
Journal of Electronics, Electromedical Engineering, and Medical Informatics                             
Homepage: jeeemi.org; Vol. 8, No. 3, July 2026, pp: 1239-1259                    e-ISSN: 2656-8632 

 

Manuscript received 7 May 2026; Revised 5 July 2026; Accepted 15 July 2026; Available online 23 July 2026 
Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i3.1735 
Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 
International License (CC BY-SA 4.0).  

 1239               

RESEARCH ARTICLE  OPEN ACCESS 

Temporal Deep Learning with Multiscale 
Principal Component Features for Autism 
Classification from Electroencephalographic 
Signals 
 

Muliyadi Muliyadi1 , Melinda Melinda2 , Yuwaldi Away2 , Syahrul Gazali3,4 , Aufa 
Rafiki2 , and W. K. Wong5  
 

1 Doctoral Program in Engineering Science, Postgraduate School, Universitas Syiah Kuala, Banda Aceh, Indonesia. 
2 Department of Electrical and Computer Engineering, Faculty of Engineering, Universitas Syiah Kuala, Banda  
  Aceh, Indonesia. 
3 Department of Neurology, Faculty of Medicine, Universitas Syiah Kuala, Banda Aceh, Indonesia. 
4 Department of Neurology, RSUD dr. Zainoel Abidin, Banda Aceh, Indonesia. 
5 Department of Electrical and Computer Engineering, Faculty of Engineering and Sciences, Curtin University  
  Malaysia, Miri, Malaysia. 

Corresponding author: Melinda Melinda (e-mail: melinda@usk.ac.id), Author(s) Email: Muliyadi Muliyadi (e-mail: 
muliyadi@pnl.ac.id), Yuwaldi Away (e-mail: yuwaldi@usk.ac.id), Syahrul Gazali (e-mail: syahrulsps@usk.ac.id), 
Aufa Rafiki (e-mail: aufa35@mhs.usk.ac.id), W. K. Wong (e-mail: weikitt.w@ieee.org) 

Abstract Autism spectrum disorder (ASD) is a heterogeneous neurodevelopmental condition whose early 

identification remains challenging because clinical assessment still relies heavily on behavioral 

observation and expert judgment. Electroencephalography (EEG) offers a noninvasive approach for 

capturing neural dynamics. Still, EEG-based ASD classification remains difficult because of signal 

nonstationarity, limited sample sizes, and the risk of subject-identity leakage. This study proposes a 

comparative temporal deep learning framework for EEG-based ASD classification by evaluating principal 

component analysis (PCA) and multiscale principal component analysis (MS-PCA) as feature 

representations combined with a recurrent neural network with bidirectional long short-term memory (RNN-

BiLSTM) and a temporal convolutional network with self-attention (TCN-SA). Resting-state eyes-open EEG 

signals were acquired from only 10 participants, consisting of 5 individuals with ASD and 5 typically 

developing controls, using a 16-channel acquisition system. The signals were filtered using a fourth-order 

Butterworth band-pass filter, transformed into PCA or MS-PCA representations, segmented into 4 s 

windows with 50% overlap, and evaluated using subject-wise 5-fold cross-validation to reduce subject-

identity leakage. The results showed that MS-PCA produced higher descriptive performance than PCA in 

both temporal architectures, with the strongest descriptive result obtained by the MS-PCA + TCN-SA 

scheme, which achieved a mean accuracy of 97.96 ± 2.37% and balanced precision, recall, F1-score, and 

specificity. However, the inferential comparison between PCA and MS-PCA did not reach statistical 

significance at the 0.05 level, and the cohort size was limited to 10 participants. Therefore, these findings 

should be interpreted as preliminary descriptive evidence within the present cohort rather than evidence 

of diagnostic readiness or robust clinical applicability. Larger, independent, and demographically diverse 

EEG datasets with richer clinical characterization are required to confirm the observed trend and evaluate 

the generalizability of the proposed framework. 

Keywords Autism Spectrum Disorder; Electroencephalography; Multiscale Principal Component Analysis; 
Temporal Convolutional Network; Bidirectional Long Short-Term Memory.

I. Introduction 

Autism spectrum disorder (ASD) is a heterogeneous 
neurodevelopmental condition associated with 
impairments in social communication and restricted or 
repetitive patterns of behavior [1], [2]. Early 
identification remains difficult because diagnosis still 

depends heavily on behavioral observation and expert 
judgment, which can be time-consuming and 
influenced by clinical heterogeneity [2], [3]. These 
limitations have encouraged the search for more 
objective biomarkers to complement conventional 
assessment [3], [4]. Electroencephalography (EEG) is 
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a promising modality for ASD-related biomarker 
research because it is noninvasive, relatively low-cost, 
and provides high temporal resolution for capturing 
neural dynamics [4], [5]. Previous studies have 
reported alterations in EEG power, coherence, and 
functional connectivity in ASD across multiple temporal 
and frequency scales [6], [7]. However, scalp EEG 
signals are highly variable, nonstationary, and 
susceptible to diverse artifacts, making rigorous data 
quality control and preprocessing essential before 
modeling [8], [9], [10]. This challenge becomes more 
critical in studies with limited sample sizes, where 
instability of learned EEG features and model-selection 
choices may reduce robustness and generalizability 
[11], [12]. 

Feature extraction is, therefore, an important step in 
constructing compact and informative EEG 
representations. Principal component analysis (PCA) 
has been widely used to reduce inter-channel 
redundancy and summarize complex time-frequency or 
multichannel EEG structure by projecting data onto 
orthogonal components ordered by explained variance 
[11], [13], [14]. However, conventional PCA provides a 
single-scale linear projection and may not sufficiently 
preserve localized temporal patterns in nonstationary 
EEG signals. Multiscale principal component analysis 
(MS-PCA) offers a potential alternative because it can 
represent complementary signal structures across 
multiple temporal scales [11], [15]. More broadly, 
recent EEG-based machine-learning studies have 
emphasized the importance of feature engineering and 
model selection for biomarker-oriented classification 
pipelines [16]. In autism-related EEG research, 
structured feature representations, including network-
topology and graph-based features, have also shown 
potential for improving discriminative learning from 
complex neural signals [17], [18], [19]. 

After feature extraction, temporal modeling is 
needed to learn dependencies within EEG windows. 
Recurrent architectures, including bidirectional long 
short-term memory (BiLSTM) networks, have been 
used for EEG sequence learning and classification 
because they can model temporal dependencies in 
sequential data [20], [21]. Related EEG studies have 
also shown that recurrent models can outperform more 
conventional baselines in sequence-oriented settings 
[22]. In parallel, temporal convolutional networks 
(TCNs) can enlarge the effective receptive field through 
dilated convolutions while maintaining efficient 
optimization on long sequences [23]. When combined 
with self-attention, temporal models may further 
emphasize informative temporal patterns within EEG 
sequences [24]. Recent autism-focused work also 
indicates that deep architectures combining spatial and 
temporal representations can support EEG-based ASD 
classification research [18], [25]. 

Despite these advances, EEG-based ASD 
classification studies still face two important 
methodological challenges. First, although PCA and 
deep learning models have been widely explored, the 
interaction between multiscale feature representation 
and temporal learning architecture remains less 
frequently evaluated under the same subject-wise 
validation protocol [11], [13], [14], [15], [16], [17], [18], 
[19], [20], [21], [22], [23], [24], [25]. Second, EEG 
classification commonly uses overlapping windows or 
EEG-derived segments, and segment-level splitting 
may overestimate performance when data from the 
same participant appear in both training and testing 
partitions. Therefore, subject-wise fold assignment 
should be performed before feature fitting, 
normalization, windowing, model training, and testing 
to reduce subject-identity leakage [9], [26]. 

To address this focused gap, this study compares 
PCA and MS-PCA feature representations, paired with 
RNN-BiLSTM and TCN-SA models, under a leakage-
aware, subject-wise 5-fold cross-validation protocol. In 
this framework, PCA/MS-PCA fitting and normalization 
parameters are estimated only from training subjects 
and then applied unchanged to held-out subjects. The 
aim is not to claim diagnostic readiness, but to examine 
whether a multiscale, component-based representation 
is associated with descriptive differences in temporal 
learning behavior and classification performance within 
a preliminary EEG-based ASD cohort. 

The main contributions of this study are as follows. 
First, this study proposes a leakage-aware comparative 
EEG classification framework that directly evaluates 
single-scale PCA and MS-PCA feature representations 
for ASD classification. Second, this study investigates 
the interaction between feature representation and 
temporal learning architecture by pairing PCA and MS-
PCA with both RNN-BiLSTM and TCN-SA models. 
Third, this study evaluates the MS-PCA + TCN-SA 
scheme as a multiscale component-based temporal 
learning pipeline for modeling complementary EEG 
structures and within-window temporal dependencies. 
Fourth, this study assesses the proposed schemes 
using subject-wise 5-fold cross-validation, window-
level and subject-level summaries, multiple 
classification metrics, and exact Wilcoxon signed-rank 
testing with rank-biserial correlation. 

