IIUM Engineering Journal, Vol. 27 No. 3, 2026 Melinda et al.
https://doi.org/10.31436/iiumej.v27i3.4522

A CatBoost-Based Framework for Autism Spectrum
Disorder Classification from EEG Signals with Blackman—
Harris FIR Filtering

BULEUN WALADAH!, MELINDA MELINDA!", YUNIDAR YUNIDAR!,
AUFA RAFIKI!, SITI RUSDIANAZ, WEI KITT WONG?

'Department of Electrical and Computer Engineering, Faculty of Engineering,
Universitas Syiah Kuala, Banda Aceh, Indonesia
’Department of Mathematics, Faculty of Mathematics and Natural Sciences,
Universitas Syiah Kuala, Banda Aceh, Indonesia
*Department of Electrical and Computer Engineering, Faculty of Engineering and Science,
Curtin University Malaysia, Miri, Malaysia

*Corresponding author: melinda@usk.ac.id

(Received: 15 June 2026; Accepted.: 24 August 2026, Published online: 11 September 2026)

ABSTRACT: Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder marked by
impairments in social interaction, communication, and repetitive behavior. Early
identification remains difficult given its clinical heterogeneity and the subjectivity of
conventional diagnosis. This study proposes an EEG-based ASD classification framework
combining Blackman—Harris FIR filtering, feature extraction and selection, and machine
learning. EEG data were collected from 16 participants (8 ASD, 8 neurotypical) using a 16-
channel system, band-pass filtered at 4-40 Hz, segmented into 4-second epochs with 50%
overlap, and represented by 176 temporal and spectral features per epoch (11 per channel),
followed by fold-specific Mutual Information feature selection. SVM-RBF, CatBoost, LDA,
and Gaussian Naive Bayes were evaluated using nested subject-wise 8-fold cross-validation.
Based on 7,145 pooled out-of-fold epoch predictions, CatBoost achieved the highest accuracy
(99.58%), followed by LDA (97.47%), SVM-RBF (91.60%), and Gaussian Naive Bayes
(57.49%). An exploratory paired t-test on fold-wise accuracy showed a nominally significant
CatBoost advantage over SVM-RBF (mean difference 8.00 percentage points, p = 0.042;
Cohen’s d, = 0.88). At the participant level, majority voting correctly classified 16/16
participants with CatBoost and LDA, 15/16 with SVM-RBF, and 9/16 with Gaussian Naive
Bayes; the 95% CI for 100% accuracy was 79.41-100.00%. These findings support
preliminary within-cohort feasibility but not clinical or screening readiness.

ABSTRAK: Gangguan Spektrum Autisme (ASD) adalah gangguan perkembangan neuro
yang dicirikan oleh kekurangan interaksi sosial, komunikasi, dan tingkah laku berulang.
Pengesanan awal masih sukar disebabkan kepelbagaian klinikal dan sifat subjektif diagnosis
konvensional. Kajian ini mencadangkan rangka kerja pengelasan ASD berasaskan EEG yang
menggabungkan penapisan Blackman—Harris FIR, pengekstrakan dan pemilihan ciri, serta
pembelajaran mesin. Data EEG diperoleh daripada 16 peserta (8 ASD, 8 neurotipikal)
menggunakan sistem 16 saluran, ditapis jalur 440 Hz, dibahagikan kepada epok 4 saat
dengan pertindihan 50%, dan diwakili oleh 176 ciri temporal dan spektral bagi setiap epok
(11 setiap saluran), diikuti pemilihan ciri Informasi Bersama khusus bagi setiap lipatan. SVM-
RBF, CatBoost, LDA, dan Gaussian Naive Bayes dinilai menggunakan validasi silang 8-
lipatan berasaskan subjek. Berdasarkan 7,145 ramalan epok terkumpul luar lipatan, CatBoost
mencapai ketepatan tertinggi (99.58%), diikuti LDA (97.47%), SVM-RBF (91.60%), dan
Gaussian Naive Bayes (57.49%). Kajian pada ketepatan setiap lipatan bagi ujian-t
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berpasangan menunjukkan kelebihan nominal yang signifikan bagi CatBoost berbanding
SVM-RBF (perbezaan min 8.00 mata peratus, p = 0.042; Cohen’s d, = 0.88). Pada
peringkat peserta, pengelasan undian majoriti adalah betul iaitu 16/16 peserta menggunakan
CatBoost dan LDA, 15/16 menggunakan SVM-RBF, dan 9/16 menggunakan Gaussian Naive
Bayes; 95% CI bagi ketepatan 100% ialah 79.41-100.00%. Dapatan ini menyokong
kebolehlaksanaan awal kohort ini, tetapi bukan kesediaan klinikal atau saringan.

KEYWORDS: ASD, Electroencephalography,; Blackman—Harris FIR; SVM-RBF,; CatBoost

1. INTRODUCTION

Autism Spectrum Disorder (ASD) is a heterogeneous neurodevelopmental disorder
characterized by persistent impairments in social communication and restricted or repetitive
behaviors [1], [2]. Neurophysiological studies have reported atypical functional connectivity
and neuronal synchronization in individuals with ASD, including altered local and long-range
interactions during resting conditions [3], [4]. Electroencephalography (EEG) provides a non-
invasive means of examining these neural dynamics and has increasingly been used for ASD
classification through conventional feature-based and more recent representation-learning
approaches [5], [6], [7], [8].

