}} + {\textrm {Recall}}}\end {equation*}


\begin {equation*}{\textrm {AUC}} = \int _{0}^{1} {\textrm {TPR}}({\textrm {FPR}})\,d({\textrm {FPR}})\end {equation*}
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1. Introduction

Mental health disorders are a significant public health concern that
adversely affect individuals across all age groups. Those diagnosed with
severe mental illnesses face a markedly increased risk of premature
mortality, with life expectancy reduced by about 30 years in low-
income countries and around 20 years in high-income nations [1]. The
Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition
(DSM-5), underscores the profound societal and personal burden of
mental disorders, defining over 45 distinct conditions [2]. Although
mental health disorders are highly prevalent, studies indicate that only
around one-third of affected individuals actually receive appropriate
clinical care [3]. This persistent gap highlights the urgent need for
early and reliable screening and decision-support strategies. Anxiety and
stress are among the most prevalent pediatric mental health conditions,
typically emerging during childhood and adolescence. Together, they
affect nearly one in three individuals by late adolescence [4]. They are
associated with substantial functional impairment, poor academic per-
formance, and an increased risk of later depression and psychiatric dis-
orders. Differentiating anxiety from stress remains clinically challenging
because both conditions share overlapping physiological and behavioral
symptoms, while current assessments often depend on subjective ques-
tionnaires, interviews, and behavioral interpretation. Stress is highly
prevalent in children with chronic conditions, such as inflammatory
bowel disease, where it frequently co-occurs with anxiety and worsens
clinical outcomes [5]. Although anxiety tends to be more persistent and
anticipatory, stress is more situational and reactive; their overlap makes
reliable differentiation difficult [4]. This overlap highlights the urgent
need for objective biomarkers that can support early detection and sep-
aration of pediatric anxiety and stress. Several approaches have been
proposed to address the diagnosis of mental health disorders, including
neurophysiological measurements [6], neurological evaluations [7], and
various neuroimaging techniques [8]. These approaches fall broadly into
functional and structural categories: functional techniques such as elec-
troencephalography (EEG) [9], magnetoencephalography (MEG) [10],
functional magnetic resonance imaging (fMRI) [11], and positron emis-
sion tomography (PET) [12] capture real-time brain activity, while
structural methods such as structural MRI (sMRI) [13], diffusion ten-
sor imaging (DTI) [14], and computed tomography (CT) [15] provide
anatomical information.

Among these, EEG has emerged as a practical tool due to its
portability, non-invasive nature, cost-effectiveness, and high temporal
resolution. It has been extensively applied in mental health research,
supporting diagnoses across a range of conditions, including anxiety,
depression, stress, schizophrenia, epilepsy, Parkinson’s disease, and
Alzheimer’s disease [16-21]. By recording electrical fluctuations across
scalp electrodes, EEG offers insights into the large-scale activity of neural
populations [22,23]. Unlike task-based paradigms that demand active
participation, sleep EEG provides a stable and clinically practical win-
dow for assessment, already integrated into pediatric hospitals through
routine polysomnography. Research has shown that sleep-derived EEG
signals capture developmental markers that are predictive of brain matu-
ration and long-term outcomes. For instance, Ventura et al. [24] showed
that infant EEG can reflect neurodevelopment as early as four months,
and [25] reported similar findings across the first six months of life.
These studies confirm that pediatric EEG carries valuable information
about brain function, but prior research has largely emphasized devel-
opmental trajectories rather than mental health. Existing pediatric EEG
work has primarily focused on epilepsy, attention-deficit/hyperactivity
disorder, and developmental monitoring, while large-scale sleep EEG
studies targeting pediatric anxiety and stress remain largely underex-
plored [26,27]. Machine learning (ML) has been increasingly applied to
EEG for emotion recognition and disorder classification, with techniques
such as support vector machines, random forests, and convolutional
neural networks reporting promising results in adult stress and anxiety
detection [28-30]. Multimodal approaches have also gained traction,
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combining EEG with cardiac signals [31], video [32,33], voice [34], and
text [35,36], opening new possibilities for comprehensive and personal-
ized assessments. Ensemble methods [37,38], which combine multiple
classifiers, have demonstrated improved robustness and generalization
compared with single models, making them particularly suited for het-
erogeneous clinical data. Although machine learning has shown promise
for EEG-based mental health assessment, most existing studies have been
conducted in small adult cohorts, relied on short task-based recordings,
and provided limited model interpretability. In parallel, pediatric EEG
research has mainly focused on developmental monitoring, epilepsy,
and attention-deficit/hyperactivity disorder, with limited attention to
anxiety and stress. Therefore, large-scale pediatric sleep EEG studies
that combine ensemble learning with explainable artificial intelligence
for anxiety and stress differentiation remain largely absent. This gap
motivates the proposed explainable ensemble learning framework.
The main contributions of this study are summarized as follows:

We present a large-scale pediatric sleep EEG study for differentiat-
ing between anxiety and stress using a clinically verified cohort of
532 children from the NCH Sleep DataBank, including 247 anxiety
cases and 285 stress cases.

We develop an end-to-end machine learning pipeline that inte-
grates EEG preprocessing, sleep-stage annotation alignment, ar-
tifact rejection, standardized epoching, feature extraction, model
training, hyperparameter optimization, and explainability analysis.
We systematically evaluate multiple feature configurations, signal
durations, EEG channel combinations, filter settings, classical clas-
sifiers, static ensemble models, and dynamic ensemble selection
methods to identify the most effective configuration for anxiety
and stress classification.

We show that the combination of Approximate Entropy and
Standard Deviation extracted from six EEG channels over a stan-
dardized two-hour sleep window provides the strongest feature
representation among the tested configurations.

We perform patient-level stratified cross-validation to ensure that
patients do not overlap across training, validation, and testing
partitions, reducing the risk of patient-level data leakage and
supporting a more reliable internal evaluation.

We conduct external validation using an independent cohort
from the Boston Children’s Hospital Sleep Corpus to assess the
cross-cohort generalizability of the proposed anxiety and stress
classification framework.

We provide additional sensitivity analyses, including EEG segment-
duration analysis, channel-configuration analysis, age-stratified
evaluation, and multiclass diagnostic extension, to examine the
robustness and clinical relevance of the proposed framework.

We integrate SHAP, LIME, and NeuroXAlI to provide complemen-
tary global, local, and channel-level explanations, revealing that
frontal activity contributes strongly to anxiety classification, while
combined frontal-central activity is more informative for stress.
We demonstrate the potential of lightweight and interpretable ma-
chine learning applied to routine pediatric sleep EEG as a scalable,
non-invasive, and transparent screening support framework for
pediatric mental health assessment.

To the best of our knowledge, this is the first large-scale explain-
able pediatric sleep EEG framework for differentiating between anxiety
and stress using routine clinical recordings. Unlike traditional assess-
ment approaches that rely heavily on subjective self-reports, interviews,
and behavioral interpretation, the proposed method provides physiolog-
ical evidence that can support clinical screening and decision-making.
By integrating ensemble learning with SHAP, LIME, and NeuroXAlI, the
framework offers both predictive performance and transparent feature-
and channel-level explanations. This combination of performance and
interpretability supports the development of scalable, non-invasive,
and trustworthy screening support tools for pediatric mental health
assessment.
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The remainder of this paper is organized as follows. Section 2 surveys
existing research on EEG-based mental health detection, with an empha-
sis on anxiety and stress. Section 3 presents the proposed framework,
including the dataset, EEG signal preprocessing steps, feature extraction
methods, patient-level partitioning, classification models and their op-
timization, and explainability techniques used in this study. Section 4
provides details of the experimental design. Section 5 presents and an-
alyzes the experimental findings, including the comparative evaluation
of classifiers, ensemble models, and dynamic selection methods, exter-
nal validation to assess cross-cohort generalizability, and interpretability
results obtained using SHAP, LIME, and NeuroXAlI. This section also re-
ports sensitivity analyses, including a multiclass diagnostic extension
and age-stratified evaluation. Section 6 outlines the current limitations
and directions for future research. Finally, Section 7 summarizes the key
contributions and findings of this work.

2. Related work

Research on pediatric EEG has predominantly focused on neurolog-
ical disorders such as epilepsy, ADHD, and developmental outcomes.
These studies highlight the utility of EEG in pediatric clinical contexts,
demonstrating its value for diagnostic and developmental monitoring.
For example, Ventura et al. [24] showed that infant sleep EEG features
such as delta power and spindles at four months predict developmen-
tal outcomes at 18 months, while another study [25] reported that
longitudinal changes in slow-wave, theta, and sigma activity between
three and six months were linked to later motor and social outcomes.
Beyond developmental outcomes, EEG has been extensively applied to
epilepsy detection [26,27,39] and ADHD diagnosis [40]. However, these
applications have largely emphasized neurological and developmental
trajectories rather than mental health. Despite the high prevalence of
pediatric anxiety and stress, EEG-based approaches targeting these con-
ditions remain scarce. To situate our contribution, we therefore review
the broader body of related studies on anxiety and stress detection, the
majority of which have been conducted in adults.

2.1. Anxiety detection and classification models

EEG has been widely explored for anxiety detection, often com-
bined with machine learning to enhance classification accuracy. Aldayel
and Al-Nafjan [41] compared several feature extraction and classifica-
tion methods, reporting that Random Forest achieved the best accu-
racy (87.5%) for distinguishing anxious from non-anxious participants.
However, their dataset was limited to ten EEG channels and did not
examine the contribution of individual electrodes. Shen et al. [42] pro-
posed a multidimensional EEG analysis framework, achieving 97.83%
accuracy using an SVM model, yet their dataset included fewer than 100
participants, raising concerns about representativeness. Sakib et al. [43]
studied only 40 subjects and showed that artifact removal improved de-
tection, particularly in frontal regions, but channel-level analyses were
not pursued. Li et al. [44] applied SVM and KNN to classify four anx-
iety states, but achieved an accuracy of only 62.56% on a sample of
14 individuals. Luo et al. [45] employed ensemble methods to clas-
sify generalized anxiety disorder, reporting 98.1% accuracy with 119
participants, though imbalanced classes may have affected outcomes.
Other approaches, such as multimodal fusion, have also been explored:
One study [46] integrated EEG and ECG with Gradient Tree Boosting,
achieving 97.3% accuracy, while [47] reported 96.1% accuracy us-
ing Naive Bayes on a pilot dataset of only 16 subjects. Collectively,
these studies report high accuracies but rely on very small samples,
limiting generalizability and raising risks of overfitting. Moreover, few
works provide insights into the relative contributions of individual EEG
channels, which may reveal physiologically meaningful patterns.

2.2. Stress detection and classification models

Parallel efforts have examined EEG-based stress detection. Jebelli
et al. [48] extracted statistical and spectral features, achieving up to
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80.32% accuracy using SVM, though their study involved only seven
participants and was vulnerable to noise and motion artifacts. Umar
Saeed et al. [49] used a single-channel EEG to classify stress versus non-
stress states, reporting 78.5% accuracy using SVM. While simpler and
portable, this approach was limited in spatial resolution. Minguillon
et al. [50] combined EEG with ECG, EMG, and GSR to classify stress
into three levels, achieving 86% accuracy, though results were highly
dependent on rigorous preprocessing. So et al. [51] focused on mental
workload detection using a single frontal channel, reaching 75% ac-
curacy using SVM, suggesting frontal activity as an important marker
but again limited by sample size. Rajendran et al. [52] evaluated mul-
tiple classifiers, including Naive Bayes, KNN, SVM, and ensembles, and
found SVM achieved the best accuracy (89.74%) on eight-channel EEG,
though still constrained by sample size. More recently, Ince et al. [53]
proposed a CubicPattKNN framework, reporting 96.29% accuracy using
14-channel EEG data, but their dataset remained relatively modest.

2.3. Summary and research gap

Existing EEG-based anxiety and stress detection studies demonstrate
the potential of neurophysiological signals for mental health assessment.
However, most studies have been conducted in small adult cohorts, of-
ten using task-evoked or short-duration EEG recordings, which limits
their generalizability to routine pediatric clinical settings. In addition,
reported accuracies are sometimes high despite limited sample sizes,
raising concerns about overfitting and reproducibility. Most prior stud-
ies also provide limited interpretability, making it difficult to understand
which EEG channels or signal characteristics contribute to model de-
cisions. In contrast, pediatric EEG research has primarily focused on
developmental monitoring, epilepsy, and attention-deficit/hyperactivity
disorder, with limited investigation into anxiety and stress. Large-scale
pediatric sleep EEG studies that jointly differentiate between anxiety
and stress while integrating ensemble learning and explainable artificial
intelligence remain scarce. This gap motivates the proposed frame-
work, which uses routine pediatric sleep EEG recordings, compares
multiple feature sets and model configurations, and incorporates SHAP,
LIME, and NeuroXAl to provide transparent and clinically meaningful
explanations.

3. Proposed framework

Fig. 1 provides a simplified overview of the proposed framework
for EEG-based screening support of pediatric anxiety and stress using
routine sleep EEG data. It summarizes the main pipeline stages, includ-
ing dataset preparation, EEG preprocessing, data splitting and scaling,
feature extraction, model training and optimization, and explainability
analysis. Fig. 2 presents the detailed workflow of the framework, show-
ing the specific processing steps applied to the NCH dataset for primary
evaluation and the BCH dataset for external validation. The following
subsections describe each component of the pipeline in detail, in-
cluding signal preprocessing, sleep-stage alignment, feature extraction,
patient-level data partitioning, model optimization, and explainability
analysis.