The remainder of this paper is organized as follows. 
Section II describes the participants, EEG acquisition 
protocol, preprocessing, feature extraction, temporal 
deep learning models, and statistical analysis. Section 
III presents the training dynamics, classification 
performance, and statistical comparison results. 
Section IV discusses the interpretation of the findings, 
comparison with related studies, limitations, and 
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implications. Section V concludes the study and 
outlines future research directions. 

 

II. Method 

This study implemented a comparative deep learning 
pipeline for classifying autism spectrum disorder and 
typically developing controls using multichannel 
electroencephalographic signals. The workflow 
consisted of participant recruitment, EEG data 
acquisition, subject-wise fold assignment, band-pass 
filtering, feature extraction, windowing, normalization, 
temporal classification, performance evaluation, and 
statistical analysis. Two feature representations were 
compared, namely principal component analysis and 
multiscale principal component analysis. Each 
representation was evaluated using two temporal 
learning models, namely a recurrent neural network 
with bidirectional long short-term memory and a 
temporal convolutional network with self-attention. The 
overall workflow of the proposed study is shown in Fig. 
1.  

Fig. 1 highlights that subject-wise fold assignment 
was performed before window generation and feature 
fitting, which is important because overlapping 
windows from the same participant could otherwise 
introduce subject-identity leakage. 

To further clarify the complete leakage-aware 
implementation procedure, the proposed pipeline is 
summarized in Algorithm 1. The algorithm emphasizes 
that subject-wise fold assignment was performed 
before feature fitting, windowing, normalization, model 
training, and testing. It also shows that PCA/MS-PCA 
parameters and normalization statistics were estimated 
only from the training subjects within each fold and then 
applied unchanged to the held-out subjects.  

 

Algorithm 1. Leakage-aware PCA/MS-PCA temporal 
learning pipeline for EEG-based ASD classification 

Input: EEG recordings from all participants; subject 
labels; feature representations 𝑅 = {PCA,MS-PCA}; 
temporal models 𝑀 = {RNN-BiLSTM, TCN-SA}; number 

of folds 𝐾 = 5. 

Output: Window-level classification metrics, subject-
level majority-voting results, and statistical comparison 
between PCA and MS-PCA schemes. 

1. Assign participants into five subject-wise folds, with 
each test fold containing one ASD participant and 
one typically developing participant. 

2. For each fold 𝑘 = 1,… ,5: 

2.1 Define the training subjects and held-out test 
subjects. 

 
Fig. 1. Overall workflow of the proposed leakage-aware EEG classification pipeline for ASD. The figure 
summarizes the complete pipeline from EEG recordings and subject labels to subject-wise fold assignment, 
preprocessing and feature extraction, temporal learning and testing, output evaluation, and statistical 
analysis. Subject-wise fold assignment is performed before feature fitting, windowing, normalization, model 
training, and model evaluation to reduce subject-identity leakage. 
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2.2 Keep all data from held-out test subjects 
completely separate from the training partition. 

2.3 Apply Butterworth band-pass filtering to the 
EEG recordings according to the predefined 
preprocessing setting. 

3. For each feature representation 𝑟 ∈ 𝑅: 

3.1 Fit PCA or MS-PCA parameters using only the 
training subjects in the current fold. 

3.2 Apply the fitted PCA/MS-PCA transformation 
unchanged to both training subjects and held-
out test subjects. 

3.3 Segment the transformed EEG representations 
into 4 s windows with 50% overlap. 

3.4 Reject windows with amplitudes exceeding the 
predefined artifact threshold. 

3.5 Estimate channel-wise z-score normalization 
parameters using only the training windows. 

3.6 Apply the training-derived normalization 
parameters unchanged to the held-out test 
windows. 

4. For each temporal model 𝑚 ∈ 𝑀: 

4.1 Train the model using only the normalized 
training windows. 

4.2 Test the trained model on the normalized held-
out test windows. 

4.3 Compute window-level predictions and 
aggregate TP, TN, FP, and FN. 

4.4 Calculate accuracy, precision, recall, F1-score, 
and specificity for the current fold. 

4.5 Aggregate window-level predictions within each 
held-out subject using majority voting to obtain 
subject-level predictions. 

5. Repeat Steps 2–4 until every participant appears 
once in the held-out test set.  

6. Aggregate the fold-wise performance metrics 
across the five folds.  

7. Compare PCA and MS-PCA within each temporal 
architecture using the exact Wilcoxon signed-rank 
test based on fold-wise accuracy values.  

8. Calculate rank-biserial correlation to quantify the 
effect magnitude of the paired comparison.  

9. Report window-level metrics, subject-level majority-
voting summaries, confusion matrices, and 
statistical comparison results. 

A. Participants and Data Acquisition 

The study included 10 participants, consisting of 5 

individuals with autism spectrum disorder and 5 typically 

developing (TD) controls. All participants were between 

15 and 25 years of age to reduce age-related variability 

in the electroencephalographic recordings. The ASD 

group consisted of three male and two female 

participants, whereas the TD control group consisted of 

five male participants. The diagnostic labels and 

acquisition protocol were based on the previously 

reported EEG dataset described in [10]. ASD diagnoses 

were confirmed using clinical records at the treating 

facility, whereas the control participants had no reported 

history of neurological or psychiatric disorders. Detailed 

individualized clinical metadata, including standardized 

ASD severity scores, cognitive level, medication status, 

and comorbidity profiles, were not available as complete 

structured variables for all participants in the present 

analysis. Therefore, these variables were not used as 

covariates in model training or statistical comparisons. 

This limitation should be considered when interpreting 

the findings, because the present dataset may not fully 

capture the broader clinical heterogeneity of ASD. 

Written informed consent was obtained from all 

participants or their legal guardians prior to data 

collection. The study protocol was approved by the 

Health Research Ethics Committee of the Faculty of 

Medicine, Universitas Syiah Kuala, Indonesia, with 

approval number 117/EA/FK/2024. Given the limited 

cohort size, this study was designed as a preliminary 

methodological evaluation of PCA/MS-PCA-based 

temporal learning rather than as a population-level 

validation of EEG-based ASD classification. 

 

 
Fig. 2. Electroencephalographic 10–20 electrode 
montage and cortical-lobe anatomy. The figure 
illustrates the 16-channel electrode distribution 
used in this study and shows the cortical regions 
represented by the frontal, temporal, central, 
parietal, and occipital recording sites. 

 

EEG data were recorded under a resting-state eyes-
open condition using a 16-channel OpenBCI Cyton-
based acquisition system [27]. Electrodes were 
positioned according to the international 10–20 system 
at Fp1, Fp2, F7, F3, F4, F8, T7, C3, C4, T8, P7, P3, 
P4, P8, O1, and O2. The electrode layout and cortical-
lobe illustration are presented in Fig. 2. Recordings 
were conducted in the morning in a quiet and controlled 
environment to minimize environmental variability. For 
each participant, the recorded EEG signal lasted 
approximately 15 min. The EEG acquisition procedure, 
from electrode-cap placement to raw data storage, is 
presented schematically in Fig. 3. Raw 
electroencephalographic signals were saved in text 
format together with session notes and quality 
information [27]. 
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Fig. 3. Schematic EEG data acquisition workflow. 
The diagram shows electrode-cap placement, 
OpenBCI Cyton-based signal recording, OpenBCI 
software monitoring, and raw EEG data storage for 
subsequent preprocessing. No identifiable 
participant photograph is shown. 

Fig. 2 clarifies the spatial coverage of the 16-
channel montage used in this study, whereas Fig. 3 
illustrates the practical acquisition procedure from cap 
placement to raw EEG storage, supporting 
reproducibility of the recording protocol. 

B. Leakage-Aware Cross-Validation Protocol 

To minimize the risk of subject-identity leakage from 
overlapping EEG windows, the cross-validation 
procedure was defined at the participant level before 
any feature fitting, normalization, windowing, model 
training, or evaluation was performed. The 10 
participants were divided into five subject-wise folds, 
with each held-out test fold containing one ASD 
participant and one typically developing participant. In 
each fold, all data from the held-out participants were 
kept completely separate from the training partition. 
Consequently, all overlapping windows for a given 
participant remained exclusively within a single 
partition and were never split between training and 
testing. 