EEG-based classification remains challenging because of signal nonstationarity, artifact
sensitivity, and variability in acquisition protocols and participant characteristics [8], [9].
Preprocessing is therefore important for reducing out-of-band components while preserving
information within the frequency range of interest. Window-based FIR filtering provides a
finite, non-recursive response with controllable spectral characteristics, while the Blackman—
Harris window is distinguished by strong sidelobe suppression that can reduce spectral leakage
associated with finite-length signal processing [10], [11], [12]. In this study, a 4-40 Hz
Blackman—Harris FIR filter was therefore evaluated against raw EEG and a conventional
Butterworth preprocessing alternative [13].

Following preprocessing, temporal and spectral EEG features were classified using SVM-
RBF and CatBoost as the primary models, with LDA and Gaussian Naive Bayes (GNB)
included as additional baselines. SVM-RBF provides nonlinear decision boundaries through
the radial basis function kernel [14], whereas CatBoost uses gradient-boosted decision trees to
model complex nonlinear relationships [15], [16]. Recent studies have also demonstrated
CatBoost's applicability to EEG and other biomedical classification problems [17], [18],
supporting its evaluation as a complementary tree-based approach.

Previous EEG-based ASD studies have primarily emphasized feature representation and
classifier development, whereas preprocessing choices have received comparatively less
systematic evaluation [6], [8]. Moreover, direct comparison of nonlinear kernel-based and
gradient-boosting pipelines under participant-disjoint validation remains limited. Accordingly,
this study evaluates Blackman—Harris FIR preprocessing by comparing it with raw EEG and
Butterworth filtering, and compares SVM-RBF, CatBoost, LDA, and GNB using nested
subject-wise 8-fold cross-validation. Performance is assessed at both epoch and participant
levels using classification metrics, confidence intervals, aggregation sensitivity analysis, and
statistical testing to determine the within-cohort feasibility and stability of the evaluated EEG-
based ASD classification pipelines.
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2. MATERIALS AND METHODS

This study developed a machine-learning framework distinguishing individuals with ASD
from typically developing (TD) controls using multichannel EEG. The workflow comprised
participant recruitment, EEG acquisition, electrode configuration, preprocessing, epoch
segmentation, feature extraction and selection, classification, and statistical evaluation. EEG
signals were acquired via a l6-channel OpenBCI Cyton system, preprocessed with a
Blackman—Harris FIR band-pass filter, then used to extract temporal and spectral features for
classification, as illustrated in Fig. 1.
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Figure 1. Workflow of the proposed EEG classification system.

2.1. EEG Dataset and Participants

The EEG dataset was collected as a primary dataset at Universitas Syiah Kuala, Indonesia,
under a controlled acquisition protocol and environment. The dataset comprised recordings
from 16 participants: eight individuals with ASD aged 15-25 years and eight TD controls aged
17-25 years. ASD participants were recruited from a special education school in Banda Aceh,
whereas TD controls were recruited from the surrounding university community. The
acquisition and participant-group framework are consistent with previous EEG-based ASD
datasets and comparative studies [7], [8].

Participant information reported in this study reflects the demographic and diagnostic-
group metadata available in the original acquisition records, including group designation, age
range, and recruitment source. Additional structured clinical variables, such as standardized
ASD severity scores, medication status, detailed comorbidity profiles, and formal group-
matching variables, were not part of the analytical metadata and were therefore not
retrospectively inferred or used during model development.

Following participant preparation and electrode placement, each EEG recording lasted
approximately 15 minutes. The Ethics Committee of the Faculty of Medicine, Universitas
Syiah Kuala approved the study protocol (approval no. 117/EA/FK/2024).
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2.2. EEG Acquisition Device and Channel Configuration

EEG signals were acquired using an OpenBCI Cyton-based biosensing system at a
sampling frequency of 250 Hz. Sixteen EEG channels were positioned according to the
international 10-20 system at Fpl, Fp2, F3, F4, F7, F8, C3, C4, T3, T4, T5, T6, P3, P4, Ol,
and O2, as illustrated in Fig. 2. This configuration is consistent with the acquisition protocol
reported in previous studies using the same EEG setup [8]. The ground electrode was
positioned at AFz and the common reference electrode at CPz; these auxiliary electrodes were
used only for signal acquisition and were not treated as EEG analysis channels.

Recordings were performed under an eyes-open resting condition in a quiet, low-
distraction environment between 09:00 and 12:00. Participants were seated comfortably and
instructed to remain calm, minimize head and body movements, and face a blank wall.
Conductive gel was applied to improve scalp-electrode contact, and signals were monitored in
real time using the OpenBCI software. The acquisition hardware incorporated an ADS1299
analog front-end with 24-bit resolution. No dedicated ocular, myogenic, or movement-artifact
correction was applied; subsequent preprocessing was limited to the filtering procedures
described in Section 2.3.

Temporal Occipital

Figure 2. Electrode placement of the 16-channel EEG recording.

2.3. EEG Preprocessing Using Blackman—Harris FIR Filter

Raw continuous EEG recordings were preprocessed before feature extraction to attenuate
baseline drift and out-of-band frequency components that could interfere with subsequent
analysis. No dedicated ocular, myogenic, or movement-artifact correction procedure was
applied; therefore, the filtering stage was not interpreted as removing these artifacts.

Preprocessing was performed independently on each EEG channel using a finite impulse
response (FIR) band-pass filter designed with a four-term Blackman—Harris window. This
window was selected because its low sidelobe levels and strong stopband attenuation reduce
spectral leakage associated with truncation of the ideal impulse response [10], [11], [12].
Filtering was applied to the continuous EEG recordings before epoch segmentation.