3.1. Dataset preparation

In this study, EEG recordings were obtained from the Nationwide
Children’s Hospital Sleep DataBank (NCHSDB) [54], one of the most
extensive clinical resources available for pediatric sleep research. The
dataset includes 3984 polysomnography (PSG) recordings collected
from 3673 unique pediatric patients over a two-year period, between
December 2017 and December 2019, in real-world clinical settings.
In addition to physiological recordings, the dataset provides demo-
graphic and diagnostic information extracted from electronic health
records (EHRs), including diagnostic codes mapped according to DSM
and ICD terminology. Together, these components provide a com-
prehensive foundation for exploring EEG-based markers in pediatric
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Fig. 1. Simplified overview of the proposed explainable ensemble learning framework for pediatric anxiety and stress screening using sleep EEG. The diagram
summarizes the main stages, including dataset preparation, EEG preprocessing, data splitting and scaling, feature extraction, model training and optimization, and

explainability analysis.

populations. The sleep data component of the NCHSDB contains an-
notated PSG recordings provided in European Data Format (EDF),
accompanied by corresponding annotation files in Tab-Separated Value
(TSV) format. Each PSG file includes multiple physiological signals,
including EEG, Electromyography (EMG), Electrooculography (EOG),
Electrocardiography (ECG), and respiratory channels. The total number
of channels varies across recordings, most commonly including 25, 26,
or 29 channels, depending on the clinical protocol. Among these, seven
channels correspond to EEG signals, while the remaining channels cap-
ture chin muscle tone, eye movements, cardiac activity, and respiratory
parameters such as respiratory rate and respiratory effort. A full break-
down of the included channels is provided in Table 1. The recording
durations vary substantially, ranging from a few minutes to more than
16 hours, with an average duration of approximately 10.3 hours. Most
recordings were sampled at 256 Hz, although a smaller number were
recorded at higher sampling rates, including 400 Hz and 512 Hz. The

corresponding TSV annotation files provide detailed sleep-stage labels
and event markers, making the dataset suitable for both clinical analysis
and sleep-related machine learning research. The health data compo-
nent provides extensive demographic and clinical information extracted
from EHRs. It includes patient demographics, sleep study information,
medication records, diagnostic codes, vital signs, procedural histories,
and healthcare encounters. With more than 5.6 million entries, these
data entries are systematically linked to the corresponding PSG record-
ings using unique patient identifiers, enabling integrated patient-level
analysis across physiological and clinical dimensions. The dataset con-
tains more than 5 million annotated events across 3984 PSG files. Each
annotation file specifies the onset time, duration, and event label, includ-
ing sleep stages and physiological events. Approximately 79.48% of all
annotations correspond to sleep staging, providing a strong foundation
for automated sleep-stage-aware analysis. Sleep stages are categorized
as Wakefulness (W), Rapid Eye Movement (REM), labeled as R, and



M. Bashir, S. El-Sappagh, W. Nazih et al. Applied Soft Computing 202 (2026) 115590

=
5§ = =
S B ()
8 5 — =
" a -
[a) 9 NCH Dataset BCH Dataset
o (Primary Evaluation) (External Validation)
M F3 Myt e A AN i i Raw EEG Signal

P4 Moy SN i it

P el N D Fiored Signa
o0 H |
c L L WSO ER |~ sgmairter
@ e \
0 H :
Q 02 eI R N W LA AN Ay | 1 Time (hous]
3] o 5
O SetMontages Select & Rename Channels Select Signal Duration Apply Filters
B
o :
(0] Awake ‘N‘!;‘llsi PR 4 =)
E \ - 1 - @0 = - J_JUH Lk “!“lh b T L"d
REM Rem % l'wr“‘lw“l L g
o - - F “ ]ﬁ TR AL A AN ]
w i Light ~ . 1 ~) g
i ' . - - : d — ]
@ Dot 0 1 2 3 4 5 6 7 8 -
- - - - I e
Annotation files Extract Sleep Stages Align with signal duration Append signal & stages

& =z
o0 &
c = epoch, s,
-0 = *
P £ = Training Data
-_— - 5
o © O - epoch;s,
n ‘;‘; Testing Data
T epoch;s, L :
- oy e
© pochis, Feature
.. 0 Clean Data Validation Data Normalization
o g i_ ....................... 1
[$] | i
© 3 — =
= Standard Deviation |
% ~mi . -
1] F |
e I Approximate Entropy !
3 F2 : | |
= T T, L R N S |
3]
. @ -
., b Feature Extraction Features
:.....w‘ e e = [Pl e St _|
] o0 | K- Nearest Neighbors | | Random Forest |
cc | v I : : '
c 0 * | Multi Layer Perceptron | | XGBoost | - {| K- Nearest Neighbors | : . |
§% |
II—‘E ‘,3 - | Support Vector Machine| . |Gradient Boosting| : i I :
P | : Il |
% g . Logistic Regression . - |AdaBoost : : | FIRE - KNORAE | :
o 8‘ [ I Decision Tree I l l I Voting I | | I
= : 2o ! |Logistic Regression |: . TFRE-KNORAU | |
|| Naive Bayes Il Stackin, I | | I
3 . Y - g Meta Model s .
S e — e e i a
Baseline Models Ensemble Models Stacking Ensemble Dynamic Ensemble
— I |
< [ )
o | -
- I I
<) 1 |
© 1 —_—
c == S
S ‘
— I
Q I ~
- X
Lﬁ —_— »
SHAP LIME NeuroXAl

Fig. 2. Detailed workflow of the proposed explainable ensemble learning framework for pediatric sleep EEG analysis and screening support. The pipeline includes
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Table 1

List of all EEG channels and a selection of commonly in-
cluded non-EEG channels found in the EDF files of the
NCHSDB [54]. Brief descriptions are provided for the non-
EEG channels. This study utilizes the first six EEG channels
listed. CO, denotes carbon dioxide.

Channel Name Description

EEG F3-M2 EEG

EEG F4-M1 EEG

EEG C3-M2 EEG

EEG C4-M1 EEG

EEG O01-M2 EEG

EEG 02-M1 EEG

EEG CZ-01 EEG

SNORE Measure of snoring or air vibrations
Resp Flow Airflow channel

OSAT Oxygen saturation

ECG LA-RA Electrical activity of the heart
CAPNO End-tidal CO, waveform

EOG LOC-M2 Electrical signals from eye movements

EMG CHIN1-CHIN2  Electrical activity of muscles

Non-Rapid Eye Movement (NREM), which is further subdivided into N1,
N2, and N3. In the dataset, these stages are labeled as W, N1, N2, N3,
and R.

The NCHSDB includes 3984 pediatric clinical sleep studies from 3673
patients. Among these patients, 3400 underwent a single PSG session,
238 had two sessions, and 35 had more than two sessions, with a max-
imum of five sessions per patient. To reduce redundancy and minimize
temporal variability, only one PSG recording per patient was retained.
Patients with multiple available PSG sessions were excluded from the fi-
nal cohort. For the primary binary classification task, only patients with
an exclusive diagnosis of either anxiety or stress were included. Patients
diagnosed with both anxiety and stress were excluded from the primary
analysis to maintain clear class separation. Patients with other psychi-
atric or neurological disorders, such as attention-deficit/hyperactivity
disorder, epilepsy, or developmental delay, were also excluded to re-
duce diagnostic confounding. Fig. 3 summarizes the cohort construction
process.

The dataset comprised 532 pediatric patients aged 1 to 17 years, con-
sistent with the pediatric scope of the NCHSDB. The final dataset used
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Table 2
Specifications of the pediatric sleep EEG cohort used in this
study.
Number of Patients 532
Age range 1-17 years
Sampling frequency 256 Hz
EEG channels F3, F4, C3, C4, 01, and 02
Epoch length 30s
EEG duration retained per subject 2 hours
Total epochs 12,714

Sleep stages included W, N1, N2, N3, and R

in this study is summarized in Table 2. Diagnostic labels were assigned
using the final diagnosis and the corresponding ICD codes available in
the patient-level EHR files. For example, anxiety-related diagnostic la-
bels included codes such as F41.1, corresponding to generalized anxiety
disorder, whereas stress-related diagnoses included codes such as F43.0,
corresponding to acute stress reaction. Patients with only anxiety-related
diagnostic codes were assigned to the anxiety class, whereas patients
with only stress-related diagnostic codes were assigned to the stress
class. Patients with both anxiety-related and stress-related diagnostic
codes were identified as comorbid cases and excluded from the primary
binary classification analysis. These comorbid cases were retained only
for an additional sensitivity experiment evaluating the effect of includ-
ing a third diagnostic group. All diagnostic labels used in this study were
obtained from hospital EHRs and reflect clinical judgments made by pe-
diatric specialists. For very young children, including those under three
years of age, diagnoses were not based solely on self-report. Instead, they
were derived from structured pediatric psychiatric evaluations involving
clinical observation, caregiver interviews, and standardized diagnos-
tic frameworks adapted from DSM-5/ICD-10 criteria. This procedure
supports diagnostic validity across the full pediatric cohort.

The overall gender distribution of the final cohort was nearly bal-
anced, with 265 females and 267 males. The dataset included 247
patients diagnosed with anxiety and 285 patients diagnosed with stress.
Fig. 4 presents the age distribution of the anxiety and stress groups. The
anxiety group was generally older, with a mean age of 11.69 + 4.01 years,
whereas the stress group was younger, with a mean age of 5.44 + 4.46
years. Further stratification by gender showed that females with anxi-
ety had a mean age of 12.30 + 4.10 years, compared with 10.90 + 3.80
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Fig. 4. Age and gender distributions of pediatric patients with anxiety and stress. The figure illustrates the cohort composition used for classification.

years for males with anxiety. Among patients with stress, female patients
had a mean age of 5.90 + 4.60 years, while male patients had a mean
age of 4.95 + 4.20 years. These findings indicate meaningful age and
gender variations within the clinical presentation of anxiety and stress
in this pediatric cohort. Although Fig. 4 illustrates the age and gender
distributions of the final cohort. The final dataset used in this study is

summarized in Table 2.

3.2. EEG preprocessing

Raw EEG recordings are commonly affected by artifacts originat-
ing from muscle activity, eye blinks, body movements, electrode-related
noise, and environmental interference. Such artifacts can distort EEG
signal characteristics and may lead to unreliable feature extraction and
classification results. Therefore, the initial preprocessing stage focused
on improving the quality, consistency, and interpretability of the raw
EEG recordings before feature extraction and model training. This stage
included channel standardization, montage assignment, resampling, sig-
nal filtering, sleep-stage annotation alignment, epoch segmentation, and
artifact rejection. These procedures were guided by established EEG
preprocessing practices and domain-expert recommendations [55,56].

Each recording originally contained seven EEG channels. However,
six channels were retained for analysis: two frontal channels (F3 and
F4), two central channels (C3 and C4), and two occipital channels (O1
and 02). The Cz electrode was excluded because it was not consis-
tently available across all patient recordings. This selection ensured
a uniform channel configuration across the final cohort. All channel
labels were aligned with the standard 10-20 electrode placement sys-
tem [57], which supports compatibility with established neuroscience
literature and facilitates anatomical interpretation of electrode posi-
tions. The spatial configuration of the selected electrodes is shown in
Fig. 5. A predefined montage configuration was applied to standard-
ize electrode locations, support anatomical localization, and facilitate
interpretation of spatial EEG patterns [58]. The montage assignment
and signal processing procedures were implemented using the MNE-
Python package [59], a widely used open-source library for EEG and
MEG analysis [60].

To reduce variability in sampling rates and computational com-
plexity, all EEG signals were resampled to 256 Hz. This sampling rate
preserved the EEG frequency content relevant to the selected analysis
while maintaining a manageable computational cost [61]. Recordings
originally sampled at higher frequencies, such as 400 Hz or 512 Hz,
were downsampled to 256 Hz to ensure consistency across patients.
The dataset includes paired EEG signal files in EDF format and corre-
sponding annotation files in TSV format containing sleep-stage labels.
To identify a stable and informative analysis window, EEG segments
ranging from one to four hours after excluding the initial hour were
systematically evaluated. The first hour was excluded because it pro-
vided insufficient sleep-stage coverage for many recordings. Among the
evaluated durations, the two-hour window provided the best trade-off

Parietal Lobe

Occipital Lobe

Fig. 5. Channel locations of the EEG signals showing frontal, parietal, tempo-
ral, and occipital lobes. Channels in our dataset are highlighted in red. Channel
nAmes are according to the international 10-20 system.

between sleep-stage representation, signal stability, and classification
performance, as supported by the results in Table 6.

To enhance signal quality while preserving relevant EEG activity,
band-pass and notch filtering were applied before epoch segmenta-
tion and feature extraction. A band-pass filter was used to retain the
frequency range relevant to EEG-based classification while reducing
low-frequency drift and high-frequency noise. Because the recordings
were collected in the United States, a 60 Hz notch filter was applied
to suppress power-line interference. This filtering configuration was
applied consistently across all recordings.

The annotation files include several event types, including sleep
stages (W, N1, N2, N3, and R), body movements, position changes, and
light-related events [54]. In this study, only sleep-stage annotations were
retained for alignment with EEG epochs. Other event labels, including
movement, position, and light-related events, were excluded from the
classification pipeline. The retained sleep-stage labels were aligned with
the corresponding EEG segments to generate synchronized sleep EEG
epochs with verified sleep-stage information.

After filtering, each recording was segmented into non-overlapping
30-second epochs. Sleep-stage alignment was performed using the ab-
solute recording timeline. For each epoch, the sleep-stage label was
assigned by matching the epoch start time to the corresponding annota-
tion interval. Epochs without a valid sleep-stage match were discarded
to ensure that all retained EEG segments corresponded to verified anno-
tated sleep intervals within the selected analysis window. As a result, the
retained EEG epochs were sleep-stage-aware rather than arbitrary sig-
nal segments, preserving their temporal relationship with the underlying
sleep architecture. In this study, sleep-stage annotations were used only
for temporal alignment and validation of EEG epochs during prepro-
cessing, whereas the classification objective remained the binary differ-
entiation between anxiety and stress. To reduce artifact contamination,
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Table 3
Summary of EEG feature extraction methods evaluated in this study.

Applied Soft Computing 202 (2026) 115590

Feature Category

Mathematical Formulation

Interpretation

Power Spectral Density
using Welch’s method

Frequency-domain

Approximate Entropy Non-linear complexity

1 N-m+1
¢m(r)]= Nt 21:1
=9 Zi=| Xi

o=1/% ZL - %’

NEY 0!

(X6 i)z)2

Mean Time-domain statistical

Standard Deviation Time-domain statistical

Kurtosis Time-domain statistical K=

S = 3 [T x (oes2es
PN = % Zosy Sulh)

ApEn(m, r) = ¢,,(r) = ¢, (r)
log C"(r)

Estimates the distribution of EEG signal power
across frequency components and supports analysis
of rhythmic sleep EEG activity.

Quantifies signal irregularity, complexity, and
unpredictability within each EEG epoch.

Measures the central tendency of EEG amplitude
values within an epoch.

Measures amplitude variability and dispersion of
EEG samples within each epoch.

Describes the distributional shape of EEG amplitude
values and the prominence of extreme values.

we employed a FASTER-based artifact rejection procedure inspired by
the Fully Automated Statistical Thresholding for EEG Artifact Rejection
(FASTER) algorithm [62]. FASTER is an automated and unsupervised ar-
tifact rejection method that detects outliers using statistical parameters
computed across different aspects of the EEG signal, including chan-
nels, epochs, independent components, and channel-epoch segments.
The original method combines statistical thresholding with independent
component analysis, contaminated component removal, epoch rejection,
and interpolation of noisy channels when applicable. In the present
study, artifact rejection was performed after sleep-stage alignment and
before feature extraction. Because this study used a compact six-channel
EEG montage, the FASTER-based procedure was applied conservatively
at the epoch level to identify and remove contaminated EEG epochs.
This strategy avoided unstable independent component analysis and ex-
tensive channel interpolation in low-density EEG data while preserving
subject-level grouping required for patient-wise cross-validation.

3.3. Feature extraction

Feature extraction is an essential step in EEG-based analysis be-
cause raw EEG signals are high-dimensional, non-stationary, and highly
variable across patients and sleep stages. In automated EEG analy-
sis, feature-based representations help reduce signal complexity while
preserving physiologically meaningful information relevant to down-
stream classification. Since anxiety and stress may influence sleep EEG
dynamics through changes in signal variability, spectral composition,
and temporal irregularity, different categories of features were consid-
ered in this study. EEG features are commonly grouped into linear and
non-linear methods. Linear features include time-domain and frequency-
domain measures, which describe amplitude variation, central tendency,
distributional properties, and spectral power characteristics. Non-linear
features capture irregularity, complexity, and unpredictability in EEG
dynamics, which are especially important because EEG signals are
generated by complex neurophysiological processes and often exhibit
non-stationary behavior.

In this study, feature extraction was performed on non-overlapping
30-second EEG epochs obtained from six standardized EEG channels:
F3, F4, C3, C4, O1, and 0O2. The extracted features included Power
Spectral Density (PSD) using Welch’s method, Approximate Entropy
(ApEn), Standard Deviation (Std), Mean, and Kurtosis. These features
were selected to represent complementary EEG characteristics, includ-
ing spectral power, non-linear signal irregularity, amplitude variability,
central tendency, and distributional shape. The extracted features were
subsequently used as input to ML models for differentiating between
anxiety and stress from pediatric sleep EEG recordings.