PCA and MS-PCA fitting were performed using only 
the training subjects within each fold. The resulting 
projection matrices, retained components, and 
multiscale transformation parameters were then 
applied unchanged to the corresponding held-out test 
subjects. Similarly, channel-wise z-score normalization 
parameters were estimated only from the training 
partition and then applied to the held-out data without 
recalculation. The held-out test folds were not used for 
feature fitting, normalization-parameter estimation, 
hyperparameter selection, early stopping, or model 
selection, but only for final performance evaluation. 
This fold-wise procedure was repeated until each 
participant appeared once in the held-out test set. 

C. Butterworth Band-Pass Filtering 

Within each subject-wise fold, the continuous raw 
electroencephalographic signals were first processed 
using a fourth-order Butterworth band-pass filter with 
cut-off frequencies of 0.5–40 Hz. The filter was applied 

in a forward–reverse manner to obtain zero-phase 
filtering while suppressing low-frequency drift and high-
frequency noise [8], [10]. As illustrated in Fig. 4, the 
filtering stage was intended to reduce baseline drift and 
high-frequency noise while retaining the 0.5–40 Hz 
EEG range used for feature extraction. After 
Butterworth band-pass filtering, the filtered signals 
were forwarded to two alternative feature-generation 
branches, namely principal component analysis and 
multiscale principal component analysis, following the 
overall workflow shown in Fig. 1 [15], [28]. Fig. 5 
illustrates the PCA and MS-PCA feature-generation 
workflows, including training-fold fitting and application 
of the fitted transformations to held-out subjects. 

EEG signal quality was controlled during acquisition 
by conducting recordings in a quiet environment, 
checking electrode contact before data collection, and 
documenting session-level quality information together 
with the raw EEG files. After acquisition, the continuous 
EEG recordings were screened to identify channels or 
segments with abnormally large amplitudes, unstable 
contact, or nonphysiological signal patterns. The main 
preprocessing steps consisted of zero-phase 
Butterworth band-pass filtering and amplitude-based 
window rejection. Windows with amplitudes exceeding 
±100 μV were discarded to reduce the influence of 
large residual artifacts, including abrupt movement-
related artifacts. Because no dedicated 
electrooculography or electromyography channels 
were recorded, eye-movement and muscle-related 
artifacts were not removed using independent 
component analysis or regression-based correction. 
This limitation is acknowledged because residual 
ocular, muscular, or bad-channel artifacts may still 
affect the extracted EEG features. Numerical electrode 
impedance values were not available for all recordings; 
therefore, electrode-contact stability and session-level 
signal quality were checked and documented before 
data collection. 

D. Principal Component Analysis 

Principal component analysis was used as the first 
feature-generation branch to reduce inter-channel 
redundancy and obtain an orthogonal representation 
for downstream temporal modeling [13], [14]. The 
conceptual workflow of PCA and its distinction from 
MS-PCA are illustrated in Fig. 5(a). The equations in 
the feature-extraction subsections are used to define 
the exact transformations applied in the 
implementation. Specifically, they describe how the 
filtered multichannel EEG matrix was transformed into 
either a single-scale PCA representation or a 
multiscale PCA representation before windowing and 
temporal classification. All feature-fitting operations 
described by these equations were performed only on 
the training subjects within each fold and then applied 
unchanged to the corresponding held-out subjects. 
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The PCA formulation in Eqs. (1)–(4) follows the 
standard covariance-based PCA procedure commonly 
used for dimensionality reduction, redundancy 
reduction, and orthogonal EEG feature representation 
[13], [14]. For each fold, the filtered multichannel EEG 
signal was arranged as a time-by-channel matrix (Eq. 
(1) [13], [14]): 

𝐗 ∈ ℝ𝑻×𝑪 (1) 

where 𝑇 denotes the number of time samples and 𝐶 

denotes the number of EEG channels. Before 
covariance estimation, 𝐗 was mean-centered channel-

wise. The covariance matrix was computed as Eq. (2) 
[13], [14]: 

𝚺 =
1

𝑇 − 1
𝐗⊤𝐗 (2) 

where 𝚺 ∈ ℝ𝐶×𝐶 denotes the channel covariance matrix 

and (⋅)⊤ denotes matrix transpose. Eigenvalue 

decomposition was then performed as Eq. (3): 

𝚺𝐕 = 𝐕𝚲 (3) 

where 𝐕 contains the eigenvectors and 𝚲 is the 

diagonal matrix of eigenvalues sorted in descending 
order. The filtered signal was then projected onto the 
retained principal components as Eq. (4): 

𝐒PCA = 𝐗𝐕𝑘 (4) 

where 𝐒PCA ∈ ℝ𝑇×𝑘 denotes the PCA score matrix and 

𝐕𝑘 contains the first 𝑘 eigenvectors. In this study, 𝑘 =
16 principal components were retained. The final PCA 

representation was expressed as 𝐙PCA = 𝐒PCA
⊤ ∈ ℝ16×𝑇, 

enabling direct comparison with the MS-PCA branch. 
In the implementation, Eqs. (1)–(4) correspond to the 
fold-wise PCA procedure: arranging the filtered EEG 

signal into a time-by-channel matrix, estimating the 
training-fold covariance matrix, computing the 
eigenvector basis, and projecting both training and 
held-out data onto the retained 16 principal 
components. The PCA projection basis was estimated 
only from the training subjects within each fold and then 
applied unchanged to the corresponding held-out test 
subjects; no held-out test data were used in covariance 
estimation, eigenvector computation, or component 
selection [9].  

E. Multiscale Principal Component Analysis 

Multiscale principal component analysis was used as 
the second feature-generation branch to capture the 
structure of the EEG signal across multiple temporal 
scales [15]. The conceptual workflow of the MS-PCA 
branch is illustrated in Fig. 5(b). In this approach, the 
Butterworth-filtered EEG signal 𝐗 was first smoothed 

using Gaussian kernels with different scale 
parameters, and PCA was then applied independently 
at each scale. The MS-PCA formulation in Eqs. (5)–
(10) follows the standard multiscale PCA concept, in 
which smoothed representations are generated at 
multiple temporal scales before PCA is applied at each 
scale [15]. The Gaussian kernel was defined as Eq. (5): 

𝑔𝜎(𝜏) =
1

√2𝜋𝜎
exp(−

𝜏2

2𝜎2
) (5) 

where 𝜎 denotes the smoothing scale and 𝜏 denotes 

the temporal lag. The smoothed signal at scale 𝜎 was 

obtained as Eq. (6): 

𝐗(𝜎) = 𝐗 ∗ 𝑔𝜎 (6) 

where ∗ denotes one-dimensional convolution along 

the time axis. In this study, four smoothing scales were 

 
Fig. 4. Butterworth band-pass filtering of electroencephalographic signals. The figure illustrates how the 0.5–
40 Hz fourth-order Butterworth filter suppresses low-frequency drift and high-frequency noise while 
preserving the physiologically relevant EEG frequency range used for subsequent feature extraction. 
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used, namely 𝜎 ∈ {1,4,8,16}. For each scale, a separate 

covariance matrix was computed as Eq. (7): 

𝚺(𝜎) =
1

𝑇 − 1
(𝐗(𝜎))

⊤
𝐗(𝜎) (7) 

where 𝚺(𝜎) denotes the covariance matrix at the 

smoothing scale 𝜎. Eigenvalue decomposition was 

then performed as Eq. (8): 

𝚺(𝜎)𝐕(𝜎) = 𝐕(𝜎)𝚲(𝜎) (8) 

where 𝐕(𝜎) contains the eigenvectors and 𝚲(𝜎) is the 

diagonal matrix of eigenvalues for scale 𝜎. The score 

matrix at each scale was obtained by projecting the 
smoothed signal onto the retained principal 
components as Eq. (9): 

𝐒(𝜎) = 𝐗(𝜎)𝐕𝑘𝜎
(𝜎)

 (9) 

where 𝐕𝑘𝜎
(𝜎)

 contains the first 𝑘𝜎 eigenvectors retained 

at scale 𝜎, and 𝐒(𝜎) ∈ ℝ𝑇×𝑘𝜎 denotes the score matrix 

at that scale. In this study, 𝑘𝜎 = 4 principal components 

were retained for each smoothing scale. The score 
matrices from the four scales were concatenated along 
the component dimension as Eq. (10): 

𝐒MSPCA = [𝐒(1) ∥ 𝐒(4) ∥ 𝐒(8) ∥ 𝐒(16)] ∈ ℝ𝑇×16 (10) 

where ∥ denotes concatenation along the feature or 

component dimension. The final MS-PCA 

representation was expressed as 𝐙MSPCA = 𝐒MSPCA
⊤ ∈

ℝ16×𝑇. Thus, each filtered EEG signal was represented 

by 16 pseudo-channels, corresponding to four retained 
components from each of four temporal scales [15].  