The FIR filter was implemented using forward—backward filtering (filtfilt), producing a
zero-phase response and preventing phase shifts in the filtered signals. Signal boundaries were
handled using the default odd-symmetric extension implemented by SciPy's filtfilt function.
For the 101-coefficient FIR filter, a padding length of 303 samples, corresponding to
approximately 1.21 s at 250 Hz, was applied at each end of the continuous recording. Filtering
the continuous signals before segmentation also avoided introducing separate filtering
transients at the boundaries of individual 4-second epochs.
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An FIR filter produces each output sample from a finite weighted combination of the
current and preceding input samples without recursive feedback. The filtering operation is
expressed as:

y(n) = Y, h(K)x(n— k) (1)

where y(n) is the filtered EEG signal, x(n — k) denotes the input signal delayed by k samples,
h(k) represents the FIR coefficient, and N is the number of filter coefficients.

In a window-based FIR design, the final coefficients are obtained by multiplying the ideal
impulse response by the selected window function:

h(n) = ha(m)w(n) 2)

where h(n) is the resulting FIR coefficient, h;(n) is the ideal impulse response, and w(n) is
the window function. Applying a tapered window smooths the truncated impulse response and
reduces spectral leakage associated with abrupt truncation [11].

The Blackman—Harris window has a smooth and symmetric profile with strong sidelobe
suppression, as illustrated in Fig. 3.
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Figure 3. Blackman-Harris window.

The four-term Blackman—Harris window is defined as [12]:

6mn

w(n) = ay — a,cos (?_T—Tll) + a,cos (%) — a3Cos (E)O <n<L-1 (3)

where L is the window length, n is the sample index, and a,, a;, a,, and a5 are the Blackman—
Harris coefficients. The coefficients used were ay, = 0.35875, a; = 0.48829, a, = 0.14128,
and a; = 0.01168. Table 1 summarizes the complete FIR configuration.

Table 1. Configuration of the Blackman—Harris FIR band-pass filter

Parameter Description / Value
Sampling frequency 250 Hz
Filter type FIR band-pass filter
Window function Blackman—Harris window

Passband frequency range 4-40 Hz
Filter order/length 100th-order FIR filter / 101 coefficients
Filtering mode Zero-phase forward—backward filtering

For the preprocessing ablation reported in Section 3.1, a conventional Butterworth IIR
band-pass filter was included as a comparator. The comparator used the same 4-40 Hz
frequency range and 250 Hz sampling frequency as the conventional Butterworth
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preprocessing approach reported by Muliyadi ef al. [13]. In the present study, the Butterworth
filter was implemented as a fourth-order IIR band-pass filter with lower and upper cut-off
frequencies of 4 and 40 Hz, respectively. The filter was applied independently to each EEG
channel before epoch segmentation using forward—backward filtering to obtain a zero-phase
response. Thus, the Butterworth and Blackman—Harris FIR pipelines used the same 440 Hz
passband, sampling frequency, filtering direction, and subsequent epoch-generation procedure,
while differing in filter structure and design order. Accordingly, the ablation was intended to
compare two consistently implemented preprocessing alternatives rather than filters matched
by numerical order.

The 4-40 Hz passband retained theta, alpha, beta, and low-gamma activity while
attenuating lower-frequency drift and higher-frequency out-of-band components. The effects
of the preprocessing alternatives were subsequently assessed using power spectral density
analysis and the classification ablation reported in Section 3.1.

The filtered recordings were segmented into 4-second epochs, corresponding to 1,000
samples at a sampling frequency of 250 Hz. Consecutive epochs overlapped by 50%, resulting
in a 500-sample (2-second) step; successive epochs therefore covered 0—4 s, 2—6 s, 4-8 s, and
so forth.

A total of 7,145 epochs were included across the 16 participants. Fifteen participants
contributed 449 epochs each from complete 15-minute recordings, whereas one ASD
participant contributed 410 epochs because the recording ended before the planned duration,
corresponding to approximately 13.7 minutes of usable EEG data. Each epoch contained all 16
EEG channels and was treated as one sample for epoch-level feature extraction. All epochs
from the same participant remained grouped within the same outer cross-validation fold, as
described in Section 2.5. The resulting epochs were subsequently processed using the feature-
extraction and feature-selection procedures described in Section 2.4.

2.4. Feature Extraction and Feature Selection

After preprocessing, temporal and spectral features were extracted independently from
each channel of every 4-second EEG epoch. Eleven features were calculated per channel: log-
variance, root mean square (RMS), Hjorth activity, mobility, and complexity, spectral centroid,
spectral bandwidth, and absolute band power in the theta, alpha, beta, and gamma bands. These
features were selected to represent complementary amplitude, temporal-dynamic, and spectral
characteristics of the EEG signals, consistent with previous EEG-based ASD studies [7]. With
16 EEG channels, the resulting representation comprised 176 features per epoch.

For an EEG epoch x[n],n =0, ..., N — 1, log-variance and RMS were calculated as
LogVar = In[Var(x) + €], RMS = %z,’;’;g x2 [n], 4)

where N is the number of samples and € = 10712 is a small constant introduced for numerical
stability.
The Hjorth parameters were calculated as

Activity = Var(x) + ¢, (5)

i |Var(Ax)+e
Mobility = /—Var(x)+£, (6)
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Complexity = e

(7)
where Ax and A%x denote the first and second discrete differences, respectively. Hjorth
parameters were included because they characterize EEG signal activity and temporal
complexity and have previously been applied to the analysis of ASD-related EEG patterns [7].

Spectral features were derived from a Hann-windowed one-sided real Fourier transform.
The power spectral density (PSD) was estimated as

= _ _ IXDPE

X[k] = rFFTx[n]w[n], Plk] = NI WA (8)

where w[n] denotes the Hann window and f; is the sampling frequency. Each 4-second epoch

contained N = 1,000 samples at f, = 250 Hz; therefore, a 1,000-point rFFT was applied,

providing a frequency resolution of 0.25 Hz. No Welch segmentation or spectral averaging was
used for feature extraction.