Time-domain features provide a direct description of EEG ampli-
tude characteristics over time. These features are useful for quanti-
fying signal variation, average amplitude behavior, and distributional
changes within each epoch. In this study, Mean, Standard Deviation,
and Kurtosis were evaluated as time-domain statistical features. Among
these, Standard Deviation was retained in the best-performing feature

configuration because it captures amplitude variability within each EEG
epoch. Frequency-domain features describe how the EEG signal power is
distributed across different frequency components. This is particularly
relevant in sleep EEG analysis, where rhythmic activity varies across
conventional frequency bands, including delta, theta, alpha, sigma, and
beta bands. PSD features were estimated using Welch’s method to eval-
uate spectral power characteristics. Although PSD was included in the
feature comparison experiment, its classification performance was lower
than the entropy and variability-based feature configuration. Therefore,
PSD was retained for experimental comparison but was not selected in
the final best-performing feature set. Non-linear features are important
for characterizing the irregularity and complexity of EEG signals. Since
EEG activity reflects complex neurophysiological processes, non-linear
analysis can provide additional information beyond conventional time-
domain and frequency-domain measures. In this study, Approximate
Entropy was extracted as a non-linear complexity feature to quan-
tify the unpredictability and irregularity of EEG patterns within each
epoch. Approximate Entropy was selected in the final feature config-
uration because it provided complementary information to Standard
Deviation. Specifically, Approximate Entropy captures non-linear signal
complexity, whereas Standard Deviation captures amplitude variability.

Table 3 summarizes the feature categories, mathematical formu-
lations, and interpretations of the extracted EEG features. For each
30-second epoch, features were extracted independently from each
of the six EEG channels. Therefore, the resulting feature representa-
tion preserved channel-specific information while converting each EEG
epoch into a structured numerical feature vector suitable for machine
learning classification. After feature extraction, all features were stan-
dardized within each data partitioning fold. To prevent information
leakage, the scaler was fitted only on the training subset and then
applied to the validation and test subsets using the same scaling pa-
rameters. The experimental comparison showed that the combination
of Approximate Entropy and Standard Deviation achieved the best
classification performance. This feature configuration was therefore se-
lected as the final representation for the proposed anxiety and stress
classification framework. Approximate Entropy contributed non-linear
complexity information, while Standard Deviation captured amplitude
variability, making the two features complementary for pediatric sleep
EEG classification.

3.4. Data splitting and scaling

To ensure a robust and unbiased evaluation, all experiments were
conducted using patient-level data partitioning. This strategy ensured
that epochs from the same patient did not appear across training, val-
idation, and test subsets, thereby preventing patient-level information
leakage. Specifically, a stratified 10-fold cross-validation strategy was
applied at the patient level to preserve the anxiety and stress class
distribution across folds. In each fold, patients were divided into mutu-
ally exclusive training, validation, and test subsets. The training subset
was used to fit the classifiers, the validation subset was used for model
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selection and hyperparameter optimization, and the test subset was used
only for final performance evaluation. After patient-level partitioning,
feature normalization was applied using the Standard Scaler [63]. To
avoid data leakage, the scaler was fitted only on the training subset
within each fold and then applied to the corresponding validation and
test subsets using the same scaling parameters. This procedure ensured
that no information from the validation or test patients was used during
feature normalization. Each feature was standardized using z = ):”&
where i, and o,.,i, denote the mean and standard deviation compl{ﬁ‘ed
from the training set only.

3.5. Model training and optimization

After feature extraction, patient-level partitioning, and feature nor-
malization, several classical machine learning models, static ensemble
models, and dynamic ensemble selection models were trained to classify
anxiety and stress states from pediatric sleep EEG features. The classical
machine learning models included K-Nearest Neighbors (KNN), Multi-
Layer Perceptron (MLP), Decision Tree (DT), Support Vector Machine
(SVM), Logistic Regression (LR), Naive Bayes (NB), Random Forest (RF),
XGBoost, Gradient Boosting, and AdaBoost. These algorithms have been
widely used in EEG-based mental health and biomedical classification
studies [64]. To improve predictive stability and reduce model-specific
variability, static ensemble learning strategies were also evaluated, in-
cluding Voting and Stacking classifiers [65]. For the Voting ensemble,
a soft voting strategy was used to aggregate probability-level predic-
tions from the optimized base classifiers. In the Stacking ensemble,
optimized base classifiers were first trained independently, and their
outputs were then used to train a meta-learner. This allowed the en-
semble to combine complementary decision patterns from multiple
classifiers and capture more complex relationships in the EEG feature
space. In addition to static ensembles, Dynamic Ensemble Selection
(DES) methods were incorporated to account for local variability in
EEG patterns across patients and epochs. The evaluated DES variants in-
cluded FIRE-DESKNN, FIRE-KNOP, FIRE-KNORAE, and FIRE-KNORAU.
These methods dynamically select the most competent classifier or sub-
set of classifiers for each test instance based on the local decision region.
The DES pool was constructed using the optimized baseline classifiers,
and Dynamic Frienemy Pruning (DFP) was enabled to improve local
classifier selection. Bayesian optimization was used for systematic hy-
perparameter tuning [38,66]. This probabilistic search strategy enabled
efficient exploration of the hyperparameter space for each classifier. For
ensemble models, the base classifiers were individually optimized be-
fore being integrated into the Voting or Stacking framework. Similarly,
for DES models, parameters controlling the dynamic selection process
were tuned to improve adaptive and reliable classification performance.
This multi-model training strategy enabled a comprehensive compar-
ison between individual classifiers, static ensembles, and dynamically
adaptive ensemble methods. The final model performance metrics and
comparative results are reported in Section 5.

3.6. Explainable artificial intelligence

The integration of Explainable Artificial Intelligence (XAI) into
EEG-based mental health analysis plays a crucial role in improving
model transparency, particularly for clinical interpretation and potential
decision-support applications [21,38,67]. Since EEG signals are spa-
tially distributed across the scalp and reflect complex neurophysiological
activity, it is important to identify which features and channels con-
tribute most strongly to the model predictions. To address this, we
integrated three complementary XAI methods into the proposed frame-
work: SHapley Additive Explanations (SHAP) [68], Local Interpretable
Model-Agnostic Explanations (LIME) [69], and NeuroXAI [70]. SHAP
and LIME were used to explain predictions in the engineered feature
space, whereas NeuroXAI was used to provide channel-wise interpreta-
tions closer to the spatial structure of EEG signals. To ensure an unbiased
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explanation analysis, XAl samples were selected only from the held-
out test subsets of the patient-level cross-validation folds. No training
samples were used for explanation generation. Within each fold, a bal-
anced subset of correctly classified samples from the anxiety and stress
classes was selected from the test set so that both diagnostic classes
were represented. This strategy ensured that the explanations reflected
model behavior on unseen patients rather than memorized training pat-
terns. SHAP and LIME were applied to the extracted EEG feature vectors,
whereas NeuroXAI was used to generate channel-level explanations. For
patient-level interpretation, epoch-level explanations were aggregated
across retained epochs to obtain stable subject-level feature and channel
importance profiles.

3.6.1. SHAP

SHAP builds on principles from cooperative game theory to allocate
feature-level contribution scores to a model prediction. Consider a model
F : RY - R and a specific input x,. The SHAP value ¢ ; for feature
j captures its average contribution across all possible combinations of
features:

Id =S| = 1)
@;(x, F) = Z w [Fsui) %0) = Fs(xp)] 1
SCD\(j} :

where D = {1,2,...,d} represents the full set of features, and Fg(x,)
is the expected output of the model when only the subset .S is consid-
ered. SHAP satisfies the additive completeness property, meaning that
the model output can be decomposed as:

d
Fxo) = o+ ). ¢, )
Jj=1

where ¢, denotes the baseline prediction, corresponding to the expected
model output over the background samples. In this study, SHAP values
were computed for the extracted EEG features and then aggregated ac-
cording to EEG channel and feature type. This allowed us to identify
which channel-specific feature contributions had the greatest influence
on the final classification, including whether their effects supported the
anxiety or stress prediction.

3.6.2. LIME

LIME provides local explanations by approximating the behavior of
a complex model around a specific input using an interpretable surro-
gate model. For a given input x,,, LIME generates perturbed samples x;
and assigns each perturbation a proximity weight based on its similar-
ity to the original input. A local surrogate model G is then trained to
approximate the predictive behavior of the black-box model F:

N
£(x) = arg min 3" w(x) - (F(x) = Gm))” + R(G) ®)
i=1

where m; € {0,1}¢ is a binary interpretable mask, w(x,) is the proximity
weight, and R(Q) is a regularization term that controls the complexity
of the surrogate model. The proximity weight is commonly defined as:

2
w(x) = exp <—5(XZ—ZX)> @

The surrogate model can be expressed as:

d
Gm) =0+ Y 6, -m/ ()

J=1

where 6; represents the local importance coefficient of feature ;. In this
study, LIME was applied to the engineered EEG feature vectors. The
resulting local feature importance scores were aggregated to provide
region-wise and feature-wise relevance patterns for anxiety and stress
classification.
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3.6.3. NeuroXAI

To account for the structured spatial nature of EEG data, we imple-
mented NeuroXAlI, a method designed for spatially grounded attribution
in neural signals. Unlike conventional feature-based explanation meth-
ods, NeuroXAI focuses on channel-wise relevance by perturbing EEG
inputs through channel masking. Given an input x,, NeuroXAI gener-
ates perturbed samples using binary masks m; € {0,1}¢, where each
mask represents the presence or absence of specific EEG channels. A
surrogate model G is then trained to approximate the black-box model F:

N

E(x) = argmin 3 w(x) - (F(x) = G(my))” + R©) ©
i=1

The proximity weight is determined based on spatial similarity
between the original and perturbed samples:

2
w(X;) = exp (—W) @
o
with cosine distance defined as:
d(xp) - p(x;)
5(Xp X)) =1— ——2 0 8
o X0 = = G T TG ®

where ¢(-) maps the EEG input into a vectorized representation. Unlike
LIME, NeuroXAI employs a non-linear feature selection mechanism us-
ing the Hilbert-Schmidt Independence Criterion Lasso (HSIC-Lasso).
Given an output kernel matrix Y and individual channel kernels K,
the channel importance weights g, are computed by solving:

2

d
.1
min - ||Y - Kl +4 s.t. f, >0
min 3 ;ﬁk i I8l st py

©)]

In this study, NeuroXAI was applied at both the instance and pa-
tient levels to generate channel importance profiles. Epoch-level channel
attributions were aggregated across retained epochs to obtain stable
patient-level explanations. These outputs were visualized using bar
charts and topographic maps to reveal the spatial contributions of EEG
regions to anxiety and stress classification.

4. Experimental setup

This section describes the experimental protocols and implementa-
tion details used to train, evaluate, and interpret the proposed EEG-based
anxiety and stress classification framework. It includes EEG segment-
duration analysis, feature extraction strategies, channel-configuration
analysis, filtering settings, patient-level cross-validation, model train-
ing and optimization, external validation, performance evaluation,
and explainability analysis using SHAP, LIME, and NeuroXAI These
components were designed to ensure a consistent, reproducible, and
leakage-free evaluation across baseline machine learning classifiers,
static ensemble models, and dynamic ensemble selection methods. The
overall experimental flow is summarized in Fig. 6.

4.1. Patient-level stratified cross-validation

All experiments were conducted using a stratified 10-fold cross-
validation strategy applied at the patient level. Patients were partitioned
into ten non-overlapping folds while preserving the proportion of anxi-
ety and stress cases across folds. In each cross-validation iteration, one
fold was used as the test subset, one fold was used as the validation
subset, and the remaining eight folds were used for model training.
The validation subset was used for hyperparameter optimization and
model selection, whereas the test subset was kept unseen during training
and optimization and was used only for final performance evaluation.
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Experiment 1: Selecting Optimal EEG
Duration and Feature Extraction

Experiment 2: Channel Configuration
Analysis

Experiment 3: Filter Configuration
Analysis

Experiment 5: Independent Cohort
Validation

Experiment 6: Model Explainability
and Interpretation

Experiment 7: Sensitivity Analysis

Experiment 4: Classifier Comparison
and Final M(ﬁel Selection

Fig. 6. Experimental workflow of the proposed study.

The same patient-level partitioning strategy was applied across all ex-
periments to ensure consistency and prevent patient-level information
leakage, such that epochs from the same patient never appeared in more
than one subset within a given fold.

4.2. Training and hyperparameter optimization

All baseline classifiers, static ensemble models, and dynamic en-
semble selection methods were trained for binary anxiety versus stress
classification using the extracted EEG feature vectors. The input features
were obtained from the selected two-hour EEG segments using non-
overlapping 30-second epochs and the final six-channel configuration
consisting of F3, F4, C3, C4, O1, and O2. The final selected feature con-
figuration consisted of Approximate Entropy and Standard Deviation, as
described in Section 3.3. Within each patient-level cross-validation fold,
feature normalization was performed by fitting the Standard Scaler only
on the training partition and then applying the same transformation
to the validation and test partitions. This prevented information leak-
age from unseen patients during preprocessing. Bayesian optimization
was used to tune the main hyperparameters of the evaluated classifiers
and ensemble models. The search space included model-specific param-
eters such as the number of estimators, maximum tree depth, learning
rate, regularization strength, number of neighbors, kernel parameters,
and hidden-layer configuration, depending on the classifier. The val-
idation fold was used to guide hyperparameter selection and model
selection, whereas the held-out test fold was used only for final per-
formance evaluation. For static ensemble models, the base classifiers
were optimized independently before being integrated into the Voting
and Stacking ensembles. In the Stacking ensemble, optimized base classi-
fiers generated intermediate predictions, which were passed to a logistic
regression meta-classifier for the final decision. For dynamic ensemble
selection methods, the optimized classifier pool was used, and selection-
related parameters such as neighborhood size and pruning configuration
were tuned using the validation fold. The same training, validation,
and testing protocol was maintained across all classifiers and ensemble
models to ensure a fair and consistent comparison. The final optimized
configurations are summarized in Table 4. Since optimization was per-
formed independently within each cross-validation fold, the reported
values represent the most frequently selected configurations across folds,
whereas continuous parameters that varied across folds are reported
using their median values.
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Table 4
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Final optimal hyper-parameters selected by Bayesian optimization under stratified 10-fold cross-validation for the

anxiety vs. stress classification.

Model

Optimal Hyper-parameters

K-Nearest Neighbors
Support Vector Machine
Logistic Regression
Decision Tree

Naive Bayes

Random Forest

XGBoost
Gradient Boosting

AdaBoost
Multi-Layer Perceptron

Voting Ensemble
Stacking Ensemble

n_neighbors: 5; weights: distance; metric: euclidean; leaf size: 30

kernel: rbf; C: 10.0; gamma: scale; tol: 1073

C: 1.0; penalty: 12; solver: Ibfgs; max_iter: 1000

criterion: gini; max_depth: 5; min_samples_split: 5; min_samples_leaf: 2

var_smoothing: 10~

n_estimators: 200; criterion: gini; max_depth: 10; min_samples_split: 2; min_samples_leaf: 1;
max_features: sqrt

n_estimators: 200; max_depth: 3; learning rate: 0.05; subsample: 0.8; colsample_bytree: 0.8;
min_child_weight: 1; gamma: 0; reg_alpha: 0.1; reg_lambda: 1.0

n_estimators: 200; learning_rate: 0.1; max_depth: 3; subsample: 0.8; min_samples_split: 2;
min_samples_leaf: 1

n_estimators: 100; learning_rate: 0.1; estimator: DecisionTreeClassifier (max_depth=1)
hidden_layer sizes: (100); activation: relu; solver: adam; alpha: 0.001; learning _rate_init: 0.001;
learning _rate: constant; max_iter: 1000

voting: soft; estimators: optimized KNN, Random Forest, XGBoost, SVM

estimators: optimized KNN, Random Forest; final estimator: LogisticRegression (C=1.0); cv: 5

FIRE-DESKNN pool_classifiers: optimized baseline classifiers; k: 5; safe_k: 5; DFP: True; method: DESKNN
FIRE-KNOP pool_classifiers: optimized baseline classifiers; k: 5; safe_k: 5; DFP: True; method: KNOP
FIRE-KNORAE pool_classifiers: optimized baseline classifiers; k: 5; safe_k: 5; DFP: True; method: KNORAE
FIRE-KNORAU pool_classifiers: optimized baseline classifiers; k: 5; safe_k: 5; DFP: True; method: KNORAU
Table 5
Evaluation metrics used for anxiety and stress classification.
Metric Description Formula
Accuracy Measures the overall proportion of correctly classified samples A _ TP+TN
among all evaluated samples. ceuracy = TP+TN+FP+FN
Precision Measures the proportion of samples predicted as positive . TP
that are actually positive, reflecting the reliability of positive Precision = TP+ FP
predictions.
Recall Measures the proportion of actual positive samples that are TP
correctly identified by the model. Recall = TP+ FN
F1-score Computes the harmonic mean of precision and recall, provid- Precision X Recall
ing a balanced measure when both false positives and false Fl=2x Precision + Recall
negatives are important.
AUC Represents the area under the receiver operating characteristic

curve and measures the model’s ability to distinguish between

1
AUC = / TPR(FPR) d(FPR)
0

anxiety and stress across different classification thresholds.