In the implementation, Eqs. (5)–(10) define the MS-
PCA branch: the filtered EEG signal was smoothed at 
four temporal scales, PCA was applied separately at 
each scale using only the training subjects, four 
components were retained per scale, and the resulting 
score matrices were concatenated to obtain a 16 × 𝑇 

multiscale pseudo-channel representation. As in the 
PCA branch, all MS-PCA fitting steps, including 
covariance estimation, eigenvector computation, and 
retained-component projection at each temporal scale, 
were performed using only the training subjects within 
each fold and then applied unchanged to the held-out 
test subjects to maintain leakage-free evaluation [9]. 
Fig. 5 provides the key methodological distinction 
between PCA and MS-PCA: PCA extracts components 
from a single filtered representation, whereas MS-PCA 
extracts and concatenates components from multiple 
smoothed temporal scales. 

F. Windowing and Normalization 

After feature generation using either principal 
component analysis or multiscale principal component 
analysis, the resulting signal representations were 
segmented into 4-s windows with 50% overlap, 
following the sequence illustrated in Fig. 1. Let 𝐙 ∈
ℝ𝐶×𝑇 denote the feature representation obtained from 

either branch. The 𝑛-th window was defined as Eq. 

(11): 

 
Fig. 5. PCA and MS-PCA feature-generation workflows for EEG representation. The diagram summarizes the 
single-scale PCA and multiscale PCA branches, including training-fold fitting and application of the fitted 
transformations to held-out subjects. 
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𝐖𝑛 = 𝐙[: , 𝑛𝐿: 𝑛𝐿 +𝑊 − 1] (11) 

where 𝑛 denotes the window index, 𝑊 = 1000 denotes 

the window length, 𝐿 = 500 denotes the stride 

corresponding to 50% overlap at the sampling rate of 
250 Hz, and “:” denotes selection of all feature 
channels. Therefore, each segment contained 
approximately 1000 samples per channel. Windows 
with amplitudes exceeding ±100 𝜇V were discarded to 

reduce the influence of large residual artifacts, 
following standard EEG quality-control practice [8]. 
This stage produced the final input segments used for 
classification. Because fold assignment had been 
completed at the participant level before window 
generation, overlapping windows from the same 
participant were assigned only to the partition of that 
participant and could not appear simultaneously in the 
training and held-out test sets. Following window 
generation, channel-wise z-score normalization was 
applied at the fold level. The mean and standard 
deviation were estimated only from the training 
subjects in each fold and were then applied unchanged 
to the held-out test subjects in order to prevent 
information leakage [9], [28]. The normalized window 
matrix was expressed as Eq. (12): 

𝐖̃𝑛(𝑡, 𝑐) =
𝐖𝑛(𝑡, 𝑐) − 𝜇𝑐

(train)

𝜎𝑐
(train)

 (12) 

where 𝐖̂𝑛(𝑡, 𝑐) denotes the normalized value at time 

index 𝑡 and channel 𝑐 in the 𝑛-th window, 𝐖𝑛(𝑡, 𝑐) 

denotes the original window amplitude, and 𝜇𝑐
(train)

 and 

𝜎𝑐
(train)

 denote the mean and standard deviation 

estimated only from the training data of the 
corresponding fold. In the implementation, Eqs. (11)–
(12) define the segmentation and normalization steps 
used before model input. The window length and stride 
were fixed at 1000 and 500 samples, respectively, and 
the normalization parameters were estimated only from 
the training partition of each fold to prevent information 
leakage. The normalized windowed representations 
obtained from the principal component analysis and 
multiscale principal component analysis branches were 
then used as inputs to the RNN-BiLSTM and TCN-SA 
models. 

G. RNN-BiLSTM 

The first temporal learning model combined a recurrent 
neural network layer with a bidirectional long short-term 
memory layer to capture sequential dependencies in 
both temporal directions [20], [21]. Each input segment 
consisted of 1000 time steps with 16 features per time 
step. Fig. 6 illustrates the hidden-state flow of the 
recurrent unit, whereas Fig. 7 shows how the BiLSTM 
layer combines forward and backward temporal 
contexts for EEG sequence classification. The 
following equations specify the temporal operations 

represented by the RNN-BiLSTM model used in this 
study. They are included to clarify how sequential EEG 
features were propagated through recurrent hidden 
states, processed in forward and backward temporal 
directions, pooled, and mapped to a binary output. In 
the implementation, these operations were realized 
using PyTorch recurrent and LSTM layers with the 
hyperparameters reported in Table 1. 

 
Fig. 6. Hidden-state flow in an RNN for EEG-based 
classification. The figure illustrates how recurrent 
hidden states transfer temporal information across 
successive EEG time steps before downstream 
bidirectional sequence modelling. 
 

 
Fig. 7. Bidirectional LSTM architecture. The figure 
shows how forward and backward LSTM layers 
process EEG sequences in both temporal 
directions to capture contextual dependencies 
before classification. 

 

The recurrent and LSTM gate equations in Eqs. 
(13)–(24) follow the standard RNN and LSTM 
formulations used for sequence learning [20], [21]. Let 
𝐱𝑡 ∈ ℝ16 denote the feature vector at time step 𝑡. The 

hidden state of the recurrent neural network layer was 
updated as Eq. (13): 

𝐡𝑡 = 𝜙(𝐖𝑥ℎ𝐱𝑡+𝐖ℎℎ𝐡𝑡−1+𝐛ℎ) (13) 

where 𝐡𝑡 denotes the hidden state at time step 𝑡, 𝜙(⋅) 
is a nonlinear activation function, and 𝐖𝑥ℎ, 𝐖ℎℎ , and 𝐛ℎ 

are the learnable parameters. 

The bidirectional long short-term memory layer was 
used to model contextual dependencies in both forward 
and backward directions. For each direction, the input, 
forget, and output gates were defined as Eq. (14), Eq. 
(15), Eq. (16), and Eq. (17): 

𝐢𝑡 = 𝜎(𝐖𝑥𝑖𝐱𝑡+𝐖ℎ𝑖𝐡𝑡−1+𝐛𝑖) (14) 

𝐟𝑡 = 𝜎(𝐖𝑥𝑓𝐱𝑡+𝐖ℎ𝑓𝐡𝑡−1+𝐛𝑓) (15) 
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𝐨𝑡 = 𝜎(𝐖𝑥𝑜𝐱𝑡+𝐖ℎ𝑜𝐡𝑡−1+𝐛𝑜) (16) 

𝐜̃𝑡 = tanh(𝐖𝑥𝑔𝐱𝑡+𝐖ℎ𝑔𝐡𝑡−1+𝐛𝑔) (17) 

where 𝐢𝑡, 𝐟𝑡, and 𝐨𝑡 denote the input, forget, and output 

gates, respectively; 𝐜̃𝑡 denotes the candidate cell state; 

𝜎(⋅) denotes the sigmoid activation function; tanh(⋅) 
denotes the hyperbolic tangent function; and 𝐖 and 𝐛 

terms denote learnable gate-specific weights and 

biases. The cell state and hidden state were then 
updated as Eq. (18) and Eq. (19): 

𝐜𝑡 = 𝐟𝑡 ⊙ 𝐜𝑡−1 + 𝐢𝑡 ⊙ 𝐜̃𝑡 (18) 

𝐡𝑡 = 𝐨𝑡 ⊙ tanh(𝐜𝑡) (19) 

where ⊙ denotes element-wise multiplication. For the 

bidirectional structure, the forward and backward 
hidden representations were computed as Eq. (20) and 
Eq. (21): 

𝐡⃗𝑡 = LSTMfwd(𝐱1:𝑡) (20) 

𝐡⃖𝑡 = LSTMbwd(𝐱𝑇:𝑡) (21) 

where 𝐱1:𝑡 denotes the forward input sequence from 

time step 1 to 𝑡, whereas 𝐱𝑇:𝑡 denotes the backward 

input sequence from time step 𝑇 to 𝑡. The bidirectional 

hidden representation was then formed by 
concatenating the forward and backward outputs: as 
Eq. (22):  

𝐡𝑡
bi = [𝐡⃗𝑡  ;   𝐡⃖𝑡] (22) 

where [  ⋅  ;   ⋅] denotes vector concatenation. The 

sequence-level representation was then pooled over 
time and mapped to a binary output logit as Eq. (23) 
and Eq. (24): 

𝑧 = 𝐖𝑜  Pool ({𝐡𝑡
bi}

𝑡=1

𝑇
) + 𝑏𝑜 (23) 

𝑦̂ = 𝜎(𝑧) (24) 

where Pool(⋅) denotes temporal pooling over the 

sequence dimension, 𝐖𝑜 and 𝑏𝑜 denote the learnable 

output-layer weight and bias, 𝑧 denotes the output logit, 

and 𝑦̂ denotes the predicted probability for the positive 

class. For the principal component analysis 
representation, the model used a recurrent neural 
network layer with 128 hidden units followed by a 
bidirectional long short-term memory layer with 128 
units per direction stacked in four layers. For the 
multiscale principal component analysis 
representation, a lighter configuration was used, 
consisting of a recurrent neural network layer with 32 

hidden units and a bidirectional long short-term 
memory layer with 32 units per direction stacked in two 
layers. In both configurations, the recurrent outputs 
were followed by two fully connected layers and a 
single output logit for binary classification. Dropout was 
applied after the recurrent block and before the dense 
classifier to reduce overfitting [20]. Training was 
conducted using the Adamax optimizer with a learning 
rate of 1 × 10−4, a batch size of 64, and 50 epochs. 