Using the resulting PSD, the spectral centroid f. and spectral bandwidth B,, were

calculated as
_ Xk frPlk] | Xk PK?
fe= Yk Plk] By = x]zkp[k]' ©)

where f} represents the frequency associated with the k-th spectral bin.

Absolute band power was calculated by integrating the PSD within each predefined
frequency range:

Py = [["P (), df, (10)

where f; and f}, denote the lower and upper limits of the corresponding frequency band.
Numerical integration was performed using the trapezoidal rule. The frequency ranges were
theta, 4-8 Hz; alpha, 8-13 Hz; beta, 13-30 Hz; and gamma, 30-40 Hz. The same feature
definitions and spectral parameters were applied consistently to all channels, epochs, and
participants.

Mutual Information (MI) was subsequently used for model-specific feature selection
within the nested subject-wise cross-validation procedure described in Section 2.5. MI ranking
and feature selection were performed exclusively within the corresponding training partitions,
without access to the outer-test participants. Any subsequent feature scaling was performed
according to the classifier-specific pipeline described in Section 2.6.

2.5. Nested Subject-Wise 8-Fold Cross-Validation

A nested subject-wise cross-validation procedure was used to minimize participant leakage
during model development and performance estimation. In the outer loop, the 16 participants
(8 ASD and 8 TD) were divided into eight stratified folds, each containing one ASD and one
TD participant. In each outer iteration, one fold comprising two participants was reserved
exclusively for testing, while the remaining 14 participants were used for model development.
All epochs belonging to the same participant remained within the same partition throughout
the procedure.

Model selection was performed exclusively within the 14 outer-training participants using
an inner subject-wise cross-validation loop. The inner folds were participant-disjoint, such that
epochs from an inner-validation participant were never included in the corresponding inner-

236



IIUM Engineering Journal, Vol. 27 No. 3, 2026 Melinda et al.
https://doi.org/10.31436/iiumej.v27i3.4522

training set. Classifier-specific preprocessing, MI estimation, feature ranking and selection,
model hyperparameter selection, and, where applicable, CatBoost early stopping were
performed using only the inner-training and inner-validation data. Z-score normalization was
applied only to the SVM-RBF pipeline and was fitted exclusively on the corresponding training
partition.

After the optimal configuration was determined from the inner cross-validation results, the
selected preprocessing and feature-selection parameters were refitted using all 14 outer-
training participants, and the resulting model was evaluated once on the two previously unseen
outer-test participants. This procedure was repeated for all eight outer folds so that each
participant contributed exactly once to the out-of-fold test predictions.

For model selection, candidate MI feature-retention fractions of 10%, 20%, ..., 100% were
evaluated within the inner cross-validation loop. For SVM-RBF, the candidate search space
comprised C € {0.001,0.01,0.1,1,10,100} and y € {scale, 0.01,0.1}. For CatBoost, candidate
configurations combined learning rates of {0.01,0.03}, tree depths of {2,4}, and L2 leaf-
regularization values of {10,50}. Candidate configurations were ranked primarily using mean
inner-validation balanced accuracy, with lower inner-fold standard deviation and the
predefined tie-breaking criteria used when necessary.

2.6. Classification Models

The 176-dimensional EEG feature vectors were classified into ASD and TD classes using
SVM-RBF and CatBoost as the primary classifiers, with Linear Discriminant Analysis (LDA)
and Gaussian Naive Bayes (GNB) included as additional baseline models. All classifiers
received the same initial feature representation. Model-specific feature selection and model
configuration were performed exclusively within the nested subject-wise validation procedure
described in Section 2.5, with the outer-test participants remaining completely unseen during
feature selection and model development.
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Figure 4. SVM-RBF classification workflow.

2.6.1. Support Vector Machine with Radial Basis Function Kernel

SVM-RBF classified the selected EEG feature vectors after Blackman—Harris FIR
preprocessing, feature extraction, MI-based feature selection, and Z-score normalization, as
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illustrated in Fig. 4. The RBF kernel enables nonlinear separation of EEG feature patterns by
mapping pairwise similarity according to [14]:

K(x,x")=exp (—y Il x —x" II?) (11)

where x and x’ are EEG feature vectors and y controls the kernel width. The SVM decision
function is expressed as:

f(x) =sign(B; a; y:K (x;,x) + b) (12)

where a; denotes the support-vector coefficient, y; is the corresponding class label, K (x;’ x) is
the kernel similarity, and b is the bias term.

SVM-RBF model selection was performed exclusively within the inner subject-wise cross-
validation loop. For each inner split, Z-score normalization and MI ranking were fitted using
only the inner-training participants and subsequently applied to the participant-disjoint inner-
validation set. Candidate feature-retention fractions and SVM-RBF configurations were
evaluated using mean inner-validation balanced accuracy. After the optimal configuration was
selected, MI ranking and normalization were refitted using all participants in the corresponding
outer-training set, and the final SVM-RBF model was trained without access to the outer-test
participants. The resulting configuration used C = 0.01, y = scale, and the top 30% of MI-
ranked features. The trained model was then evaluated once on the previously unseen outer-
test participants.

2.6.2. CatBoost

CatBoost is a gradient-boosted decision-tree classifier that iteratively combines weak
learners while using ordered boosting to reduce prediction shift [16]. As illustrated in Fig. 5,
the selected EEG features were used to estimate class probabilities for ASD and TD
classification.
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Figure 5. CatBoost classification workflow.