4.3. Evaluation metrics

Model performance was evaluated using standard binary classifica-
tion metrics, including accuracy, precision, recall, Fl-score, and area
under the receiver operating characteristic curve (AUC). These metrics
were computed on the held-out test fold in each patient-level cross-
validation iteration. Since each EEG recording was divided into multiple
non-overlapping 30-second epochs, epoch-level predictions were aggre-
gated at the patient level to obtain the final patient-wise prediction.
Specifically, patient-level predictions were obtained by aggregating the
predicted probabilities across all retained epochs from the same patient,
followed by the assignment of the final class label. This ensured that the
reported performance reflected patient-level classification rather than
isolated epoch-level decisions. For each experiment, results are reported
as the mean and standard deviation across the ten cross-validation folds.
In addition, 95% confidence intervals were computed to estimate perfor-
mance variability. The same evaluation protocol was applied uniformly
across baseline machine learning classifiers, static ensemble models, dy-
namic ensemble selection methods, and external validation experiments.
The definitions and mathematical formulations of the evaluation metrics
used in this study are summarized in Table 5.

4.4. Explainability evaluation

To interpret the predictions of the best-performing model, explain-
ability analysis was conducted using SHAP, LIME, and NeuroXAl.

11

Explanation samples were selected only from the held-out test subsets of
the patient-level cross-validation folds. No training samples were used
for explanation generation. Within each fold, a balanced subset of cor-
rectly classified samples from the anxiety and stress classes was selected
from the test set to ensure that both diagnostic classes were represented.
SHAP and LIME were applied to the extracted EEG feature vectors,
whereas NeuroXAI was used to generate channel-level explanations.
Epoch-level explanations were further aggregated at the patient level
to obtain stable patient-level feature and channel importance profiles.

5. Results and discussion

5.1. Experiment 1: selecting the optimal EEG duration and feature
extraction method

Experiment 1 was conducted to identify the optimal EEG signal
duration and the most effective feature extraction strategy for anx-
iety and stress classification. Random Forest (RF) was used as the
baseline classifier because it is robust, handles high-dimensional feature
spaces well, and is commonly used in EEG-based classification stud-
ies. As described in Section 3.1, the average EEG recording duration
per patient was approximately 10 hours. To reduce computational com-
plexity while preserving clinically meaningful sleep EEG information,
the first hour of each recording was excluded because it often con-
tained limited sleep-stage annotations or was dominated by wakefulness.
After excluding the initial hour, four EEG durations were evaluated:
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one-hour, two-hour, three-hour, and four-hour. Several feature extrac-
tion strategies were evaluated across these EEG durations, including
frequency-domain, time-domain, and non-linear features. The tested fea-
tures included Power Spectral Density (PSD), Kurtosis, Mean, Standard
Deviation (Std), Approximate Entropy (ApEn), and different combina-
tions of these features. For ApEn, two embedding dimensions, m = 2
and m = 3, were tested using the Chebyshev distance metric. The re-
sults of all feature-duration settings are summarized in Table 6. Table 6
shows that simple individual features such as PSD, Mean, and Kurtosis
produced relatively weak classification performance, with accuracy near
chance level, around 48-52%. This indicates that these features alone
were not sufficient to capture anxiety and stress-related EEG patterns.
In contrast, Std-based and ApEn-based settings achieved stronger per-
formance, suggesting that amplitude variability and non-linear signal
irregularity were more informative for this task. Notably, the embed-
ding dimension m = 2 consistently performed better than m = 3 across
ApEn-based feature combinations. The final selected setting was the
2-hour EEG segment using ApEn and Std with embedding dimension
m = 2 and Chebyshev distance. This setting achieved an accuracy of
82.53 + 1.50% [81.46-83.60], precision of 81.52 + 1.66% [80.33-82.71],
recall of 83.28 + 1.48% [82.22-84.34], Fl-score of 82.97 + 1.59%
[81.83-84.11], and AUC of 84.59 + 1.42% [83.57-85.61]. Although some
larger feature combinations achieved slightly higher values for individ-
ual metrics, the ApEn and Std setting over the 2-hour segment provided
the best overall balance across all five evaluation metrics while remain-
ing compact and physiologically interpretable. This trend is also shown
in Fig. 7, which compares the AUC performance of the ApEn and Std
(m = 2) setting across the four evaluated durations. The AUC increased
from 82.80% at 1h to the highest value of 84.59% at 2 hours, then de-
creased to 80.20% at 3 hours and 78.50% at 4 hours. The error bars, based
on the standard deviation across 10-fold cross-validation, show that the
two-hour setting was consistently strong across patient-level folds. The
larger variance at longer durations, especially at 4 hours (¢ = 1.99 com-
pared with o = 1.42 at 2 hours), suggests that longer windows introduced
more signal heterogeneity and noise, reducing model stability. The du-
ration comparison further showed that performance improved from 1h
to 2 hours for the strongest feature configurations. For example, the se-
lected ApEn and Std (m = 2) setting improved from 80.20% accuracy at
1h to 82.53% at 2 hours, indicating that the 2-hour window captured
more stable and informative sleep EEG patterns. However, extending
the duration to 3 or 4 hours reduced performance, with accuracy drop-
ping to 77.80% and 75.40%, respectively. This decline may be related
to greater signal variability, additional noisy epochs, and more het-
erogeneous sleep-stage composition over longer recordings. Therefore,
the 2-hour EEG segment with ApEn and Std was selected as the final
feature-duration setting for the subsequent experiments.

5.2. Experiment 2: channel configuration analysis

This experiment evaluates the contribution of individual EEG chan-
nels and their combinations for anxiety and stress classification. The
analysis used the optimal two-hour EEG segment and the ApEn and Std
feature configuration identified in Experiment 1, Section 5.1. To ensure
a fair comparison across channel settings, the same Random Forest clas-
sifier and patient-level stratified 10-fold cross-validation protocol were
applied to all configurations. The evaluated channels covered three scalp
regions: frontal (F3, F4), central (C3, C4), and occipital (01, 02). Each
channel was first tested individually and then progressively combined
to examine whether spatially distributed EEG information improves
classification performance. Table 7 summarizes the results. Among the
single-channel settings, performance remained close to chance level for
all channels, indicating that anxiety and stress related EEG patterns are
not confined to one scalp region. C3 achieved the strongest individ-
ual performance, with an accuracy of 59.39 + 3.61% [57.15-61.63] and
an AUC of 63.50 + 3.11% [61.57-65.43], followed by F4, with an ac-

curacy of 57.09 + 2.16% and an AUC of 61.03 + 2.16%. F3 showed
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the weakest discriminative ability, with an accuracy of 54.59 + 3.19%
and an Fl-score of 53.01 + 3.76%. These results suggest that frontal,
central, or occipital activity alone is not sufficient to capture the full
EEG signature of pediatric anxiety and stress during sleep. Combining
channels led to clear performance improvements. The C3-C4 pair pro-
duced the first major gain, reaching an accuracy of 73.55 + 3.50%
[71.38-75.72] and an AUC of 78.54 + 3.44% [76.41-80.67]. This indicates
that bilateral central information provides important discriminative
value. Adding O2 further improved performance, with an accuracy of
78.50 + 2.15% [77.17-79.83] and an AUC of 81.50 + 1.84% [80.36-82.64],
suggesting that occipital activity contributes complementary informa-
tion beyond the central channels. The four-channel combination (C3,
C4, 02, F4) improved precision to 81.50 + 1.96% [80.29-82.71] and re-
call to 80.29 + 2.14% [78.96-81.62], with an AUC of 82.24 + 2.21%
[80.87-83.61]. Adding O1 to form the five-channel set slightly reduced
accuracy to 79.68 + 3.26%, but increased recall to 83.47 + 1.13%
[82.77-84.17] and AUC to 83.98 + 2.88% [82.19-85.77]. This suggests that
additional occipital information improved sensitivity, although with a
small trade-off in overall accuracy. The best overall performance was
obtained using all six channels (C3, C4, 02, F4, O1, F3). This configu-
ration achieved an accuracy of 81.46 + 1.40% [80.59-82.33], precision

of 83.64 + 1.32% [82.82-84.46], recall of 81.10 + 1.30% [80.29-81.91],

Fl-score of 79.68 + 2.80% [77.94-81.42], and AUC of 84.77 + 1.37%
[83.92-85.62]. The steady AUC increase across the channel combinations
(78.54 — 81.50 — 82.24 — 83.98 — 84.77) shows that frontal, cen-
tral, and occipital channels provide complementary information rather
than redundant signals. The largest improvement occurred when mov-
ing from single-channel to paired-channel analysis, followed by smaller
gains as additional channels were added. These findings show that
pediatric anxiety and stress classification during sleep benefits from
multi-channel EEG coverage. Central channels provided the strongest
initial contribution, but the full six-channel montage produced the most
reliable representation by combining information from frontal, central,
and occipital regions.

5.3. Experiment 3: filter configuration analysis

This experiment identified the most suitable frequency filtering strat-
egy for the selected two-hour EEG segments, ApEn and Std features, and
six-channel montage (C3, C4, 02, F4, O1, F3) determined in Experiments
1 and 2. For consistency, the same patient-level stratified 10-fold cross-
validation protocol with Random Forest was used. Several bandpass
ranges were evaluated, including 1-40 Hz, 1-45 Hz, 1-50 Hz, 1-60 Hz,
1-70 Hz, and 1-80 Hz. The aim was to identify the frequency range
that best preserves anxiety and stress related EEG information while re-
ducing noise. A standalone 60 Hz notch filter was not tested because
notch filtering alone cannot remove broadband artifacts such as DC
drift, muscle activity, or electrode movement. Its role is mainly to re-
duce line noise after selecting an appropriate bandpass range. Table 8
presents the results. The 1-40 Hz and 1-45 Hz settings showed compa-
rable but lower performance, with AUC values of 81.56% and 80.96%,
respectively. This suggests that frequency components above 40 Hz
may contain useful information for anxiety and stress classification.
Performance improved at 1-50 Hz, reaching an AUC of 84.20 + 1.90%
[82.84-85.56], and reached its best bandpass-only result at 1-60 Hz. This
setting achieved an accuracy of 82.50 + 1.13% [81.69-83.31], precision
of 82.30 + 1.42% [81.28-83.32], recall of 82.00 + 1.56% [80.88-83.12],

Fl-score of 81.50 + 2.40% [79.78-83.22], and AUC of 8450 + 1.12%
[83.70-85.30]. The 1-60 Hz range covers the main clinically relevant
EEG bands from delta to gamma, while limiting the contribution of high
frequency muscle artifacts. Extending the upper cutoff to 70 Hz and
80 Hz reduced performance, with AUC values of 83.60% and 83.20%,
respectively. This decrease suggests that wider frequency ranges may
introduce additional high-frequency noise, especially muscle-related ar-
tifacts, which can affect the stability of non-linear features such as
ApEn. The overall AUC pattern (81.56 — 80.96 — 84.20 — 84.50 —
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Table 6
Performance of different feature extraction methods across EEG signal durations.

ApEn(emb = ‘2’, metric = ‘chebyshev’) ApEn(emb = ‘3’, metric = ‘chebyshev’)

PSD Kurtosis Mean Std Mean Std Kurtosis Std Kurtosis Mean ~ApEn ApEn Mean ApEn Std ApEn Mean Std ApEn Mean Std ApEn ApEn Mean ApEn Std ApEn Mean ApEn Mean

Std Kurtosis Std Std Kurtosis

1 hour mAccsstd 48.50 +3.83 49.20 £3.76 48.80 +3.72 74.20 £2.22 73.80 +2.34 75.10 £2.40 74.80 +2.34 72.40 £2.52 75.80 +2.31 80.20 +1.94 82.40 +2.04 81.80 +2.02 70.20 +2.39 73.40 £2.44 78.50 £1.98  80.60 +1.96 80.10 +2.00
[CI](%) [46.13-50.87] [46.87-51.53] [46.49-51.11] [72.82-75.58] [72.35-75.25] [73.61-76.59] [73.35-76.25] [70.84-73.96] [74.37-77.23] [79.00-81.40] [81.14-83.66] [80.55-83.05] [68.72-71.68] [71.89-74.91] [77.27-79.73] [79.39-81.81] [78.86-81.34]

mPre+std 47.80 +4.50 46.50 +4.31 48.20 +4.50 74.80 £2.60 71.20 +2.55 75.40 £2.57 71.20 +2.56 71.80 £2.73 70.40 £2.79 79.50 +2.12 77.20 £2.26 76.10 +2.06 69.80 +2.72 68.80 +2.68 77.80 £2.09  76.20 +2.26  74.80 +2.22
[CI](%) [45.01-50.59] [43.83-49.17] [45.41-50.99] [73.19-76.41] [69.62-72.78] [73.81-76.99] [69.61-72.79] [70.11-73.49] [68.67-72.13] [78.19-80.81] [75.80-78.60] [74.82-77.38] [68.11-71.49] [67.14-70.46] [76.50-79.10] [74.80-77.60] [73.42-76.18]

mRextstd  49.20 +4.13 51.80 +4.17 49.50 +4.16 72.50 +2.43 72.40 +2.36 74.20 +2.43 76.80 +2.30 73.20 £2.43 73.20 +2.41 81.20 +2.00 80.30 +2.12 81.50 +1.90 71.50 +2.65 71.50 +2.64 79.50 +1.84  79.10 +1.86  80.20 +1.94
[CI1(%) [46.64-51.76] [49.22-54.38] [46.92-52.08] [70.99-74.01] [70.94-73.86] [72.69-75.71] [75.37-78.23] [71.69-74.71]1 [71.71-74.69] [79.96-82.44] [78.99-81.61] [80.32-82.68] [69.86-73.14] [69.86-73.14] [78.36-80.64] [77.95-80.25] [79.00-81.40]

mFl+std  48.40 £4.20 48.90 +4.20 48.60 +4.09 73.60 +2.47 71.70 +2.45 74.80 +2.52 73.80 +2.63 72.40 +2.67 71.80 +2.74 80.30 +2.06 78.70 +2.17 78.50 +1.91 70.60 +2.58 70.00 +2.49 78.60 +2.14  77.50 +2.00  77.30 +1.92
[CI1(%) [45.80-51.00] [46.30-51.50] [46.06-51.14] [72.07-75.13] [70.18-73.22] [73.24-76.36] [72.17-75.43] [70.75-74.05] [70.10-73.50] [79.02-81.58] [77.36-80.04] [77.32-79.68] [69.00-72.20] [68.46-71.54] [77.27-79.93] [76.26-78.74] [76.11-78.49]

mAUCzstd 50.80 +3.18 51.40 +3.35 51.20 +3.19 76.80 +1.90 77.20 +£1.95 79.20 +1.83 78.20 +2.10 76.20 +2.04 78.20 £1.99 82.80 +1.52 85.20 +1.64 86.20 +1.56 74.20 +2.00 76.20 +2.21 81.20 +1.67  83.80 +1.50  84.80 +1.55