Binary cross-entropy with logits loss was used as the 
optimization objective. The configurations are 
summarized in Table 1. 

H. TCN-SA 

The second temporal learning model was a temporal 
convolutional network with self-attention (TCN-SA), 
which combines dilated causal one-dimensional 
convolutions with an attention-based reweighting 
mechanism [23], [24]. The dilated convolutional blocks 
were used to increase the effective receptive field while 
preserving temporal resolution, whereas the self-
attention layer was used to emphasize informative 
temporal regions within each EEG segment. Fig. 8 
illustrates the residual TCN-SA structure used in this 
study, including dilated temporal convolutions to 
capture a broader temporal context and self-attention 
to emphasize informative EEG time regions. 

The following equations define the main operations 
implemented in the TCN-SA branch. The dilated 
convolution equations describe how the model 
expands the temporal receptive field within each EEG 
window, whereas the self-attention equation describes 

Table 1. RNN-BiLSTM configurations for PCA and MS-PCA. 

Component Hyperparameters PCA MS-PCA 

RNN layer Hidden units 128 32 

BiLSTM layer 
Hidden units per direction 128 32 

Number of layers 4 2 

FC layer Number of FC 2 2 

Output layer Loss BCEWithLogitsLoss BCEWithLogitsLoss 

Training 

Batch size 64 64 

Epochs 50 50 

Optimizer Adamax Adamax 

Learning rate 0.0001 0.0001 
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how informative temporal regions are reweighted 
before binary classification. These operations were 
implemented using the PyTorch model configuration 
summarized in Table 2. The dilated convolution and 
receptive-field formulations in Eqs. (25)–(26) follow the 
standard temporal convolutional network formulation 
[23]. Let 𝐱𝑡 ∈ ℝ16 denote the input feature vector at time 

step 𝑡. A dilated causal convolution with a kernel size 𝑘 

and dilation factor 𝑑 was expressed as Eq. (25): 

𝐲𝑡 =∑𝐖𝑖

𝑘−1

𝑖=0

 𝐱𝑡−𝑑𝑖 + 𝐛 (25) 

where 𝐲𝑡 denotes the convolution output at time step 𝑡, 
𝑖 denotes the kernel lag index, 𝑘 denotes the kernel 

size, 𝑑 denotes the dilation factor, 𝐖𝑖 denotes the 
convolution kernel at lag 𝑖, and 𝐛 denotes the bias term. 

The effective receptive field of a stack of 𝐿 dilated 

convolutional layers was defined as Eq. (26): 

𝑅 = 1 + (𝑘 − 1)∑𝑑ℓ

𝐿

ℓ=1

 (26) 

where 𝑑ℓ denotes the dilation factor in the ℓ-th layer. 

This formulation allows the model to capture a wider 
temporal context without reducing the sequence 
resolution. The self-attention operation in Eq. (27) 
follows the standard scaled dot-product attention 
formulation [24]. Let 𝐇 ∈ ℝ𝑇×𝐷 denote the feature 

sequence produced by the temporal convolutional 
blocks. The self-attention mechanism was then 
computed as: 

Attn(𝐇) = softmax (
(𝐖𝑄)(𝐇𝐖𝐾)

⊤

√𝑑𝑘
)(𝐇𝐖𝑉) (27) 

 
Fig. 8. TCN with self-attention for electroencephalographic classification. The figure illustrates how 
dilated temporal convolutional blocks extract temporal patterns at increasing receptive fields, while the 
self-attention layer emphasizes informative time regions before binary classification. 

Table 2. TCN-SA configurations for PCA and MS-PCA. 

Component Hyperparameters PCA MS-PCA 

TCN blocks 

Channels 32–64–64 16–32–32 

Kernel size 7 5 

Dilations 1–2–4 1–2–4 

Self-attention 
Heads 4 4 

Embedding dimension 64 32 

FC layer Units 1 1 

Output layer Loss BCEWithLogitsLoss BCEWithLogitsLoss 

Training 

Batch size 64 64 

Epochs 50 50 

Optimizer Adamax Adamax 

Learning rate 0.0001 0.0001 

Note: The channel notation 32–64–64 and 16–32–32 denotes the output channel widths of the first, second, and third TCN 
blocks for the PCA and MS-PCA branches, respectively. The dilation notation 1–2–4 denotes the dilation factors applied 
sequentially to the first, second, and third TCN blocks. 
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where 𝐖𝑄, 𝐖𝐾, and 𝐖𝑉 denote the projection matrices 

for query, key, and value, respectively, and 𝑑𝑘 denotes 

the key dimension. The attended feature sequence was 
pooled over time and projected to a single output logit 
as Eq. (28) and Eq. (29): 

𝑧 = 𝐖𝑜  Pool(Attn(𝐇)) + 𝑏𝑜 (28) 

𝑦̂ = 𝜎(𝑧) (29) 

where Pool(⋅) denotes temporal pooling over the 

attended feature sequence, 𝐖𝑜 and 𝑏𝑜 denote the 

learnable output-layer weight and bias of the TCN-SA 
classifier, 𝑧 denotes the output logit, and 𝑦̂ denotes the 

predicted probability for the positive class. The model 
was optimized using binary cross-entropy with logits 
loss as Eq. (30): 

𝐿 = 𝐵𝐶𝐸𝑊𝑖𝑡ℎ𝐿𝑜𝑔𝑖𝑡𝑠𝐿𝑜𝑠𝑠(𝑧, 𝑦) (30) 

where 𝑦 denotes the ground-truth class label. For the 

PCA representation, the TCN used three dilated 
convolutional blocks with channel widths of 32, 64, and 
64, a kernel size of 7, and dilation rates of 1, 2, and 4. 
The self-attention block used four heads with an 
embedding dimension of 64. For the MS-PCA 
representation, a lighter configuration was adopted, 
with channel widths of 16, 32, and 32, a kernel size of 
5, and the same dilation schedule. In this branch, the 
self-attention block used four heads with an embedding 
dimension of 32. Each convolutional block was 
followed by batch normalization, rectified linear unit 
activation, and dropout, and a 1 × 1 convolution was 

used in the residual shortcut when channel alignment 
was required [29], [30]. The configurations are 
summarized in Table 2. The output of the TCN-SA 
block was pooled over time and projected to a single 
output logit. Training was performed using the Adamax 
optimizer with a learning rate of 1 × 10−4, a batch size 

of 64, and 50 epochs. Binary cross-entropy with logits 
loss was used as the training objective in both feature-
representation settings. 

The PCA and MS-PCA branches used branch-
specific model configurations, as summarized in Table 
1 and Table 2. The MS-PCA-based models used lighter 
configurations because the multiscale representation 
already combined complementary components from 
multiple temporal smoothing scales, and a more 
compact downstream model was used to reduce the 
risk of over-parameterization in the limited cohort. 
These configurations were fixed before the final 
subject-wise cross-validation evaluation, and the held-
out test folds were not used for hyperparameter 
selection, early stopping, or model selection. 
Therefore, the comparison in this study should be 
interpreted as a predefined pipeline-level comparison 
between PCA-based and MS-PCA-based schemes 
rather than as a strict capacity-matched ablation 
isolating the independent effect of the feature 

representation alone. This design choice is 
acknowledged as a methodological limitation, and 
future work should include identical-capacity 
architectures and systematic hyperparameter 
optimization for all schemes. 