The binary classification objective can be represented as:

LO) = 3 L(yud) + Yo Af (13)

where L(y;» 9;) denotes the classification loss, Q(f}) represents the regularization term for the
k-th tree, and J; is the predicted output. The ensemble is updated iteratively according to:

Fiyq1(x) = Fe(x) + nhy(x) (14)
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where F;(x) is the ensemble at iteration t, 1) is the learning rate, and h;(x) is the newly added
decision tree.

CatBoost feature selection, hyperparameter selection, and early-stopping assessment were
performed exclusively within the inner subject-wise cross-validation loop. For each inner split,
MI ranking was fitted using only the inner-training participants and subsequently applied to
the participant-disjoint inner-validation set. No feature scaling was applied to CatBoost
because of its tree-based structure. Candidate CatBoost configurations were evaluated using
mean inner-validation balanced accuracy, while early stopping was monitored exclusively on
the inner-validation participants. No epochs, labels, or predictions from the outer-test
participants were used for feature selection, hyperparameter selection, or early stopping. After
the optimal configuration was selected, MI ranking was refitted using all participants in the
corresponding outer-training set, and the final CatBoost model was retrained using the selected
hyperparameters and boosting-iteration setting determined from the inner-validation
procedure. The model was then evaluated once on the previously unseen outer-test participants.
The final CatBoost configuration used a maximum of 800 boosting iterations, a learning rate
of 0.01, tree depth of 2, L2 leaf regularization of 50, bagging temperature of 2.0, an early-
stopping patience of 30 iterations, and the top 40% of MI-ranked features.

2.6.3. Additional Baseline Models

LDA and GNB were included as additional baseline classifiers to determine whether the
observed class separation was specific to the primary nonlinear models. Both baselines were
evaluated using the same outer subject-wise folds and the same initial 176-dimensional feature
representation. All data-dependent preprocessing and feature-selection operations were
restricted to the corresponding training partitions.

LDA used the singular-value decomposition (SVD) solver without shrinkage, whereas
GNB used a variance-smoothing parameter of 1 X 107°. Both baseline models used the top
40% of Ml-ranked features within the nested validation procedure. These models were reported
as baseline pipelines rather than as evidence of direct classifier superiority because SVM-RBF
and the other models did not necessarily retain identical final feature subsets.

2.6.4. Participant-Level Aggregation

Participant-level predictions were generated exclusively from the out-of-fold epoch
predictions of each held-out participant. Majority voting was used as the primary aggregation
rule. For participant s, the proportion of epochs predicted as ASD was calculated as:

V=2 19y = 1), (15)

where N is the number of epochs belonging to participant s, Js; is the predicted label for epoch

j, with ASD coded as 1 and TD as 0, and I(-) is the indicator function. The final participant-
level prediction was defined as:

1 (ASD), V; > 0.5,
Y,={ 0(TD), V,<0.5, (16)
I(p; = 0.5), V,=0.5,
where pg denotes the mean out-of-fold ASD probability across all epochs of participant s. Thus,

when ASD and TD votes were equal, the participant was classified using a prespecified
probability threshold of 0.5; no voting ties occurred in the present analysis.

Each participant contributed exactly one final classification decision, whether 449 or 410
epochs were available, preventing participants with more epochs from receiving greater weight
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in the participant-level metrics. Accuracy, sensitivity, specificity, precision, and F1-score were
calculated from the 16 participant-level decisions. Exact two-sided Clopper—Pearson 95%
confidence intervals were calculated for accuracy, sensitivity, and specificity.

As a sensitivity analysis, participant-level predictions were also obtained by averaging the
out-of-fold ASD probabilities across all epochs of each participant and applying the same fixed
threshold of 0.5. Neither the majority-voting rule nor the probability threshold was optimized
using the outer-test predictions.

2.6.5. Performance Evaluation

All four classifiers were evaluated using the outer subject-wise folds of the nested cross-
validation procedure described in Section 2.5. Performance was assessed using accuracy,
precision, sensitivity (recall), specificity, F1-score, ROC-AUC, and confusion matrices, with
ASD treated as the positive class and TD as the negative class. Participant-level accuracy,
sensitivity, and specificity were additionally reported with exact two-sided Clopper—Pearson
95% confidence intervals [19].

Accuracy was designated as the primary overall metric for the inferential comparison
between SVM-RBF and CatBoost, whereas precision, sensitivity, specificity, and F1-score
were retained as complementary descriptive measures. An exploratory paired-samples t-test
was performed using the accuracy values obtained from the same eight outer subject-wise test
folds [20], [21]. For fold i, the paired difference was defined as:

d; = AcatBoost,i — AsVM-RBF.,i» (17)

such that a positive d; indicated higher accuracy for CatBoost. The paired t-statistic was
calculated as
d
e )
where d is the mean paired difference, s, is the standard deviation of the paired differences,
and n = 8 is the number of outer folds. Statistical significance was assessed at a nominal level
of @ = 0.05. The two-sided 95% confidence interval for the mean difference was calculated as

d+ t0.975n-1 j_%' (19)

and the standardized paired effect size was calculated using Cohen’s d,:

d, =2 (20)

S

ISY

Because the eight outer folds contained substantially overlapping training sets, their
accuracy estimates were not fully independent [22]. Therefore, the paired t-test, confidence
interval, and effect size were interpreted as exploratory within-cohort summaries rather than
confirmatory participant- or population-level inference. No multiplicity correction was applied
because accuracy was the only metric subjected to this inferential comparison.