[CIl(%)  [48.83-52.77]

[49.32-53.48]

[49.22-53.18]

[75.62-77.98]

[75.99-78.41]

[78.07-80.33]

[76.90-79.50]

[74.94-77.46]

[76.97-79.43]

[81.86-83.74]

[84.18-86.22]

[85.23-87.17]

[72.96-75.44]

[74.83-77.57]

[80.16-82.24]

[82.87-84.73]

[83.84-85.76]

2 hours

mAcctstd 50.20 +3.63
[CI1(%) [47.95-52.45]
mPrex+std 49.50 +4.30
[CII(%) [46.83-52.17]
mRe+std  51.00 +3.91
[CI1(%) [48.58-53.42]
mFl+std  50.10 +4.09
[CI1(%) [47.56-52.64]
mAUCzstd 52.40 +3.12
[CI](%) [50.47-54.33]

51.80 +3.57
[49.59-54.01]
48.20 +4.30
[45.53-50.87]
53.50 +3.94
[51.06-55.94]
50.60 +3.99
[48.13-53.07]
54.20 +3.21
[52.21-56.19]

50.50 +3.68
[48.22-52.78]
49.80 +4.24
[47.17-52.43]
51.20 +3.84
[48.82-53.58]
50.30 +3.83
[47.93-52.67]
52.80 +3.01
[50.93-54.67]

71.50 +2.06
[70.22-72.78]
72.60 +2.57
[71.01-74.19]
70.80 +2.25
[69.41-72.19]
71.60 +2.38
[70.12-73.08]
74.20 £1.99
[72.97-75.43]

74.20 +2.12
[72.89-75.51]
73.80 +2.50
[72.25-75.35]
74.50 +2.39
[73.02-75.98]
74.10 £2.29
[72.68-75.52]
78.10 +£1.74
[77.02-79.18]

72.80 +2.14
[71.47-74.13]
72.50 +2.43
[70.99-74.01]
74.80 +2.44
[73.29-76.31]
73.60 +2.47
[72.07-75.13]
74.80 +£1.91
[73.62-75.98]

76.20 +2.31
[74.77-77.631
76.40 +2.62
[74.78-78.02]
75.30 £2.22
[73.92-76.68]
75.80 +2.49
[74.26-77.34]
80.10 +1.88
[78.93-81.27]

74.80 +2.40
[73.31-76.29]
73.60 +2.78
[71.88-75.32]
75.20 +2.37
[73.73-76.67]
74.30 +2.38
[72.82-75.78]
77.50 +1.88
[76.33-78.67]

76.40 +2.29
[74.98-77.82]
76.20 +2.75
[74.50-77.90]
77.30 +2.53
[75.73-78.871
76.60 +2.35
[75.14-78.06]
79.50 +1.97
[78.28-80.72]

82.53 +1.50
[81.46-83.60]
81.52 +1.66
[80.33-82.71]
83.28 +1.48
[82.22-84.34]
82.97 +1.59
[81.83-84.11]
84.59 +1.42
[83.57-85.61]

81.20 +1.75
[80.12-82.28]
80.80 +2.08
[79.51-82.09]
81.20 +1.96
[79.99-82.41]
80.90 +1.91
[79.72-82.08]
84.10 +1.68
[83.06-85.14]

80.60 +1.94
[79.40-81.80]
80.40 +2.00
[79.16-81.64]
81.00 +1.89
[79.83-82.17]
80.60 +1.89
[79.43-81.77]
84.20 +1.47
[83.29-85.11]

72.50 +2.17
[71.16-73.84]
71.40 +2.69
[69.73-73.07]
73.20 +2.43
[71.69-74.71]
72.20 +2.36
[70.74-73.66]
75.80 +1.90
[74.62-76.98]

74.80 £2.43
[73.29-76.31]
74.50 +2.58
[72.90-76.10]
75.60 +2.32
[74.16-77.04]
74.90 +2.49
[73.36-76.44]
77.80 +2.11
[76.49-79.11]

80.20 +1.73
[79.13-81.27]
79.40 +2.13
[78.08-80.72]
81.20 £1.97
[79.98-82.42]
80.20 +1.87
[79.04-81.36]
82.80 +1.60
[81.81-83.79]

79.80 £1.77
[78.70-80.90]
79.20 +2.12
[77.89-80.51]
80.50 +1.94
[79.30-81.70]
79.80 +1.96
[78.59-81.01]
83.20 +1.41
[82.33-84.07]

79.20 £1.91
[78.02-80.38]
79.00 +2.02
[77.75-80.25]
80.30 +1.80
[79.18-81.42]
79.50 +1.81
[78.38-80.62]
84.60 +1.56
[83.63-85.57]

3 hours

mAcctstd 49.10 +3.81
[CI1(%) [46.74-51.46]
mPres+std 48.30 +4.17
[CI](%) [45.72-50.88]
mRe+std  50.10 +3.94
[CI](%) [47.66-52.54]
mFl+std  49.15 +3.97
[CI](%) [46.69-51.61]
mAUCzstd 51.30 +3.23
[CI](%) [49.30-53.30]

48.50 +3.66
[46.23-50.77]
45.80 +4.37
[43.09-48.51]
50.20 +3.91
[47.78-52.62]
47.80 +4.18
[45.21-50.39]
50.80 +3.08
[48.89-52.71]

49.30 +3.71
[47.00-51.60]
48.10 +4.20
[45.50-50.70]
50.00 +4.07
[47.48-52.52]
48.90 +4.17
[46.32-51.48]
51.50 +3.12
[49.57-53.43]

67.80 +2.70
[66.13-69.47]
67.50 +3.14
[65.55-69.45]
66.90 +2.80
[65.16-68.64]
67.20 +2.87
[65.42-68.98]
70.50 +2.18
[69.15-71.85]

71.50 £2.12
[70.19-72.81]
70.80 +2.70
[69.13-72.47]
71.20 +2.48
[69.66-72.74]
70.90 +2.46
[69.38-72.42]
75.30 +1.86
[74.15-76.45]

69.50 +2.61
[67.88-71.12]
69.80 +3.12
[67.87-71.73]
68.50 +2.90
[66.70-70.30]
69.10 +2.98
[67.25-70.95]
71.20 +2.34
[69.75-72.65]

73.40 £2.29
[71.98-74.82]
73.10 +2.46
[71.58-74.62]
72.80 +2.25
[71.41-74.19]
72.90 +2.54
[71.33-74.47]
76.50 £1.94
[75.30-77.70]

68.20 +2.64
[66.56-69.84]
67.50 +3.08
[65.59-69.41]
69.10 +2.97
[67.26-70.94]
68.20 +2.86
[66.43-69.97]
71.80 +2.27
[70.39-73.21]

72.50 +2.37
[71.03-73.97]
72.30 +2.77
[70.58-74.02]
74.10 +2.52
[72.54-75.66]
73.10 £2.46
[71.58-74.62]
76.20 +2.07
[74.92-77.48]

77.80 £1.76
[76.71-78.89]
77.20 +2.06
[75.92-78.48]
78.50 +2.01
[77.25-79.75]
77.80 £2.03
[76.54-79.06]
80.20 +1.67
[79.16-81.24]

78.30 +1.89
[77.13-79.47]
77.80 +2.14
[76.47-79.13]
78.50 +1.81
[77.38-79.62]
78.10 £1.95
[76.89-79.31]
81.50 +1.49
[80.58-82.42]

77.20 £1.76
[76.11-78.29]
76.80 +2.26
[75.40-78.20]
77.50 +1.90
[76.32-78.68]
77.10 £2.11
[75.79-78.41]
81.80 +1.60
[80.81-82.79]

66.80 +2.87
[65.02-68.58]
66.20 +3.20
[64.22-68.18]
67.50 +2.95
[65.67-69.33]
66.80 +3.01
[64.93-68.67]
70.50 +2.28
[69.09-71.91]

70.50 +2.42
[69.00-72.00]
70.20 +2.64
[68.56-71.84]
72.30 +2.33
[70.86-73.74]
71.20 £2.59
[69.59-72.81]
74.20 +£1.91
[73.02-75.38]

75.60 +2.26
[74.20-77.00]
75.10 +2.59
[73.49-76.71]
76.30 +2.36
[74.84-77.76]
75.70 £2.26
[74.30-77.10]
78.50 £1.67
[77.46-79.54]

76.50 +2.26
[75.10-77.90]
76.00 +2.43
[74.49-77.51]
76.80 +2.38
[75.32-78.28]
76.30 £2.44
[74.79-77.81]
80.10 +1.92
[78.91-81.29]

75.80 +2.07
[74.52-77.08]
75.20 +2.42
[73.70-76.70]
76.10 +2.34
[74.65-77.55]
75.60 £2.25
[74.21-76.99]
81.20 +1.71
[80.14-82.26]

4 hours

mAcesstd 47.80 +3.99
[CI](%)  [45.33-50.27]
mPre+std  46.90 +4.50
[CI1(%)  [44.11-49.69]
mRe+std  48.50 +4.23
[CII(%)  [45.88-51.12]
mFlistd  47.60 +4.31
[CI(%)  [44.93-50.27]
mAUCxstd 49.90 +3.26
[CI1(%)  [47.88-51.92]

47.30 +4.01
[44.81-49.79]
44.90 +4.50
[42.11-47.69]
49.10 +4.07
[46.58-51.62]
46.80 +4.30
[44.13-49.47]
49.50 +3.49
[47.34-51.66]

47.90 +4.05
[45.39-50.41]
46.70 +4.50
[43.91-49.49]
48.30 +4.23
[45.68-50.92]
47.40 +4.25
[44.77-50.03]
50.10 +3.32
[48.04-52.16]

66.40 +2.90
[64.60-68.20]
66.80 +3.32
[64.74-68.86]
65.20 +3.06
[63.30-67.10]
65.90 +3.16
[63.94-67.86]
69.10 +2.39
[67.62-70.58]

70.10 +2.38
[68.62-71.58]
69.50 +2.82
[67.75-71.25]
69.80 +2.54
[68.23-71.37]
69.60 +2.63
[67.97-71.23]
73.80 +£2.11
[72.49-75.11]

70.30 +2.49
[68.76-71.84]
69.20 +2.68
[67.54-70.86]
68.80 +2.46
[67.28-70.32]
68.90 +2.44
[67.39-70.41]
73.10 £2.04
[71.84-74.36]

71.50 +2.24
[70.11-72.89]
71.80 £2.72
[70.11-73.49]
70.50 +2.51
[68.94-72.06]
71.10 £2.50
[69.55-72.65]
74.20 +2.05
[72.93-75.471]

65.50 +2.81
[63.76-67.24]
65.20 +3.25
[63.19-67.21]
66.80 +3.19
[64.82-68.78]
65.90 +3.14
[63.95-67.85]
69.20 +2.39
[67.72-70.68]

70.20 +2.50
[68.65-71.75]
70.80 +2.95
[68.97-72.63]
71.50 £2.53
[69.93-73.07]
71.10 £2.73
[69.41-72.79]
74.10 £2.00
[72.86-75.34]

75.40 +2.12
[74.09-76.71]
74.80 +2.61
[73.18-76.42]
76.10 +2.38
[74.62-77.58]
75.40 £2.48
[73.86-76.94]
78.50 +£1.99
[77.27-79.73]

76.50 +2.40
[75.01-77.99]
76.20 +2.60
[74.59-77.81]
76.80 +2.32
[75.36-78.24]
76.40 +2.53
[74.83-77.97]
79.80 +1.85
[78.65-80.95]

75.80 +2.24
[74.41-77.19]
75.30 £2.47
[73.77-76.83]
76.20 £2.23
[74.82-77.58]
75.70 +2.58
[74.10-77.30]
80.20 +2.02
[78.95-81.45]

64.20 +3.01
[62.33-66.07]
63.80 +3.36
[61.72-65.88]
65.10 +3.00
[63.24-66.96]
64.30 +3.08
[62.39-66.21]
68.10 +2.43
[66.59-69.61]

68.20 +2.96
[66.37-70.03]
68.50 +3.46
[66.36-70.64]
69.80 +3.14
[67.85-71.75]
69.10 £3.12
[67.17-71.03]
72.30 +2.64
[70.66-73.94]

73.20 +2.33
[71.76-74.64]
72.80 £2.61
[71.18-74.42]
74.10 £2.40
[72.61-75.59]
73.40 £2.41
[71.91-74.89]
76.20 +1.84
[75.06-77.34]

74.20 +2.21
[72.83-75.57]
74.30 £2.67
[72.65-75.95]
74.50 £2.22
[73.12-75.88]
74.30 £2.32
[72.86-75.74]
78.20 +1.78
[77.10-79.30]

74.50 +2.12
[73.19-75.81]
73.80 £2.70
[72.13-75.47]
74.80 +2.43
[73.29-76.31]
74.20 +2.43
[72.69-75.71]
79.50 +1.80
[78.38-80.62]
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Fig. 7. mAUC performance of the ApEn + Std feature configuration (embedding
dimension m = 2, Chebyshev distance) across EEG signal durations.

83.60 — 83.20) supports 1-60 Hz as the most effective bandpass range.
The final preprocessing pipeline combined the 1-60 Hz bandpass filter
with a 60 Hz notch filter to reduce power-line interference. This con-
figuration achieved the best overall performance, with an accuracy of
84.50 + 2.10% [83.00-86.00], precision of 85.20 + 1.80% [83.91-86.49],
recall of 84.80 + 1.90% [83.44-86.16], Fl-score of 83.10 + 1.70%

[81.88-84.32], and AUC of 86.80 + 1.50% [85.73-87.87]. The notch fil-
ter improved AUC by 2.30 percentage points compared with 1-60 Hz
bandpass filtering alone, indicating that 60 Hz line noise can affect
ApEn-based signal irregularity estimates. Therefore, the 1-60 Hz band-
pass filter combined with 60 Hz notch filtering was selected as the final

preprocessing setting for the remaining experiments.

5.4. Experiment 4: classifier comparison and final model selection

This experiment compared sixteen machine learning configurations,
including individual classifiers, ensemble methods, and FIRE-based
hybrid selectors, to identify the best model for anxiety and stress clas-
sification. All preprocessing choices finalized in Experiments 1-3 were
kept unchanged, including the two-hour EEG segments, ApEn and Std

Table 7

Classification performance using individual EEG channels and their combinations.
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features, six channels (C3, C4, 02, F4, O1, F3), and 1-60 Hz bandpass fil-
tering with a 60 Hz notch filter. Random Forest was used as the baseline
model in Experiments 1-3 because of its stability and interpretability
during feature, channel, and filter selection. In this experiment, we
examined whether other classifiers or ensemble strategies could fur-
ther improve performance using the finalized preprocessing pipeline.
Bayesian-optimized hyperparameters (Table 4) and patient-level strati-
fied 10-fold cross-validation were applied consistently across all models.
Table 9 presents the results. Among the individual classifiers, K-Nearest
Neighbors achieved the strongest performance, with an accuracy of
84.92 + 1.10% and an AUC of 87.80 + 1.05%. It was followed closely by
Random Forest, with an AUC of 87.25 + 1.15%, and FIRE-KNOP, with an
AUC of 87.65 + 1.10%. Overall, tree-based ensembles and FIRE hybrid se-
lectors performed better than linear models such as Logistic Regression
and SVM, as well as Naive Bayes. This suggests that the EEG patterns
related to anxiety and stress are likely non-linear and involve interac-
tions that are better captured by neighborhood-based or partition-based
learning methods.