I. Evaluation and Statistical Analysis 

Model performance was evaluated using subject-wise 
5-fold cross-validation, with each test fold containing 
data from participants not seen during training in order 
to reduce subject-identity leakage [9]. For each 
configuration, classification performance was 
summarized using accuracy, precision, recall, F1-
score, and specificity [24]. Confusion matrices and 
training trajectories were also examined to describe 
error balance and optimization behavior. The 
evaluation equations are included to make explicit how 
window-level classification performance was computed 
from the aggregated confusion matrices. TP, TN, FP, 
and FN were obtained from the held-out subject-wise 
test windows, and the resulting metrics were 
summarized across the five folds. The window-level 
evaluation metrics in Eqs. (31)–(35) follow standard 
binary classification performance definitions [24]. Let 
𝑇𝑃, 𝑇𝑁, 𝐹𝑃, and 𝐹𝑁 denote the numbers of true 

positives, true negatives, false positives, and false 
negatives, respectively. The evaluation metrics were 
defined as 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (31) 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (32) 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (33) 

F1-score =
2 ⋅ Precision ⋅ Recall

Precision + Recall
 (34) 

Specificity =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 (35) 

To complement the window-level evaluation, 
subject-level performance was also assessed by 
aggregating the window-level predictions within each 
held-out participant. Because each test fold contained 
one ASD participant and one TD participant, the fold-
wise window counts corresponded to the held-out 
subject counts within each class. For a given subject, 
the predicted subject label was assigned using majority 
voting across all windows from that subject. 
Specifically, if most windows from a subject were 
predicted as ASD, the subject-level prediction was 
ASD; otherwise, the subject-level prediction was TD. 
The subject-level vote proportion was calculated as the 
number of windows assigned to the majority class 
divided by the total number of windows from that 
subject. This subject-level aggregation was used only 
for descriptive reporting and was not used for 
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hyperparameter tuning or threshold optimization. The 
inferential analysis focused on two a priori planned 
contrasts: PCA versus MS-PCA within the RNN-
BiLSTM architecture, and PCA versus MS-PCA within 
the TCN-SA architecture. Because the paired 
comparisons were obtained from the same subject-
wise folds, the fold-wise test accuracies were treated 
as paired observations. Specifically, the statistical test 
used the five-fold-wise test accuracy values obtained 
from subject-wise 5-fold cross-validation for each 
scheme. Given the small number of folds and the 
bounded nature of accuracy values, statistical 
significance was assessed using the exact Wilcoxon 
signed-rank test rather than a parametric test. The 
significance level was set at 𝛼 = 0.05. The following 

statistical equations define the paired fold-wise 
comparison between PCA and MS-PCA within each 
temporal architecture. They were used to test whether 
the descriptive differences in fold-wise accuracy were 
supported by inferential evidence. The paired-
difference definition in Eq. (36) and the rank-biserial 
correlation in Eq. (37) were used to support the exact 
Wilcoxon signed-rank comparison of fold-wise 
accuracies, following standard nonparametric paired-
comparison and effect-size reporting procedures [31]. 

For a given architecture, let 𝐴𝑓
MS-PCA and 𝐴𝑓

PCA denote 

the test accuracies in fold 𝑓, where 𝑓 = 1,… ,5. The 

paired difference was defined as: 

𝑑𝑓 = 𝐴𝑓
MS-PCA − 𝐴𝑓

PCA (36) 

The null hypothesis stated that the median of the paired 
differences was equal to zero. In addition to the exact 
Wilcoxon signed-rank 𝑝-value, the effect magnitude 

was quantified using the rank-biserial correlation (𝑟𝑟𝑏), 
defined as 

𝑟𝑟𝑏 =
𝑊+ −𝑊−

𝑊+ +𝑊−
 (37) 

where 𝑊+ and 𝑊− denote the sums of positive and 

negative signed ranks, respectively. Positive 𝑟𝑟𝑏 values 

indicate an advantage for the MS-PCA configuration, 
whereas negative values indicate an advantage for the 
PCA configuration. 

J. Implementation and Reproducibility Details 

All signal processing, feature extraction, model training, 

and evaluation procedures were implemented in Python 

3.12.12. Numerical computation and signal processing 

were performed using NumPy 2.0.2, Pandas 2.3.3, and 

SciPy 1.16.3. Machine-learning utilities, cross-validation 

splitting, and evaluation metrics were implemented 

using scikit-learn 1.6.1, while the RNN-BiLSTM and 

TCN-SA models were implemented using PyTorch 

2.10.0+cu128. Experiments were executed on Kaggle 

Notebook under Linux 6.6.122+ x86_64 with glibc 2.35, 

using an Intel Xeon CPU at 2.00 GHz, 4 CPU cores, 

31.35 GB RAM, and two NVIDIA Tesla T4 GPUs, each 

with 15,360 MiB memory. PyTorch CUDA 12.8 and 

cuDNN 9.10.2 were used for GPU acceleration, with 

NVIDIA driver version 580.105.08. 

To improve reproducibility, the same subject-wise fold 

assignments were used across all evaluated schemes. 

Randomness was controlled by fixing the random seed 

to 42 for Python, NumPy, and PyTorch. When GPU 

computation was used, the corresponding CUDA 

random seed was also fixed. Deterministic computation 

settings were enabled where supported, although minor 

numerical variation may still occur because of hardware- 

and backend-dependent GPU operations. The 

hyperparameters reported in Table 1 and Table 2 were 

fixed before the final subject-wise cross-validation 

evaluation. No held-out test fold was used for 

hyperparameter tuning, early stopping, or model 

selection. Therefore, the reported results reflect fixed-

configuration evaluation under the predefined leakage-

aware subject-wise cross-validation protocol rather than 

test-fold-driven hyperparameter optimization. 

Training/evaluation runtime was estimated from the 

execution metadata of the final Kaggle Notebook cells 

used for subject-wise 5-fold cross-validation. The total 

runtime for the 5-fold evaluation was 61.84 min for PCA 

+ RNN-BiLSTM, 4.66 min for MS-PCA + RNN-BiLSTM, 

18.63 min for PCA + TCN-SA, and 23.41 min for MS-

PCA + TCN-SA, corresponding to average runtimes of 

12.37, 0.93, 3.73, and 4.68 min per fold, respectively. 

For the MS-PCA + TCN-SA scheme, the reported 

runtime reflects the end-to-end execution time of the 

corresponding K-fold implementation cell, including 

preprocessing and feature-generation steps contained 

in the same cell.  

 

III. Results 

This section presents the experimental results of the 
four evaluated EEG classification schemes using held-
out subject-wise 5-fold cross-validation. Training 
curves were used to describe optimization behavior 
during model fitting, whereas classification 
performance and statistical comparisons were 
assessed using held-out test folds. The results are 
presented in three parts: training dynamics, 
classification performance, and statistical comparison 
between PCA and MS-PCA. 

A. Training Dynamics 

The training dynamics of the four evaluated schemes 

were examined using fold-wise training accuracy and 

training loss trajectories over 50 epochs. Because no 

separate validation set was used, Fig. 9 and Fig. 10 are 

interpreted as optimization summaries rather than as 
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final evidence of generalization. Final performance was 

assessed using held-out subject-wise test folds. As 

shown in Fig. 9, all schemes showed increasing training 

accuracy across epochs, but their convergence patterns 

differed. PCA + RNN-BiLSTM exhibited the slowest and 

least stable trajectory, whereas MS-PCA + RNN-

BiLSTM showed a clearer increase in training accuracy. 

The TCN-SA-based schemes showed smoother fold-

wise convergence than the recurrent model, with MS-

PCA + TCN-SA producing the most consistent training 

trajectories. The training loss curves in Fig. 10 showed a 

similar pattern. PCA + RNN-BiLSTM produced the most 

fluctuating loss trajectory, whereas MS-PCA + RNN-

BiLSTM showed a more stable downward trend. The 

TCN-SA-based schemes showed more monotonic loss 

reduction, particularly when combined with MS-PCA. 

Overall, the training curves suggest more stable 

optimization for the MS-PCA-based schemes, especially 

MS-PCA + TCN-SA, while final generalization is 

evaluated separately using held-out test performance. 