To complement the exploratory fold-wise analysis, an exact participant-level permutation
test was performed using the final out-of-fold CatBoost participant predictions. Participant
identity was treated as the exchangeable unit, while the original class composition of eight
ASD and eight TD participants was preserved. Because the cohort contained only 16
participants, all possible class-balanced diagnostic-label assignments were evaluated
exhaustively rather than approximated using Monte Carlo sampling. The total number of
unique assignments was
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M = (%) = 12,870. (21)

For each assignment, the diagnostic labels were reassigned to the fixed out-of-fold
participant predictions, and participant-level accuracy was recalculated. The exact one-sided
permutation p-value was defined as

1
Pperm Ezllﬁl[ (Ab = Aobs): (22)

where A,ps denotes the observed participant-level accuracy, 4, is the accuracy obtained under
the b-th class-balanced label assignment, I(-) is the indicator function, and M is the total
number of unique class-balanced assignments defined in Eq. (21).

This analysis tested whether the association between the held-out participant predictions
and the diagnostic labels exceeded that expected under random class-balanced label
assignment. Because all possible assignments were enumerated, no Monte Carlo
approximation or correction was required. The test was conditional on the observed out-of-fold
predictions and was therefore interpreted as a within-cohort robustness analysis rather than as
an assessment of external generalizability [23].

3. RESULTS AND DISCUSSION

This section presents the preprocessing ablation results, out-of-fold epoch-level classifier
performance, participant-level classification using majority voting, exploratory fold-wise
statistical comparisons, and the study's principal findings and limitations.

3.1. EEG Signal Preprocessing Results

Blackman—Harris FIR filtering attenuated baseline drift and frequency components outside
the 4-40 Hz passband and was not interpreted as an artifact-removal procedure, as no dedicated
ocular, myogenic, or movement-artifact correction was applied. Representative ASD and TD
signals before and after filtering are shown in Figs. 6 and 7, while the corresponding PSD
comparison in Fig. 8 confirms attenuation below 4 Hz and above 40 Hz with preservation of
activity within the selected theta, alpha, beta, and low-gamma ranges.
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Figure 6. ASD EEG signals before and after Blackman—Harris FIR filtering.
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Figure 8. PSD of EEG signals before and after Blackman—Harris FIR filtering.

To quantify the effect of preprocessing on classification, raw EEG, Butterworth band-pass
filtering, and Blackman—Harris FIR filtering were compared, as summarized in Table 2.

Table 2. Performance comparison of EEG preprocessing approaches

Preprocessing pipeline Mean accuracy (%) SD (%)
Raw EEG + SVM-RBF 80.01 1.14
Raw EEG + CatBoost 88.92 3.88
Butterworth band-pass + SVM-RBF 88.53 1.16
Butterworth band-pass + CatBoost 93.97 0.86
Blackman—Harris FIR + SVM-RBF 91.59 9.15
Blackman—Harris FIR + CatBoost 99.58 0.23

Both filtering approaches improved accuracy relative to raw EEG, with Blackman—Harris
FIR producing the highest accuracy for both classifiers. The Blackman—Harris FIR—CatBoost
pipeline achieved the best performance at 99.58%, indicating that preprocessing influenced

feature discriminability within the present cohort.
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3.2. Epoch-Level Performance of SVM-RBF

SVM-RBF was evaluated using out-of-fold predictions from the outer folds of the nested
subject-wise eight-fold cross-validation. In each fold, one ASD and one TD participant were
held out for testing, with all epochs from each participant remaining exclusively within the
corresponding partition. Table 3 summarizes the fold-wise epoch-level results.

Table 3. Out-of-fold epoch-level performance of SVM-RBF across eight outer folds
Fold Accuracy (%) Precision (%) Sensitivity (%) F1-score (%) Specificity (%)

Fold 1 93.21 100.00 86.41 92.71 100.00
Fold 2 71.71 64.03 99.11 77.80 44.32
Fold 3 94.88 100.00 89.76 94.60 100.00
Fold 4 99.44 100.00 98.89 99.44 100.00
Fold 5 88.31 81.73 98.66 89.40 77.95
Fold 6 88.47 88.40 87.32 87.85 89.53
Fold 7 99.89 100.00 99.78 99.89 100.00
Fold 8 96.77 100.00 93.54 96.66 100.00
Mean 91.59 91.77 94.18 92.29 88.98

SD 9.15 13.20 5.67 7.29 19.73

SVM-RBEF achieved a mean fold-wise accuracy of 91.59%, with notable variability across
held-out participants. Fold 2 showed the lowest performance, where specificity decreased to
44.32% because 250 of 449 TD epochs were classified as ASD, whereas specificity reached
100% in five folds. Despite this variability, sensitivity remained generally high across folds.
The corresponding out-of-fold confusion matrices are shown in Fig. 9.

SVM-RBF - Fold 1 SVM-RBF - Fold 2 SVM-RBF - Fold 3 SVM-RBF - Fold 4
g ™ 449 0 1 199 250 ™ 449 - ™ 449 “
D ASD T ASD TD ASD 0 ASD
Predicted label Predicted label Predicted label Predicted label
(a) Fold 1 (b) Fold 2 (c) Fold 3 (d) Fold 4
SVM-RBF - Fold 5 SVM-RBF - Fold 6 SVM-RBF - Fold 7 SVM-RBF - Fold 8

' -

True label

D ASD TD ASD D ASD
Predicted label Predicted label Predicted label Predicted label
(e) Fold 5 (f) Fold 6 (g) Fold 7 (h) Fold 8

Figure 9. Confusion matrices of SVM-RBF across eight outer folds.