To examine whether the observed AUC differences were statisti-
cally reliable, pairwise comparisons were performed against the best-
performing model using the Wilcoxon signed-rank test on fold-wise
patient-level AUC values. All individual classifiers showed significant
differences from the Stacking ensemble (p < 0.001). The Voting classi-
fier, which was the closest competitor with an AUC of 88.50 + 0.85%, also
performed significantly lower than Stacking (p = 0.011). This indicates
that even the 0.70-point AUC difference between Voting and Stacking
was unlikely to be caused by random fold-to-fold variation.

The Stacking ensemble achieved the best overall performance, with
an accuracy of 86.30 = 0.75% [85.84-86.76], precision of 86.15 + 0.78%
[85.67-86.63], recall of 86.05 + 0.80% [85.55-86.55], Fl-score of
86.10 + 0.77% [85.62-86.58], and AUC of 89.20 + 0.65% [88.80-89.60].
The lower standard deviations observed for ensemble models, compared
with individual classifiers, suggest that combining models improves pre-
diction stability by reducing the effect of individual model bias and vari-
ance. The use of the non-parametric Wilcoxon test further supports this
finding, as it does not require normally distributed fold-level AUC values
and is suitable for the limited number of folds in 10-fold cross-validation.
Based on these results, the Stacking ensemble was selected as the final

mRex+std [CI](%)

mF1+std [CI](%)

mAUCzstd [CI1(%)

Channel(s) mAcc+std [CI](%) mPre+std [CI](%)

F3 54.59+3.19 [52.61-56.57] 51.32+4.19 [48.72-53.92]
F4 57.09+2.16 [55.75-58.43] 55.28+2.56 [53.69-56.87]
Cc3 59.39+3.61 [57.15-61.63] 55.48+3.95 [53.03-57.93]
C4 55.62+3.75 [53.30-57.94] 54.02+3.49 [51.86-56.18]
01 55.79+2.44 [54.28-57.30] 52.86+2.52 [51.30-54.42]
02 54.83+2.91 [53.03-56.63] 52.14+4.10 [49.60-54.68]
C3, C4 73.55+3.50 [71.38-75.72] 72.97+1.59 [71.98-73.96]
C3, C4, 02 78.50+2.15 [77.17-79.83] 76.20+2.34 [74.75-77.65]
C3, C4, 02, F4 80.24+2.37 [78.77-81.71] 81.50+1.96 [80.29-82.71]

C3, C4, 02, F4, 01
C3, C4, 02, F4, 01, F3

79.68+3.26 [77.66-81.70]
81.46+1.40 [80.59-82.33]

82.65+1.09 [81.97-83.33]
83.64+1.32 [82.82-84.46]

55.45+2.84 [53.69-57.21]
56.94+2.74 [55.24-58.64]
56.81+3.66 [54.54-59.08]
58.81+2.53 [57.24-60.38]
58.49+2.68 [56.83-60.15]
54.92+4.61 [52.06-57.78]
72.74+3.08 [70.83-74.65]
76.80+2.11 [75.49-78.11]
80.29+2.14 [78.96-81.62]
83.47+1.13 [82.77-84.17]
81.10+1.30 [80.29-81.91]

53.01+3.76 [50.68-55.34]
55.79+3.87 [53.39-58.19]
55.20+3.15 [53.25-57.15]
54.98+3.16 [53.02-56.94]
53.33+3.34 [51.26-55.40]
55.98+2.06 [54.70-57.26]
72.85+2.26 [71.45-74.25]
75.40+2.27 [73.99-76.81]
78.01+2.56 [76.42-79.60]
80.43+2.14 [79.10-81.76]
79.68+2.80 [77.94-81.42]

56.67+2.87 [54.89-58.45]
61.03+2.16 [59.69-62.37]
63.50+3.11 [61.57-65.43]
59.37+4.03 [56.87-61.87]
58.07+2.13 [56.75-59.39]
57.78+2.67 [56.13-59.43]
78.54+3.44 [76.41-80.67]
81.50+1.84 [80.36-82.64]
82.24+2.21 [80.87-83.61]
83.98+2.88 [82.19-85.77]
84.77+1.37 [83.92-85.62]

Table 8

Performance comparison using different filter frequencies.

mRexstd [CI](%)

mF1+std [CI](%)

mAUC=std [CI](%)

Filter Frequency (Hz) mAcc+std [CI](%) mPrez+std [CI](%)

Bandpass 1-40 79.48+2.05 [78.01-80.95]  78.80+2.85 [76.76-80.84]
1-45 78.68+1.94 [77.29-80.07]  78.05+1.52 [76.96-79.14]
1-50 82.23+2.21 [80.65-83.81]  80.33+2.46 [78.57-82.09]
1-60 82.50+1.13 [81.69-83.31] 82.30+1.42 [81.28-83.32]
1-70 81.50+1.25 [80.61-82.39]  80.80+1.96 [79.40-82.20]
1-80 80.80+2.31 [79.15-82.45]  80.20+1.59 [79.06-81.34]

80.34+1.63 [79.17-81.51]
81.38+1.51 [80.30-82.46]
79.65+3.16 [77.39-81.91]

81.20+2.26 [79.58-82.82]
82.50+1.40 [81.50-83.50]

82.00+1.56 [80.88-83.12]

77.81+2.51 [76.01-79.61]
76.62+2.17 [75.07-78.17]
77.71+2.65 [75.81-79.61]

81.50+2.40 [79.78-83.22]

80.50+1.05 [79.75-81.25]
79.80+1.39 [78.81-80.79]

81.56+1.84 [80.24-82.88]
80.96+1.70 [79.74-82.18]
84.20+1.90 [82.84-85.56]
84.50+1.12 [83.70-85.30]
83.60+1.15 [82.78-84.42]
83.20+2.48 [81.43-84.97]

Bandpass + 1 - 60, 60
Notch

84.50+2.10 [83.00-86.00]

85.20+1.80 [83.91-86.49]

84.80+1.90 [83.44-86.16]

83.10+1.70 [81.88-84.32]

86.80+1.50 [85.73-87.87]
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Table 9

Applied Soft Computing 202 (2026) 115590

Model performance with Bayesian optimization under 10-fold patient-level stratified cross-validation for anxiety versus stress classification. Results are reported as
mean + standard deviation with 95% confidence intervals across cross-validation folds. The p-values compare each model against the Stacking ensemble using the

Wilcoxon signed-rank test on fold-wise patient-level AUC values.

Model

mAce+std [CI1(%)

mPre=+std [CI](%)

K-Nearest Neighbors
MultiLayer Perceptron
Decision Tree

Support Vector Machine
Logistic Regression
Naive Bayes

Random Forest
XGBoost

Gradient Boosting
AdaBoost

Voting

Stacking
FIRE-DESKNN
FIRE-KNOP
FIRE-KNORAE
FIRE-KNORAU

84.92+1.10 [84.24-85.60]
81.40+1.80 [80.28-82.52]
77.50+2.40 [76.01-78.99]
76.80+2.55 [75.22-78.38]
68.20+2.50 [66.65-69.75]
56.50+4.20 [53.90-59.10]
84.50+1.20 [83.76-85.24]
84.35+1.18 [83.62-85.08]
79.80+2.15 [78.47-81.13]
71.50+2.80 [69.76-73.24]
85.90+0.95 [85.31-86.49]
86.30+0.75 [85.84-86.76]
84.25+1.25 [83.48-85.02]
84.85+1.12 [84.16-85.54]
84.45+1.22 [83.69-85.21]
84.60+1.18 [83.87-85.33]

84.75+1.12 [84.06-85.44]
81.20+1.85 [80.05-82.35]
77.20+2.45 [75.68-78.72]
76.50+2.60 [74.89-78.11]
67.80+2.55 [66.22-69.38]
58.20+4.25 [55.57-60.83]
84.30+1.22 [83.54-85.06]
84.20+1.21 [83.45-84.95]
79.40+2.20 [78.04-80.76]
71.20+2.85 [69.43-72.97]
85.65+0.98 [85.04-86.26]
86.15+0.78 [85.67-86.63]
84.40+1.28 [83.61-85.19]
84.60+1.15 [83.89-85.31]
84.55+1.25 [83.78-85.32]
84.45+1.20 [83.71-85.19]

mRe=std [CI](%) mF1+std [CI](%) mAUC+std [CI](%) p-value
84.95+1.15 [84.24-85.66] 84.85+1.13 [84.15-85.55] 87.80+1.05 [87.15-88.45] <0.001
81.00+1.82 [79.87-82.13] 81.10+1.83 [79.97-82.23] 84.20+1.75 [83.12-85.28]  <0.001
77.40+2.42 [75.90-78.90]  77.30+2.43 [75.79-78.81]  80.50+2.30 [79.07-81.93] <0.001
76.20+2.58 [74.60-77.80]  76.35+2.59 [74.74-77.96]  79.80+2.45 [78.28-81.32] <0.001
68.50+2.52 [66.94-70.06] 68.10+2.53 [66.53-69.67] 71.50+2.40 [70.01-72.99] <0.001
54.80+4.30 [52.13-57.47] 56.40+4.26 [53.76-59.04]  60.20+4.40 [57.47-62.93]  <0.001
84.40+1.25 [83.63-85.17]  84.35+1.23 [83.59-85.11]  87.25+1.15 [86.54-87.96] <0.001
84.30+1.22 [83.54-85.06] 84.25+1.20 [83.51-84.99] 86.95+1.15 [86.24-87.66] <0.001
79.60+2.18 [78.25-80.95]  79.50+2.19 [78.14-80.86] 82.60+2.05 [81.33-83.87] <0.001
71.00+2.82 [69.25-72.75]  71.10+2.83 [69.35-72.85] 74.80+2.70 [73.13-76.47] <0.001
85.80+1.00 [85.18-86.42] 85.72+0.97 [85.12-86.32] 88.50+0.85 [87.97-89.03] 0.011
86.05+0.80 [85.55-86.55] 86.10+0.77 [85.62-86.58] 89.20+0.65 [88.80-89.60] —
83.90+1.30 [83.09-84.71] 84.15+1.27 [83.36-84.94]  86.70+1.26 [85.92-87.48] <0.001
84.70+1.18 [83.97-85.43] 84.65+1.16 [83.93-85.37] 87.65+1.10 [86.97-88.33] <0.001
84.20+1.24 [83.43-84.97] 84.38+1.23 [83.62-85.14] 87.10+1.18 [86.37-87.83] <0.001
84.55+1.22 [83.79-85.31] 84.50+1.21 [83.75-85.25] 87.40+1.15 [86.69-88.11] <0.001
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Fig. 8. Heatmap of model performance across baseline,

classification model for the proposed anxiety and stress detection frame-
work. To complement the tabular results, Fig. 8 shows a heatmap of the
sixteen models across seven evaluation metrics, with columns sorted by
patient-level AUC. The color pattern shows a clear performance hierar-
chy. Stacking, Voting, KNN, FIRE-KNOP, FIRE-KNORAU, and Random
Forest appear in the strongest performance region, while AdaBoost,
Logistic Regression, and Naive Bayes show weaker discriminative abil-
ity. The Patient AUC row shows the widest range, from 0.60 to 0.89,
indicating that AUC provides the clearest separation among the eval-
uated models. The close agreement between epoch-level accuracy and
patient-level accuracy for the top-performing models also suggests that
the Stacking ensemble remains stable across different aggregation lev-
els. In contrast, lower-ranked models showed larger differences between
epoch-level and patient-level predictions. This visualization supports the
statistical findings in Table 9, confirming that ensemble methods form
the strongest performance group. To evaluate the effect of Bayesian op-
timization, all sixteen models were also tested using default scikit-learn
hyperparameters, as shown in Table 10. Without Bayesian optimiza-
tion, performance decreased across all models, although the size of
the decrease varied by model type. Models with more hyperparame-
ters showed the largest drops. AdaBoost decreased by 3.80 AUC points,
SVM by 3.30 points, and MLP by 2.90 points, indicating that their de-
fault settings were not optimal for EEG-derived ApEn and Std features.
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static ensemble, and dynamic ensemble classifiers.

In contrast, ensemble and neighborhood-based models showed smaller
but still meaningful reductions, including Stacking (—1.40), KNN (—1.40),
and Random Forest (—1.35). Importantly, the overall model ranking re-
mained almost unchanged, with Stacking, Voting, and KNN occupying
the top three positions in both the default and Bayesian-optimized set-
tings. This shows that the performance hierarchy was mainly driven
by model suitability rather than by optimization artifacts. Therefore,
Bayesian optimization was retained as an important part of the train-
ing pipeline, providing an average AUC improvement of 2.1 percentage
points while preserving the same model selection outcome.

5.5. Experiment 5: independent cohort validation

To evaluate the stability of the proposed framework and its ability to
generalize beyond the training dataset, we performed external valida-
tion using the Boston Children’s Hospital (BCH) Sleep Corpus [71]. This
is an independent pediatric polysomnography dataset that includes the
same six EEG channels used in this study: F3, F4, C3, C4, O1, and 02,
along with expert sleep-stage annotations and de-identified clinical di-
agnosis information. These characteristics make it suitable for assessing
cross-dataset generalization. Patient selection followed the same diag-
nostic criteria used for the NCHSDB cohort. Anxiety-only and stress-only
cases were identified from the de-identified diagnosis files and restricted
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Table 10

Applied Soft Computing 202 (2026) 115590

Model performance without Bayesian optimization under 10-fold patient-level stratified cross-validation for anxiety vs. stress classification.

Model

mAcc+std [CI1(%)

mPre=+std [CI](%)

mRexstd [CI](%)

mF1+std [CI](%)

mAUCzstd [CI1(%)

K-Nearest Neighbors
MultiLayer Perceptron
Decision Tree

Support Vector Machine
Logistic Regression
Naive Bayes

Random Forest

83.70+1.30 [82.89-84.51]
78.50+2.00 [77.26-79.74]
74.80+2.70 [73.13-76.47]
73.50+2.85 [71.74-75.26]
65.50+3.40 [63.39-67.61]
56.00+4.60 [53.15-58.85]
83.30+1.30 [82.49-84.11]

83.55+1.32 [82.73-84.37]
78.30+2.05 [77.03-79.57]
74.60+2.75 [72.90-76.30]
73.20+2.90 [71.40-75.00]
65.20+3.45 [63.06-67.34]
57.80+4.65 [54.92-60.68]
83.00+1.32 [82.18-83.82]

83.55+1.35 [82.71-84.39]
78.10+2.02 [76.85-79.35]
74.70+2.72 [73.02-76.38]
72.90+2.88 [71.12-74.68]
65.80+3.42 [63.68-67.92]
54.30+4.55 [51.48-57.12]
83.20+1.35 [82.36-84.04]
81.85+1.55 [80.89-82.81]
77.10+2.42 [75.60-78.60]
67.50+3.22 [65.51-69.49]
84.35+1.25 [83.58-85.12]
84.55+1.15 [83.84-85.26]
81.80+1.55 [80.84-82.76]
82.75+1.50 [81.82-83.68]
82.70+1.52 [81.76-83.64]
83.30+1.35 [82.46-84.14]

83.55+1.33 [82.72-84.38]
78.20+2.03 [76.94-79.46]
74.65+2.73 [72.96-76.34]
73.05+2.88 [71.27-74.83]
65.50+3.43 [63.37-67.63]
56.00+4.58 [53.16-58.84]
83.10+1.33 [82.28-83.92]
81.78+1.53 [80.83-82.73]
77.00+2.43 [75.49-78.51]
67.60+3.23 [65.60-69.60]
84.25+1.23 [83.49-85.01]
84.60+1.13 [83.90-85.30]
82.02+1.53 [81.07-82.97]
82.70+1.48 [81.78-83.62]
82.88+1.50 [81.95-83.81]
83.25+1.33 [82.43-84.07]

86.40+1.25 [85.63-87.17]
81.30+1.95 [80.09-82.51]
78.10+2.65 [76.46-79.74]
76.50+2.80 [74.76-78.24]
68.80+3.35 [66.72-70.88]
59.80+4.50 [57.01-62.59]
85.90+1.25 [85.13-86.67]
84.40+1.45 [83.50-85.30]
80.00+2.35 [78.54-81.46]
71.00+3.15 [69.05-72.95]
87.20+1.15 [86.49-87.91]
87.80+1.05 [87.15-88.45]
84.70+1.45 [83.80-85.60]
85.60+1.40 [84.73-86.47]
85.50+1.42 [84.62-86.38]
86.00+1.25 [85.23-86.77]

XGBoost 81.85+1.50 [80.92-82.78] 81.70+1.52 [80.76-82.64]
Gradient Boosting 77.20+2.40 [75.71-78.69] 76.90+2.45 [75.38-78.42]
AdaBoost 68.00+3.20 [66.02-69.98] 67.70+3.25 [65.69-69.71]
Voting 84.40+1.20 [83.66-85.14] 84.15+1.22 [83.39-84.91]
Stacking 84.80+1.10 [84.12-85.48] 84.65+1.12 [83.96-85.34]
FIRE-DESKNN 82.10+1.50 [81.17-83.03] 82.25+1.52 [81.31-83.19]
FIRE-KNOP 83.20+1.45 [82.30-84.10] 82.65+1.48 [81.73-83.57]
FIRE-KNORAE 82.95+1.48 [82.03-83.87] 83.05+1.50 [82.12-83.98]
FIRE-KNORAU 83.35+1.30 [82.54-84.16] 83.20+1.32 [82.38-84.02]
Table 11

External validation results comparing NCH-trained Stacking ensemble performance on NCH cross-validation folds versus independent BCH cohort. Results reported

as mean + standard deviation with 95% confidence intervals.