B. Classification Performance 

The aggregated confusion matrices of the four evaluated 

schemes are presented in Fig. 11, and the 

corresponding classification metrics are summarized in 

Table 3. Each subject-wise test fold contained one ASD 

participant and one TD participant, with ASD/TD window 

counts of 455/439, 446/448, 450/444, 440/454, and 

444/450 from Fold 1 to Fold 5, respectively. Thus, the 

complete 5-fold evaluation included 4,470 held-out 

windows, with 2,235 windows for each class. Using ASD 

as the positive class, the aggregated confusion-matrix 

counts were TP = 2082, TN = 2022, FP = 213, and FN = 

153 for PCA + RNN-BiLSTM; TP = 2164, TN = 2188, FP 

= 47, and FN = 71 for MS-PCA + RNN-BiLSTM; TP = 

2171, TN = 1914, FP = 321, and FN = 64 for PCA + TCN-

SA; and TP = 2183, TN = 2196, FP = 39, and FN = 52 

for MS-PCA + TCN-SA. These counts indicate that the 

MS-PCA-based schemes descriptively reduced both 

false-positive and false-negative errors compared with 

their PCA-based counterparts. As shown in Table 3, MS-

PCA + TCN-SA yielded the highest mean metric values, 

with an accuracy of 97.96 ± 2.37%, precision of 98.37 ± 

3.40%, recall of 97.66 ± 4.39%, F1-score of 97.93 ± 

2.43%, and specificity of 98.27 ± 3.63%. MS-PCA + 

RNN-BiLSTM showed the second-highest descriptive 

performance, while the PCA-based schemes showed 

lower mean metric values. These results indicate a 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 9. Training accuracy curves for the four evaluated schemes. The figure compares fold-wise optimization 
behavior across (a) PCA + RNN-BiLSTM, (b) MS-PCA + RNN-BiLSTM, (c) PCA + TCN-SA, and (d) MS-PCA + 
TCN-SA, showing that the MS-PCA-based schemes, particularly MS-PCA + TCN-SA, achieved faster and more 
stable descriptive convergence. 
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descriptive trend favoring MS-PCA-based 

representations; however, inferential evidence is 

evaluated separately in Section III.C.  Subject-level 

aggregation was performed using majority voting over 

the window-level predictions of each held-out 

participant. All four schemes correctly classified all 10 

held-out participants across the five folds. The 

corresponding majority-vote proportions ranged from 

85.33% to 96.89% for PCA + RNN-BiLSTM, 88.79% to 

99.78% for MS-PCA + RNN-BiLSTM, 70.16% to 

100.00% for PCA + TCN-SA, and 89.91% to 100.00% 

for MS-PCA + TCN-SA. However, because this subject-

level result was based on only 10 participants, it should 

be interpreted as a descriptive subject-level summary 

rather than evidence of robust clinical generalizability. 

C. Statistical Comparison of PCA and MS-PCA 

To determine whether the descriptive performance 

differences in Fig. 11 and Table 3 were supported by 

inferential evidence, paired nonparametric comparisons 

were conducted between PCA and MS-PCA within each 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 10. Aggregated confusion matrices of the four classification schemes on the held-out test data across 
subject-wise 5-fold cross-validation: (a) PCA + RNN-BiLSTM, (b) MS-PCA + RNN-BiLSTM, (c) PCA + TCN-SA, 
and (d) MS-PCA + TCN-SA. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 11. Training loss curves for the four evaluated schemes. The figure compares fold-wise loss reduction 
during training and shows that MS-PCA + TCN-SA suggests descriptively more stable loss reduction, 
whereas PCA + RNN-BiLSTM showed less stable optimization behavior. 
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temporal architecture. As summarized in Table 4, the 

exact Wilcoxon signed-rank test was applied to the 5 

fold-wise test accuracy values, and the rank-biserial 

correlation (𝑟rb) was reported as the effect-size 

measure. For RNN-BiLSTM, the comparison between 

PCA and MS-PCA yielded 𝑊 = 14, 𝑝 = 0.1250, and 

𝑟rb = 0.87, indicating a large positive descriptive effect in 

favor of MS-PCA, but no statistically significant 

difference at the 0.05 level. For TCN-SA, the comparison 

yielded 𝑊 = 15, 𝑝 = 0.0625, and 𝑟rb = 1.00, indicating 

that all fold-wise differences favored MS-PCA, although 

the two-sided exact test remained slightly above the 

conventional significance threshold. Overall, the 

statistical comparison is consistent with a descriptive 

trend favoring MS-PCA within both temporal 

architectures, but it does not provide statistically 

significant evidence of MS-PCA superiority over PCA. 

Therefore, the observed differences should be 

interpreted as preliminary descriptive findings under the 

evaluated configurations, and statistical confirmation 

requires validation using a larger cohort. 

IV. Discussion 

The present study evaluated PCA and MS-PCA feature 

representations combined with RNN-BiLSTM and TCN-

SA models for EEG-based ASD classification under a 

leakage-aware subject-wise cross-validation protocol. 

The results suggested a descriptive trend favoring MS-

PCA-based schemes, particularly MS-PCA + TCN-SA. 

However, the Wilcoxon signed-rank tests did not reach 

statistical significance at the 0.05 level. Therefore, the 

observed differences should be interpreted as 

preliminary descriptive findings rather than statistically 

confirmed superiority of MS-PCA over PCA.The 

descriptive trend favoring MS-PCA may be related to the 

multiscale nature of EEG signals. Conventional PCA 

provides a compact single-scale representation and is 

useful for reducing redundancy, but it may compress 

localized temporal variations in nonstationary EEG data. 

In contrast, MS-PCA extracts components from several 

smoothed temporal scales and concatenates them into 

a compact pseudo-channel representation. This 

procedure may provide temporal learning models with 

complementary signal structures that are less 

accessible from a single-scale PCA representation [11], 

[13], [15]. The TCN-SA architecture appeared to benefit 

most from the MS-PCA representation. Dilated temporal 

convolutions allow TCNs to capture broader temporal 

contexts without reducing sequence resolution, while 

self-attention can emphasize informative temporal 

regions within EEG windows [23], [24]. These 

mechanisms may explain why the MS-PCA + TCN-SA 

scheme showed the most favorable descriptive pattern 

among the evaluated configurations. Nevertheless, this 

interpretation remains descriptive because the study 

used a limited cohort and branch-specific model 

configurations. 

The PCA + TCN-SA result also highlights an important 

error-balance issue. Although this scheme achieved 

high recall, it produced more false-positive predictions 

than the MS-PCA + TCN-SA scheme. In screening-

oriented contexts, a high false-positive rate may 

increase the burden of follow-up assessment. The lower 

false-positive count observed after replacing PCA with 

MS-PCA suggests that the multiscale representation 

may help the TCN-SA model better separate ASD-

related patterns from control variability. However, this 

observation should be interpreted cautiously because it 

was derived from a small subject-wise cross-validation 

setting. The inferential analysis provides an important 

caution. Although the fold-wise trends favored MS-PCA 

in both temporal architectures, the exact Wilcoxon 

signed-rank tests did not reach statistical significance. 

The positive rank-biserial correlations suggest a 

consistent descriptive direction, especially for the TCN-

SA comparison, but the analysis was based on only five 

subject-wise folds. Therefore, the findings should not be 

interpreted as evidence that MS-PCA is statistically 

superior to PCA. Larger cohorts are required to 

determine whether the observed descriptive trend 

remains reliable and generalizable. 

Table 3. Classification performance across 5-fold cross-validation (mean ± std). 

Scheme Accuracy (%) Precision (%) Recall (%) F1-score (%) Specificity (%) 

PCA + RNN-BiLSTM 91.81 ± 2.01 90.78 ± 2.76 93.16 ± 2.69 91.92 ± 1.94 90.47 ± 3.12 

MS-PCA + RNN-BiLSTM 97.36 ± 4.33 97.86 ± 4.16 96.83 ± 4.66 97.34 ± 4.38 97.90 ± 4.07 

PCA + TCN-SA 91.39 ± 4.90 88.31 ± 9.57 97.13 ± 6.17 92.04 ± 4.05 85.56 ± 12.63 

MS-PCA + TCN-SA 97.96 ± 2.37 98.37 ± 3.40 97.66 ± 4.39 97.93 ± 2.43 98.27 ± 3.63 

 

Table 4. Exact Wilcoxon signed-rank comparison of PCA and MS-PCA based on fold-wise test accuracies. 

Comparison (𝒏) Statistic (𝑾) (𝒑)-value Effect size (𝒓𝒓𝒃) Conclusion 

MS-PCA + RNN-BiLSTM vs. PCA + RNN-BiLSTM 5 14 0.1250 0.87 Not significant 

MS-PCA + TCN-SA vs. PCA + TCN-SA 5 15 0.0625 1.00 Not significant 
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From a clinical perspective, the present findings 

should be interpreted as preliminary methodological 

evidence rather than as evidence of diagnostic 

readiness or clinical deployment. The dataset included 

only 10 participants, the fold-wise statistical 

comparisons between PCA and MS-PCA did not reach 

statistical significance, and detailed individualized 

clinical metadata were not available as complete 

structured variables for all participants. Therefore, the 

proposed framework should not be used to support 

clinical diagnosis, screening decisions, or patient-level 

decision-making in its current form. Its implication is 

limited to showing that leakage-aware evaluation and 

multiscale component-based EEG representation may 

be useful directions for future EEG-based ASD 

research. Clinical translation would require larger 

independent cohorts, richer clinical characterization, 

prospective validation, standardized artifact-control 

procedures, and comparison with established clinical 

assessment workflows. 