3.3. Epoch-Level Performance of CatBoost

CatBoost was evaluated using the same eight outer subject-wise folds, with fold-wise out-
of-fold epoch-level performance summarized in Table 4. CatBoost achieved consistently high
performance across all outer folds, with a mean accuracy of 99.58% and low fold-to-fold
variability (SD = 0.23%). Accuracy ranged from 99.33% to 99.88%. Across the 7,145 out-of-
fold epoch predictions, CatBoost produced eight false-positive and 22 false-negative
classifications. Fig. 10 shows the corresponding confusion matrices.
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Table 4. Out-of-fold epoch-level performance of CatBoost across eight outer folds
Fold Accuracy (%) Precision (%) Sensitivity (%) Fl1-score (%) Specificity (%)

Fold 1 99.33 100.00 98.66 99.33 100.00
Fold 2 99.33 98.90 99.78 99.33 98.89
Fold 3 99.78 99.78 99.78 99.78 99.78
Fold 4 99.67 100.00 99.33 99.66 100.00
Fold 5 99.78 100.00 99.55 99.78 100.00
Fold 6 99.88 99.76 100.00 99.88 99.78
Fold 7 99.55 99.78 99.33 99.55 99.78
Fold 8 99.33 100.00 98.66 99.33 100.00
Mean 99.58 99.78 99.39 99.58 99.78
SD 0.23 0.37 0.50 0.23 0.38
Fold 1 Fold 2 Fold 3 Fold 4
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Figure 10. Confusion matrices of CatBoost across eight outer folds.

3.4. Pooled Out-of-Fold Epoch-Level Comparison

The pooled out-of-fold predictions from all 7,145 epochs were used to compare the four
classification pipelines. SVM-RBF retained the top 30% of Ml-ranked features, whereas
CatBoost, LDA, and Gaussian Naive Bayes retained the top 40%. Thus, Table 5 compares
separately configured pipelines rather than classifiers using identical final feature subsets.

Table 5. Pooled out-of-fold epoch-level performance of the four classification pipelines

Model Accuracy Precision Sensitivity Specificity Fl-score = ROC-AUC
(%) (%) (%) (%) (%) (%)
CatBoost 99.58 99.77 99.38 99.78 99.58 99.99
LDA 97.47 96.65 98.31 96.63 97.47 99.58
SVM-RBF 91.60 89.43 94.26 88.98 91.78 98.21
Gaussian Naive Bayes 57.49 53.94 99.49 15.95 69.95 63.41

CatBoost achieved the highest pooled accuracy, precision, specificity, F1-score, and ROC-
AUC, followed by LDA and SVM-RBF. Gaussian Naive Bayes showed high sensitivity but
very low specificity (15.95%), indicating a strong tendency to classify TD epochs as ASD.
These results compare the performance of the configured pipelines and do not, by themselves,
exclude potential cohort-related confounding.
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3.5. Participant-Level Classification Using Majority Voting

Participant-level performance was obtained by majority voting across the out-of-fold
epoch predictions of each held-out participant. Each participant contributed one final decision
regardless of the number of available epochs, thereby preventing participants with more epochs
from receiving greater weight. Table 6 summarizes the results.

Table 6. Participant-level performance using majority voting

Model Accuracy, % Sensitivity, % Specificity, % F1-score
95% CI) 95% CI) 95% CI) (%)
CatBoost 100.00 (79.41-100.00) 100.00 (63.06—100.00) 100.00 (63.06-100.00) 100.00
LDA 100.00 (79.41-100.00) 100.00 (63.06—100.00) 100.00 (63.06-100.00) 100.00
SVM-RBF 93.75 (69.77-99.84)  100.00 (63.06-100.00)  87.50 (47.35-99.68) 94.12

Gaussian Naive Bayes ~ 56.25 (29.88-80.25)  100.00 (63.06—100.00) 12.50 (0.32-52.65) 69.57

CatBoost and LDA correctly classified all 16 participants, whereas SVM-RBF classified
15/16 and Gaussian Naive Bayes 9/16. Despite the perfect CatBoost and LDA point estimates,
the 95% CI for accuracy was 79.41-100.00%, reflecting uncertainty due to the small participant
sample.

As a sensitivity analysis, participant labels were also obtained by averaging out-of-fold
ASD probabilities and applying the fixed threshold of 0.5. CatBoost, LDA, and Gaussian Naive
Bayes produced unchanged decisions, whereas SVM-RBF improved from 15/16 under
majority voting to 16/16 under probability averaging, indicating some sensitivity to the
aggregation rule.

For CatBoost, an exact participant-level permutation test evaluated all
M = (186) = 12,870. class-balanced diagnostic-label assignments. Only one assignment
achieved an accuracy equal to the observed 100.00%, yielding pperm = 7.77 X 1075(p <
0.001). This supports an association between the held-out CatBoost predictions and diagnostic
labels beyond random class-balanced assignment, while remaining conditional on the observed
out-of-fold predictions and therefore representing within-cohort rather than external or clinical
evidence.

3.6. Exploratory Fold-Wise Statistical Comparison of Accuracy

Accuracy was treated as the primary inferential metric, while precision, sensitivity,
specificity, and F1-score were reported descriptively. An exploratory paired t-test compared
CatBoost and SVM-RBF accuracy across the same eight outer subject-wise folds. Because
these folds shared substantially overlapping training sets, the resulting inference was
interpreted as within-cohort exploratory evidence rather than confirmatory population-level
evidence.

Table 7. Exploratory paired t-test results for CatBoost minus SVM-RBF fold-wise differences

Comparison Mean difference  95% CI t- p- Cohen’s Conclusion
(pp) (pp) statistic  value d, (a =0.05)

CatBoost — 8.00 0.38-15.61 2.48 0.042 0.88 Nominally significant;
SVM-RBF exploratory

CatBoost achieved a mean fold-wise accuracy 8.00 percentage points higher than SVM-
RBF (95% CI: 0.38-15.61; t = 2.48,p = 0.042, Cohen’s d, = 0.88). Although the difference
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was nominally significant with a large standardized effect, it should be interpreted cautiously
because the eight folds were not fully independent and the analysis was based on only 16
participants.