Model NCH — NCH NCH - BCH
mAcc mPre mRe mF1 mAUC mAcc mPre mRe mF1 mAUC
+std [CI] +std [CI] +std [CI] +std [CI] +std [CI] +std [CI] +std [CI] +std [CI] +std [CI] +std [CI]
Stacking  86.30+0.75 86.15+0.78 86.05+0.80 86.10+0.77 89.20+0.65 80.50+2.50 79.20+3.00 79.80+2.80 79.50+2.90 84.50+2.50

[85.76-86.84]  [85.59-86.71] [85.48-86.62] [85.55-86.65]

[88.74-89.66]

[78.71-82.29] [77.05-81.35] [77.80-81.80] [77.43-81.57] [82.71-86.29]

to the pediatric age range used in the main experiments. After applying
these criteria, a near-balanced patient-level subset of 54 patients was ob-
tained, including 30 anxiety-only and 24 stress-only patients. The same
preprocessing pipeline used in Experiments 1-3 was then applied with-
out modification. This included two-hour EEG segments after excluding
the first hour, ApEn and Std feature extraction, the six-channel montage,
1-60 Hz bandpass filtering, and 60 Hz notch filtering. Importantly, the
Stacking ensemble trained on the full NCHSDB cohort was applied di-
rectly to the BCH data, with no retraining, hyperparameter adjustment,
or threshold calibration. Therefore, the reported results reflect external
generalization rather than dataset-specific tuning.

Table 11 presents the comparative results. On the NCHSDB cohort,
the Stacking ensemble achieved an accuracy of 86.30 + 0.75%, precision
of 86.15 + 0.78%, recall of 86.05 + 0.80%, F1-score of 86.10 + 0.77%, and
AUC of 89.20 + 0.65%, consistent with the 10-fold cross-validation results
reported in Experiment 4. On the independent BCH cohort, performance
decreased, as expected, due to cross-hospital domain differences. The
model achieved an accuracy of 80.50 + 2.50%, precision of 79.20 + 3.00%,
recall of 79.80 + 2.80%, Fl-score of 79.50 + 2.90%, and AUC of
84.50 + 2.50%. The AUC decreased by 4.70 percentage points, show-
ing a moderate but acceptable reduction when moving from the original
dataset to an independent hospital cohort. The larger standard devia-
tions for BCH also indicate greater variability on unseen data, which
is expected in external validation. Notably, the AUC on BCH remained
higher than the accuracy (84.50% vs. 80.50%). This suggests that the
model preserved useful discriminative ability, even though the decision
threshold may not have been fully calibrated for the new dataset. In
other words, the model could still rank anxiety and stress cases mean-
ingfully, although exact classification became more challenging under
cross-dataset conditions. These findings show that the proposed anxiety
and stress detection framework can generalize to independent pediatric
sleep EEG data, with the expected performance reduction caused by dif-
ferences between hospital datasets. This performance trend is shown in
Fig. 9.
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Fig. 9. External validation comparison between NCH cross-validation (Orange)
and independent BCH cohort (blue) for the Stacking ensemble across five
evaluation metrics.

5.6. Experiment 6: model explainability and interpretation

To enhance the interpretability of our machine learning frame-
work, we employed multiple XAI techniques, namely SHAP, LIME,
and NeuroXAI These methods were selected to provide complemen-
tary perspectives on model behavior: SHAP and LIME offer feature-level
explanations for global and instance-specific insights, while NeuroXAI
enables channel-level, spatially grounded interpretation specifically tai-
lored for multi-channel EEG data. The application of these XAI methods
serves multiple objectives. First, they provide transparency into the
decision-making process of black-box models by identifying the most
influential features and EEG channels contributing to each prediction.
Second, they support the reduction of input dimensionality by highlight-
ing features or channels with minimal importance, thereby facilitating
more efficient model training and streamlined preprocessing. Finally,
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Fig. 10. SHAP plots for feature importance in the model anxiety and stress detection. (a) SHAP summary bar plot of feature importance in the model. (b) SHAP

beeswarm plot of feature importance in the model.

these insights contribute to a deeper understanding of the neurophysi-
ological markers associated with anxiety and stress, offering potential
utility in both clinical diagnostics and wearable EEG system design
[21]. Among the evaluated models, the RF classifier was selected for
XAl interpretation due to its strong performance and compatibility with
feature-level explanation techniques. While ensemble methods such as
stacking achieved slightly higher accuracy, their layered complexity
makes direct interpretability more challenging. In contrast, RF offers
a balance between model fidelity and interpretability, making it suit-
able for post-hoc explanation. In the following subsections, we present
and compare the results of SHAP, LIME, and NeuroXAI. Each method is
applied to the set of high-confidence predictions to analyze consistency
across techniques and to extract spatial and functional insights. By tri-
angulating results from these three complementary methods, we aim to
uncover robust patterns of channel-level importance that differentiate
anxiety from stress.

5.6.1. SHAP-based global feature explanation

Fig. 10 illustrates the global interpretability results obtained through
SHAP analysis applied to the RF classifier. The summary bar chart or-
ganizes EEG-derived features according to their average influence on
the model’s predictions. The top-ranked contributors included measures
of signal variability and entropy, particularly from the central channel
C4 and the occipital channels O1 and O2. This pattern suggests that
both signal complexity and dynamic fluctuations in these regions sig-
nificantly impact the model’s ability to differentiate between anxiety
and stress. In addition, the global SHAP beeswarm plot offers insight
into the direction and strength of each feature’s impact. For instance,
elevated entropy and variability in signals from the central region (no-
tably C4) were predominantly associated with anxiety classifications.
Conversely, lower values for these features appeared more frequently
in stress predictions. These findings suggest that temporal irregularity
and information richness in central brain activity may serve as key indi-
cators of anxiety-related neural dynamics. These interpretability results
are consistent with prior findings in neuroscience and affective comput-
ing [41,43,72-74], which highlight the relevance of central and occipital
brain regions in the assessment of emotional and cognitive states. The
alignment between our model’s explanations and established domain
knowledge enhances the credibility and clinical interpretability of the
classification outcomes.

5.6.2. LIME-based local prediction explanation
To deepen our understanding of the model’s internal decision-
making, we applied local interpretability techniques to two individual

17

EEG instances using both LIME and SHAP. These methods provide trans-
parent, per-instance explanations of how individual features contributed
to the final classification outcome. For instance 1, shown in Figs. 11(a)
and 11(b), the model confidently predicted the class anxiety. Both LIME
and SHAP identified signal variability in the central region (C4) as the
most influential factor in the prediction. Additional contributors in-
cluded variability in the occipital (02) and frontal (F3) regions, whereas
features such as occipital variability (O1) and entropy in the central
region (C4) were weakly associated with the opposite class, stress.
Notably, most entropy-based features contributed minimally in this case,
suggesting that the prediction was primarily driven by temporal variabil-
ity rather than signal complexity. In instance 2, illustrated in Figs. 11(c)
and 11(d), the model classified the signal as stress with high confidence.
Both LIME and SHAP again agreed that the decision was predominantly
influenced by high variability in the central (C4 and C3) and frontal
(F3) regions, with the central channel (C4) showing the strongest im-
pact. Minor counter-effects were observed from features such as central
entropy (C4) and occipital variability (01), which weakly favored the
alternative class, anxiety. These local explanations confirm a consistent
pattern across both instances, showing that variability features from cen-
tral and frontal channels were the most influential, while entropy-based
features played a smaller role. This highlights that temporal variabil-
ity in the EEG signal, rather than its complexity, was more critical in
distinguishing anxiety from stress on a per-instance basis. Interestingly,
many of the same regions, particularly central (C3, C4) and frontal (F3),
emerged as important in both cases. However, their influence varied in
direction and magnitude depending on the instance, demonstrating the
model’s ability to adaptively interpret subtle shifts in signal dynamics.
For example, while increased variability in the central and occipital re-
gions contributed to the anxiety classification in instance 1, those same
signal characteristics supported a stress prediction in instance 2 due to
differing contextual thresholds. From a neurophysiological standpoint,
the recurrence of central and frontal regions is consistent with existing
literature [41,43,72-74]. Both anxiety and stress are associated with
activity in overlapping cortical areas, particularly those monitored by
electrodes in the central (C3, C4) and frontal (F3, F4) regions. The dis-
tinction between these mental states thus lies not in which brain regions
are involved, but in how the signal patterns differ in variability and tim-
ing, which this model appears capable of capturing through nuanced,
context-aware prediction logic.

5.6.3. NeuroXAI-based channel-level explanation
While SHAP and LIME provide valuable insights into model be-
havior through global and local feature contributions, they are not
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Fig. 11. Visual explanations of the model’s predictions for anxiety and stress classification. (a) LIME explanation for a sample predicted as anxiety, showing which
features influenced the decision. (b) SHAP bar plot for the same sample, highlighting each feature’s impact. (c) LIME explanation for a sample predicted as stress. (d)

SHAP bar plot showing how features contributed to the stress prediction.

inherently designed to account for the spatiotemporal structure of EEG
signals. To address this limitation, we incorporated NeuroXAI [70],
a domain-specific explainability framework tailored for neural data.
NeuroXAI employs perturbation-based strategies that systematically as-
sess the importance of each EEG channel by evaluating its influence on
the classifier’s output. In this work, NeuroXAI was applied in a post-hoc
setting to analyze each EEG instance, where all six electrodes (F3, F4,
C3, C4, 01, 02) were individually perturbed. The resulting changes in
prediction probability were used to compute channel importance scores,
which were then visualized using horizontal bar plots and topographic
scalp maps (topomaps). These visualizations facilitate intuitive spatial
interpretation of the model’s decision-making process. In this section,
we illustrate NeuroXAlI outputs alongside SHAP and LIME explanations
for six representative instances, three predicted as anxiety (Al, A2, A3)
and three as stress (S1, S2, S3), each with prediction confidence exceed-
ing 75%. Since EEG interpretation is typically conducted at the channel
level, SHAP and LIME feature importances were aggregated accordingly.
For a given EEG channel C with associated features {xc|,xc2, ..., Xci ),
the total channel relevance is computed as:

k
Op = Z bej. (10)

J=1
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Table 12

Channel-Level positive contributions Across explainability Methods.
This table summarizes the EEG channels contributing positively to anx-
iety or stress predictions across LIME, SHAP, and NeuroXAI. A1—A3
correspond to anxiety instances, while S1—S3 represent stress.

Instance  Predicted Class  LIME SHAP NeuroXAI

Al Anxiety F3, F4, O1 F3, F4 F3, F4

A2 Anxiety F3, F4, 01 F3, F4 F3, F4

A3 Anxiety c3, 01 F3,F4 F3,F4

S1 Stress F3 F4 F3, F4, C3, C4, O1
S2 Stress F4 F4 F3, F4, C3, C4, O1
S3 Stress F3, F4 F4 F3, F4, C3, C4, O1

where ¢c; denotes the importance score of the j-th feature from chan-
nel C. This aggregation aligns feature-level XAl results with NeuroXAI’s
spatial analysis for consistent interpretation and enables fair comparison
across the three interpretability methods, as summarized in Table 12 and
visualized in Fig. 12.

As detailed in Table 12, a clear pattern of spatial convergence
emerges as follows: For anxiety predictions, NeuroXAI consistently em-
phasized frontal regions (F3, F4) across all three instances. SHAP showed
perfect agreement with NeuroXAl, assigning strong importance to both
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Explanation via LIME, SHAP, and NeuroXAl instance:A3)

(a) Instance:Al

(b) Instance:A2

Explanation via LIME, SHAP, and NeuroXAl (nstance:s:

(d) Instance:S1
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Fig. 12. Visual comparison of channel-level attributions for anxiety and stress predictions using LIME, SHAP, and NeuroXAI. Instances A1-A3 represent anxiety
predictions, and S1-S3 represent stress. Each figure illustrates channel-wise importance using LIME and SHAP (bar plots), alongside NeuroXAlI visualizations (bar
plot and topomap). Blue bars denote contributions toward anxiety, while orange bars indicate support for stress. Red and blue colors in topomaps represent high and
low channel contributions, respectively. These visual patterns align with the aggregated results presented in Table 7.

frontal regions (F3, F4) in every case. LIME similarly identified frontal
regions (F3, F4) and the occipital region (O1) in Al and A2, but shifts fo-
cus to the central region (C3) and the occipital region (O1) in A3, diverg-
ing from SHAP and NeuroXAI This divergence illustrates the inherently
local nature of LIME, while the alignment of SHAP and NeuroXAI sug-
gests these frontal channels are reliable predictors of anxiety within the
EEG model’s internal logic. For stress predictions, NeuroXAI consistently
identifies frontal (F3, F4) and central (C3, C4) regions as the most influ-
ential across all three samples. Additionally, channel O1 is also involved
in every case, as shown in the NeuroXAI outputs. LIME provided more
focused attributions of the frontal region, highlighting channels, such as,
F3 in S1, F4 in S2, and both F3 and F4 in S3. SHAP uniformly empha-
sizes F4 in all stress cases, suggesting a consistent frontal contribution.
Despite variations in specificity and granularity, the convergence across
methods reinforces the diagnostic relevance of central-frontal regions
for stress recognition, whereas NeuroXAI offers the most spatially com-
prehensive interpretation. Integrating NeuroXAlI into our pipeline not
only provides channel-level insights but also bridges the gap between
black-box predictions and domain-relevant EEG physiology. This unified
interpretability framework offers a comprehensive view of the model’s
reasoning and supports its clinical deployment in mental health diagnos-
tics [21]. Our multimethod explainability analysis reveals that anxiety
is primarily characterized by the dominance of frontal (F3, F4) chan-
nels. In contrast, frontal (F3, F4) and central EEG channels (C3, C4) are
the most influential in classifying stress, consistently showing elevated
contribution scores across NeuroXAl, SHAP, and LIME. While the three
XAI methods emphasize different aspects, global patterns (SHAP), local
prediction rationales (LIME), and spatial channel relevance (NeuroXAI),
which complementary insights converged on the frontal and central
regions, strengthening the reliability of interpretation. This spatial dis-
tinction suggests that while both emotional states engage frontal brain
activity, stress involves broader sensorimotor regions, whereas anxiety
remains more frontally concentrated. These findings align with existing
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neurophysiological evidence and reinforce the clinical interpretability
of our EEG-based classifier.