These results are broadly consistent with previous 

work showing that feature construction and model 

Table 5. Comparison of representative EEG-based ASD classification studies with the proposed framework. 

Study Sample Size Features Classifier 
Validation 
Strategy / 

Leakage Control 
Results 

Key Comparability 
Notes 

Rogala et 
al. (2023) 
[12] 

18 ASD, 18 
TD 

Spectral power, 
PLV, and ciPLV 

EEG connectivity 
features 

L2-
regularized 

logistic 
regression 

Nested CV with 6 
outer and 5 inner 
splits; additional 

LOO subject-level 
prediction 

Acc 0.86 
using 
ciPLV 

Small retrospective 
clinical cohort; high-

dimensional connectivity 
features relative to 

sample size; no 
independent external 

validation 

Ke et al. 
(2024) [7] 

246 ASD, 42 
controls 

Spectral power, 
spectral 

coherence, 
connectivity, 

complexity, and 
time-domain EEG 

features 

Ridge logistic 
regression 
with feature 

selection 

Nested LOOCV 
ROC-

AUC 0.65 

Class imbalance; 
modest discrimination; 

no independent external 
test set; possible 

inflated performance 
risk. 

Tawhid et 
al. (2021) 
[32] 

KAU EEG 
dataset, 16 

subjects 

STFT 
spectrogram EEG 

images 

CNN-based 
deep learning 

model 

70% training, 15% 
validation, 15% 
testing; subject-

wise leakage 
control not clearly 
equivalent to the 
present protocol 

Acc 
99.15% 

Small dataset; EEG-
derived image split may 

risk subject-identity 
leakage if subject-wise 

separation is not 
explicitly enforced; no 

external validation. 

Torghabeh 
et al. (2024) 
[33] 

34 ASD, 11 
normal EEG 

samples 

Scalogram EEG 
images 

Hybrid CNN-
LSTM deep 

transfer 
learning 

Older-than-5 
subjects for 

training; younger 
subjects for 
validation 

Acc 
99.50% / 
98.43% 

Class imbalance; age-
based validation; limited 
external generalization. 

Xu et al. 
(2024) [25] 

30 ASD, 30 
TD 

Time-series maps 
of brain functional 

connectivity 

Combined 
CNN-LSTM 

model 

Subject-wise 10-
fold CV 

Acc 
95.60% 

Complex connectivity-
map pipeline; 

performance depends 
on connectivity-map 

construction; external 
validation still limited. 

Present 
study 

10 
participants, 
5 ASD and 5 

TD 

PCA and MS-PCA 
temporal 

component 
features 

RNN-BiLSTM 
and TCN-SA 

Leakage-aware 
subject-wise 5-

fold CV 

Acc 
97.96 for 
MS-PCA 
+ TCN-

SA 

Small cohort; non-
significant Wilcoxon 

tests; branch-specific 
model configurations; no 

classical baseline 
classifiers. 
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choice are important in EEG-based classification 

pipelines [11], [16]. They also align with studies 

indicating that structured EEG representations, including 

graph-based and connectivity-based features, can 

support discriminative learning in neurodevelopmental 

applications [17], [18], [19], [25]. The present study 

extends these observations by evaluating a compact 

multiscale PCA representation paired with two temporal 

modeling families under a leakage-aware subject-wise 

validation protocol. 

Table 5 contextualizes the present framework relative 

to representative EEG-based ASD classification studies. 

The comparison emphasizes methodological 

differences in sample size, feature representation, 

classifier design, validation strategy, leakage-control 

consideration, reported results, and key limitations. 

Because the compared studies used different participant 

cohorts, preprocessing procedures, feature types, 

validation protocols, and performance-reporting levels, 

the reported accuracy values should not be interpreted 

as a direct ranking of model superiority. Although Table 

5 summarizes reported performance values, direct 

accuracy comparison across EEG-based ASD studies is 

not methodologically fair. First, the dataset sizes and 

class distributions differ substantially across studies, 

ranging from small cohorts with fewer than 20 

participants to larger, more imbalanced datasets. Small 

datasets may produce unstable fold-wise estimates, 

whereas imbalanced datasets may affect accuracy, 

precision, recall, and ROC-AUC differently. Second, 

validation strategies differ across studies, including 

nested cross-validation, leave-one-out cross-validation, 

fixed training-validation-testing splits, age-based 

validation, and subject-wise cross-validation. These 

protocols do not provide the same level of evidence for 

generalization. Third, leakage control is not equivalent 

across studies. In EEG classification, segment-level or 

image-level splitting can overestimate performance if 

data derived from the same participant appears in both 

training and testing partitions. Therefore, studies that do 

not explicitly perform subject-wise separation before 

feature fitting, windowing, normalization, and model 

evaluation are not directly comparable with leakage-

aware subject-wise protocols. Fourth, the feature 

representations are fundamentally different, including 

spectral features, connectivity features, STFT 

spectrograms, scalogram images, functional-

connectivity maps, and PCA/MS-PCA temporal 

component features. Because these representations 

capture different aspects of EEG activity and require 

different preprocessing and model assumptions, their 

reported accuracy values should be interpreted as 

context-dependent results rather than direct evidence 

that one method is universally superior. For these 

reasons, Table 5 is intended to provide a methodological 

comparison rather than a direct ranking of accuracy. 

Several limitations should be acknowledged. The 

main limitation is the small sample size, consisting of 

only 10 participants. Although subject-wise 5-fold cross-

validation was used to reduce subject-identity leakage, 

each test fold contained only two participants, which 

limits the stability of fold-level estimates and reduces 

statistical power. In addition, detailed individualized 

clinical metadata, including standardized ASD severity 

scores, cognitive level, medication status, and 

comorbidity profiles, were not available as complete 

structured variables for all participants. These limitations 

restrict clinical interpretation and highlight the need for 

larger datasets with richer demographic and clinical 

characterization. Another limitation concerns acquisition 

and preprocessing. The analysis was restricted to 

resting-state, eyes-open EEG recorded using a 16-

channel acquisition setup. Therefore, the findings may 

not directly generalize to other acquisition protocols, 

channel configurations, or task conditions. Although 

band-pass filtering, signal-quality screening, and 

amplitude-based rejection were applied, the 

preprocessing pipeline did not include dedicated ocular 

or muscular artifact correction using EOG/EMG 

channels, ICA, or regression-based procedures. 

Residual artifacts may therefore have influenced the 

extracted EEG representations. 

The study also has methodological limitations related 

to model comparison. The analysis focused on PCA and 

MS-PCA and did not include alternative feature families 

such as connectivity-based, graph-based, or time-

frequency representations. In addition, classical 

baseline classifiers such as logistic regression, support 

vector machine, random forest, XGBoost, and 

conventional CNN models were not evaluated. Another 

important limitation is that the PCA and MS-PCA 

branches used branch-specific model configurations, 

with lighter configurations for the MS-PCA-based 

models. Therefore, network capacity is a potential 

confounding factor, and the observed differences in 

descriptive performance cannot be attributed solely to 

the MS-PCA feature representation. Instead, the results 

should be interpreted as the performance of the 

evaluated MS-PCA-based pipeline under the specified 

model configurations, rather than as a strictly capacity-

matched ablation that isolates the independent effect of 

MS-PCA alone. Future studies should include classical 

and shallow learning baselines, identical-capacity or 

capacity-matched architectures, systematic 

hyperparameter optimization, and ablation experiments 

under the same leakage-aware subject-wise validation 

protocol. 
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V. Conclusion 

This study compared PCA and MS-PCA feature 

representations, combined with RNN-BiLSTM and TCN-

SA models, for EEG-based ASD classification under a 

leakage-aware subject-wise 5-fold cross-validation 

protocol. The MS-PCA + TCN-SA scheme showed the 

best descriptive performance among the evaluated 

configurations, achieving an accuracy of 97.96 ± 2.37% 

with balanced precision, recall, F1-score, and specificity. 

However, the evidence remains preliminary because the 

dataset included only 10 participants, the exact Wilcoxon 

signed-rank comparisons between PCA and MS-PCA 

did not reach statistical significance, and the evaluated 

schemes used branch-specific model configurations 

without classical baseline classifiers. Therefore, the 

findings should not be interpreted as diagnostic 

readiness or statistically confirmed superiority of MS-

PCA, but rather as an initial indication that multiscale 

component-based EEG representation may be useful for 

temporal deep learning. Future work should validate the 

framework using larger, independent, and clinically 

diverse datasets, with stronger artifact control, capacity-

matched model comparisons, classical baseline 

classifiers, and external validation. 
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