3.7. Reproducibility and Implementation Details

All analyses were implemented in Python 3.12.12 using NumPy 2.0.2, Pandas 2.3.3, SciPy
1.16.3, scikit-learn 1.6.1, and CatBoost 1.2.10. Experiments were conducted on Kaggle
Notebook under Linux 6.6.122+ x86 64 with glibc 2.35, an Intel Xeon 2.00 GHz CPU (four
cores), 31.35 GB RAM, and two NVIDIA Tesla T4 GPUs with 15,360 MiB memory each. A
fixed random seed of 1234 was used for data splitting, MI estimation, and algorithms
supporting random-state control. All data-dependent preprocessing, feature selection, model
tuning, and early-stopping procedures followed the nested subject-wise protocol described in
Section 2.5.

SVM-RBF used C = 0.01, y = scale, and the top 30% of MI-ranked features. CatBoost
used up to 800 iterations, a learning rate of 0.01, depth 2, L2 leaf regularization of 50, bagging
temperature of 2.0, early-stopping patience of 30, and the top 40% of MI-ranked features. LDA
used the SVD solver without shrinkage, while Gaussian Naive Bayes used a variance-
smoothing parameter of 1 X 107%; both baselines retained the top 40% of MI-ranked features.
All results in Sections 3.2-3.6 were derived from the same 7,145 out-of-fold predictions for
each classifier.

3.8. Discussion

The preprocessing ablation showed that filtering influenced the discriminability of the
extracted EEG features. Both Butterworth and Blackman—Harris FIR filtering improved
performance relative to raw EEG, with Blackman—Harris FIR producing the highest accuracy
for the evaluated classifiers. However, the 440 Hz filtering stage only attenuated baseline drift
and out-of-band components and did not specifically remove ocular, myogenic, or movement
artifacts.

At the epoch level, CatBoost achieved the highest pooled performance and the lowest fold-
to-fold variability, followed by LDA and SVM-RBF. SVM-RBF was more sensitive to the
held-out participants, particularly in Fold 2, where specificity decreased to 44.32%. The
exploratory CatBoost-SVM-RBF comparison yielded an 8.00-percentage-point difference in
fold-wise accuracy (p = 0.042, 95% CI: 0.38-15.61; Cohen’s d, = 0.88). Because the outer
folds shared substantially overlapping training sets, interpret this result as exploratory within-
cohort evidence rather than confirmatory population-level inference.

Participant-level evaluation provides the more clinically relevant assessment because each
participant contributes only one final decision. CatBoost and LDA correctly classified all 16
participants, whereas SVM-RBF classified 15/16 under majority voting and 16/16 under
probability averaging. Thus, participant-level superiority of CatBoost over LDA was not
established, and the SVM-RBF result showed some sensitivity to the aggregation rule.
Moreover, despite 100% accuracy for CatBoost and LDA, the 95% confidence interval
remained wide, reflecting the uncertainty associated with only eight participants per group.

Using 50% overlapping 4-second epochs increased the number of segments but introduced
dependence between adjacent observations. Subject-wise cross-validation prevented
participant leakage between outer training and test sets, but epoch-level results still represent
correlated repeated observations from the same individuals and should therefore be regarded
as secondary measures of segment-level discriminability. In addition, the present ablation did
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not separately quantify the effects of MlI-based feature selection, temporal versus spectral
feature families, or epoch overlap; these component-wise effects require further evaluation
under the same nested subject-wise framework.

The single-site design also leaves open potential recruitment, demographic, recording-
session, and hardware-related confounding. High classification accuracy across several models
does not exclude these alternative explanations. Accordingly, the findings should be regarded
as preliminary within-cohort evidence, and larger, demographically matched, independent, and
multi-site datasets are required before considering the framework for ASD screening or clinical
decision support.

Finally, the exact participant-level permutation test for CatBoost yielded pperm =

7.77 X 1075, indicating that the observed association between held-out predictions and
diagnostic labels was unlikely under random class-balanced assignment. Nevertheless, this test
remained conditional on the observed out-of-fold predictions and does not establish external
validity or eliminate potential cohort- and acquisition-related confounding.

4. CONCLUSIONS

This study developed an EEG-based ASD classification framework combining Blackman—
Harris FIR preprocessing, temporal and spectral feature extraction, MI-based feature selection,
and machine-learning classification. Blackman—Harris FIR preprocessing yielded higher
classification accuracy than raw EEG and Butterworth filtering. Among the evaluated
pipelines, CatBoost achieved the highest pooled out-of-fold epoch-level accuracy (99.58%),
followed by LDA (97.47%), SVM-RBF (91.60%), and Gaussian Naive Bayes (57.49%). The
exploratory fold-wise comparison favored CatBoost over SVM-RBF (p = 0.042, Cohen’s
d, = 0.88), although this result should be interpreted cautiously because the outer folds were
not fully independent. At the participant level, CatBoost and LDA correctly classified all 16
participants, while SVM-RBF and Gaussian Naive Bayes classified 15/16 and 9/16,
respectively. Thus, participant-level superiority of CatBoost over LDA was not established.
The exact CatBoost permutation test also exceeded random class-balanced label assignment
(p < 0.001). Overall, the findings support preliminary within-cohort feasibility, but the small
sample size, overlapping epochs, single-site acquisition, and lack of external validation
preclude claims of clinical or screening readiness.
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