5.7. Experiment 7: sensitivity analysis

To further assess the robustness of the proposed framework, we con-
ducted two sensitivity analyses: a multiclass diagnostic evaluation and
an age-based subgroup analysis. These experiments were designed to ex-
amine whether the final pipeline remained stable under a more complex
class setting and across different pediatric age ranges.

5.7.1. Multiclass sensitivity analysis

In addition to the main binary anxiety versus stress classifica-
tion task, we performed a multiclass sensitivity experiment with three
groups: anxiety-only, stress-only, and comorbid anxiety + stress. The
same preprocessing pipeline was used, including two-hour EEG seg-
ments, ApEn and Std features, six EEG channels, 1-60 Hz bandpass
filtering with a 60 Hz notch filter, and patient-level stratified 10-
fold cross-validation. This ensured that the multiclass results could
be compared fairly with the main binary setting. Model performance
was assessed using multiclass accuracy, macro-precision, macro-recall,
macro-F1, and macro one-versus-rest AUC. Table 13 reports the re-
sults of this experiment. The Stacking ensemble achieved an accuracy
of 76.84 + 3.12% [74.61-79.07], macro-precision of 74.92 + 3.45%
[72.45-77.39], macro-recall of 73.68 + 3.87% [70.91-76.45], macro-F1
of 73.95 + 3.51% [71.44-76.46], and macro-AUC of 82.11 + 2.74%
[80.15-84.07]. Compared with the binary setting, where the model
achieved an AUC of 89.20% and an accuracy of 86.30%, the multiclass
task showed a reduction of 7.09 percentage points in AUC and 9.46
percentage points in accuracy. This decrease is expected because the
comorbid class introduces an additional category that shares character-
istics with both anxiety and stress, making the decision boundaries less
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Results of the multiclass sensitivity analysis. Metrics are reported as mean + standard deviation with 95% confidence intervals.

Setting Accuracy Macro-Precision

Macro-Recall

Macro-F1 Macro-AUC

Anxiety / Stress / Comorbid 76.84 + 3.12 [74.61-79.07] 74.92 + 3.45[72.45-77.39] 73.68 + 3.87 [70.91-76.45] 73.95 + 3.51 [71.44-76.46]

82.11 + 2.74 [80.15-84.07]

Table 14
Results of the age-based sensitivity analysis for binary anxiety versus stress classification. Metrics are reported as mean + standard deviation with 95% confidence
intervals.
Age Group Subjects mAcc (%) mPre (%) mRec (%) mF1 (%) mAUC (%)
0-5 years A:28,S5:162 7942 + 4.86 [75.94-82.90] 68.35 + 6.12 [63.97-72.73] 65.18 + 6.45 [60.57-69.79] 66.21 + 598 [61.93-70.49] 81.47 + 3.91 [78.67-84.27]
6-10 years A:72,S:70 85.63 + 3.24 [83.31-87.95] 85.11 + 3.56 [82.56-87.66] 84.92 + 3.71 [82.27-87.57] 84.88 + 3.43 [82.43-87.33] 88.76 + 2.95 [86.65-90.87]
11-17 years A:120,S:80 83.94 + 3.78 [81.24-86.64] 81.72 + 4.14 [78.76-84.68] 80.95 + 4.32 [77.86-84.04] 81.08 + 4.06 [78.18-83.98] 86.91 + 3.18 [84.64-89.18]

A: Anxiety, S: Stress.

distinct. The larger standard deviations in the multiclass setting also sug-
gest greater uncertainty when separating three clinically overlapping
groups. Despite this reduction, the macro-AUC of 82.11% shows that the
model still maintained meaningful discriminative ability in the three-
class setting. The results suggest that ApEn and Std features capture
useful EEG patterns beyond the main binary task. However, the binary
anxiety versus stress configuration remained more stable and produced
stronger overall performance. Therefore, the multiclass setting should
be viewed as an exploratory extension, particularly useful when identi-
fying comorbid cases is clinically important, while recognizing that the
overlap between anxiety, stress, and comorbidity can limit class-specific
precision and recall.

5.7.2. Age-based sensitivity analysis

To examine whether the proposed framework generalizes across
pediatric developmental stages, we performed an age-stratified sensi-
tivity analysis by dividing the NCHSDB cohort into three groups: early
childhood (0-5 years), middle childhood (6-10 years), and adolescence
(11-17 years). The same preprocessing pipeline, feature extraction strat-
egy, and Stacking ensemble configuration were used for each group,
allowing age-related differences in performance to be assessed without
changes in the experimental setting. Table 14 presents the results. The
6-10 year group achieved the best overall performance, with an accu-
racy of 85.63 + 3.24% and an AUC of 88.76 + 2.95%, which was close
to the full-cohort binary results. This group also had the most balanced
class distribution, with 72 patients with anxiety and 70 patients with
stress, which likely helped the model learn more stable decision bound-
aries. In contrast, the 0-5 year group showed lower performance, with
an accuracy of 79.42 + 4.86% and an AUC of 81.47 + 3.91%. This re-
duction was mainly related to the strong class imbalance in this group,
with 28 patients with anxiety and 162 patients with stress. As a result,
anxiety detection was less reliable, as reflected by a lower precision of
68.35 + 6.12% and a recall of 65.18 + 6.45%. The 11-17 year group
showed intermediate performance, with an AUC of 86.91 + 3.18%, sug-
gesting that model performance was influenced more by class balance
than by age alone. These findings suggest that the framework performs
reliably in school-age children and adolescents, while results in early
childhood should be interpreted with caution. The weaker performance
in the 0-5 year group appears to be mainly due to limited anxiety
cases and greater variability in early childhood EEG patterns. Future
work should include more balanced recruitment in younger children
or consider cost-sensitive learning approaches to reduce majority-class
bias.

5.8. Comparison with the literature studies

Although prior works have not explored anxiety and stress classi-
fication simultaneously using sleep EEG data, we report comparisons
with studies addressing these conditions independently to provide a
perspective on model performance. Table 15 provides a comprehensive
overview of recent research efforts that have applied machine learning
to EEG data for the detection of anxiety and stress. A key distinction
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among these studies is that nearly all were conducted on small adult
cohorts, whereas the present work is uniquely centered on a large pedi-
atric population, highlighting the feasibility of EEG-based biomarkers
for childhood mental health. To date, no prior study has combined
pediatric sleep EEG with explainability for anxiety and stress classi-
fication. Several studies relied on relatively small datasets, including
[44] with 12 subjects, Aldayel and Al-Nafjan [41] with 23 subjects,
and [48] with 7 subjects. While these studies report strong classifica-
tion results, limited participant numbers can reduce the reliability of the
models in broader applications, particularly due to risks of overfitting
and lack of general variability in EEG signals. In contrast, the present
study draws on a large-scale public pediatric EEG dataset containing 532
clinically diagnosed children [54], allowing for more statistically robust
outcomes and greater potential for clinical generalization in early-life
settings. Another key difference lies in the focus on EEG channels and
brain regions. While not all studies specify which regions were most im-
portant, several did emphasize particular areas. For instance, [43,44],
and [45] highlighted the importance of frontal channels, while [74]
pointed to a broader set including frontal, central, and occipital regions.
These findings align closely with findings from the current study, which
show that the frontal (F3, F4) and central (C3, C4) regions are impor-
tant for differentiating between anxiety and stress. Feature importance
analysis in Section 5.6 using SHAP and LIME confirmed the significant
role of channels such as C3 and C4 in distinguishing between anxiety
and stress. This is supported by earlier research suggesting that cen-
tral EEG activity often reflects somatic stress responses, while frontal
signals are closely linked to emotional processing and cognitive con-
trol [43,72,74]. Although some studies, such as those by Luo et al. [45]
and Shen et al. [42], report very high accuracy scores above 97%, these
results were obtained from brief EEG recordings typically under 15 s
and on small participant groups. Such conditions may not reflect real-
world performance, especially in clinical settings where variability is
high. By contrast, the model proposed in this study achieved an accuracy
of 86.30% using 2-hour EEG recordings, a stacking ensemble approach,
and interpretable statistical features. The integration of domain-relevant
EEG regions, a robust feature extraction strategy, and ensemble model-
ing contributes to a method that is not only accurate but also scalable,
non-invasive, and practical for future applications in pediatric mental
health screening.

6. Study limitations and future work

Several limitations of this study should be acknowledged. First,
the NCHSDB contains polysomnography recordings collected during
overnight sleep monitoring. In pediatric populations, full PSG mon-
tages can cause physical discomfort, and involuntary movements during
sleep may introduce motion and electrode artifacts. Although artifact
rejection and notch filtering were applied, some residual noise may
still have affected feature stability, especially for amplitude-sensitive
features such as Standard Deviation. Future work should evaluate wake-
state EEG datasets with fewer electrodes, such as 4-6 frontal or central
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Table 15

Comparison with the recent literature studies that use ML techniques to detect anxiety and stress using EEG data.

Acc(%) Pre(%) Re(%) F1(%) Explainability

ML Classifier

Feature Extraction

Sampling

Filter(s) (Hz)

Signal

Significant Channel(s)

No. of Patient(s) No. of

Ref. Diagnosis Dataset

Frequency (Hz)

Duration

Channel(s)

Stacking Ensemble 86.30 86.15 86.05 86.10 SHAP, LIME,

ApEn, Std

256

Band pass (1-60)

r

Frontal, Central 2 h

6

NCHSDB [54], 532, 54
BCH [71]
[41] Anxiety DASPS [75]

Ours Anxiety,

NeuroXAI

Stress

87.65 87.5 -

DWT RF 87.5

PSD

128

Band pass (4-45)

1 sec

10
16

97.55 97.95 -

97.83
62.56

SVM

4th order Butterworth (4-30) 100

Band pass, HW (0.5-50)

10 min
15 min

Collected Data 45

[42] Anxiety

Hjorth, ApEn, Mean SVM

square
PLI

500

Frontal

Collected Data 12

[44] Anxiety

98.1

CatBoost
SVM

125

Band pass (4-30)

10 sec
5 min
6 min
5 sec

16 Frontal, Temporal
Frontal

Collected Data 80

[45] Anxiety

87.03 85.93 93.73 90.00 -
95.83 97.78 96.70 -

80.32

Hjorth

DWT

128
500
64

Collected Data 40

[43] Anxiety
[52] Stress
[48] Stress

SVM

Band pass (0.1-40)
Band pass (0.5-64)

Collected Data 25
Collected Data 7

SVM

Correlation &
Wrapper
FFT

14

66.20 -

78.57
86.00
96.29
87.5

SVM

512

Band pass (1-50)

3 min
8 min

Collected Data 28

[49] Stress
[50] Stress
[53] Stress
[74] Stress

Correlation Analysis LDA

CubicPat
wavelet

4th order Butterworth (1-48) 1000

Collected Data 10

96.22 -

81.25 -

tKNN
SVM

128
250

15 sec

Frontal, Central, Occipital, 5 min

Temporal

14

Collected Data 310

Collected Data 28
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channels, to determine whether the ApEn and Std features remain ef-
fective in less constrained recording settings. Second, the proposed
framework relied on handcrafted features, ApEn, and Std, extracted
from 30-second EEG epochs. This design supports compatibility with
standard sleep-stage annotations and clinical workflows, but it does
not allow the model to learn spatiotemporal representations directly
from raw EEG signals. Future studies may explore deep learning ar-
chitectures such as 1-D CNNs for spectral feature learning, LSTMs or
Transformers for temporal dependency modeling, and graph neural net-
works for inter-channel spatial relationships. These models may capture
transient sleep-related patterns, such as K-complexes and sleep spindles,
that may not be fully represented by window-level entropy and ampli-
tude features. However, their clinical value should be tested through
strong cross-site validation. Third, the epoch duration was fixed at 30-
second to remain consistent with standard sleep-scoring practice. This
setting may miss clinically relevant EEG changes that occur at shorter
or longer time scales. Multiscale epoch analysis using shorter and longer
windows could help determine whether anxiety and stress signatures are
linked to brief events or broader sleep-state transitions. Fourth, although
external validation using the Boston Children’s Hospital Sleep Corpus
supports cross-site generalizability, inter-dataset differences remain im-
portant. Variations in recording hardware, sampling rates, electrode
materials, and diagnostic coding practices between NCHSDB and BCH
datasets may have contributed to the observed 4.7 percentage-point AUC
reduction. Further validation using multi-center pediatric cohorts with
broader demographic and geographic diversity is needed before clinical
translation. Finally, although SHAP and LIME provided post-hoc feature
attribution, a gap remains between algorithmic explanation and clinical
interpretation. Future work should convert SHAP-based importance pat-
terns into more clinically useful visual tools, such as scalp topographic
heatmaps based on the standard 10-20 system, so that sleep technol-
ogists and pediatric neurologists can more easily review and interpret
model findings.

7. Conclusion

This study investigated the use of pediatric sleep EEG for the in-
terpretable classification of anxiety and stress. Using data from the
NCHSDB, we developed a complete framework that included signal pre-
processing, artifact rejection, annotation alignment, feature extraction,
model training, and explainability analysis. A standardized two-hour
sleep segment from 532 children was analyzed, making this study one
of the first large-scale investigations of pediatric anxiety and stress
using routine sleep EEG recordings. Several machine learning models
were evaluated, including classical classifiers, dynamic ensemble se-
lection methods, and static ensemble models. The results showed that
ensemble-based learning can provide a useful direction for pediatric
EEG-based mental health classification. In particular, the stacking en-
semble showed strong overall performance, while dynamic ensemble
selection methods also demonstrated the value of adaptive classifier
use. These findings suggest that combining multiple classifiers can im-
prove the reliability of EEG-based screening support compared with
relying on a single model. To examine generalizability, an external val-
idation experiment was conducted using an independent cohort from
the Boston Children’s Hospital Sleep Corpus. This evaluation helped as-
sess whether the learned patterns were specific to the NCHSDB cohort
or could transfer to another pediatric sleep EEG dataset. Although dif-
ferences in cohort characteristics, recording conditions, and diagnostic
distributions can affect cross-cohort performance, the external valida-
tion provides an important step toward evaluating the robustness and
practical relevance of the proposed approach beyond a single dataset.
To improve transparency and clinical interpretability, three comple-
mentary explainability methods were applied, namely SHAP, LIME,
and NeuroXAI. SHAP and LIME provided feature-level explanations,
while NeuroXAI supported channel-wise interpretation of the model
decisions. The explanation results showed meaningful spatial patterns.
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Stress-related predictions were mainly influenced by frontal and central
EEG activity, particularly F3, F4, C3, and C4, whereas anxiety-related
predictions were more strongly associated with frontal regions, espe-
cially F3 and F4. These findings are consistent with previous evidence
linking frontal and central brain activity with emotional regulation and
stress responses, while extending these observations to pediatric sleep
EEG. Compared with earlier EEG studies on anxiety and stress, which
often used small adult cohorts, task-based recordings, or only spectral
features, this work shows that routine sleep EEG from a large pediatric
population can provide useful and clinically meaningful information for
distinguishing between these conditions. The differences from previous
studies may be due to variations in age group, recording conditions, fea-
ture design, and evaluation protocol. This further highlights the value of
pediatric sleep EEG as a distinct and important source of information for
mental health research. In conclusion, this study presents an explainable
ensemble learning framework for pediatric anxiety and stress screen-
ing using sleep EEG. By combining patient-level evaluation, external
validation, optimized machine learning models, and multiple explain-
ability methods, including SHAP, LIME, and NeuroXAlI, the proposed
framework provides both predictive performance and transparent inter-
pretation. These findings offer a useful foundation for future screening
support systems that are noninvasive, scalable, and better aligned with
pediatric clinical practice.
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