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EEG-Based Classification of Pediatric ADHD via
Multi-Classtfier, Multi-Band Ablation: Verifying the
Standalone Predictive Capacity of the Delta-Band
Biomarker

Fika Fauzia*, Young-In Kim=¥

Abstract

While EEG-based machine-learning models achieve high accuracy, purely data-driven feature selection
may inadvertently obscure mutually correlated, biologically significant markers like the delta-band (0.5-3.0
Hz). To evaluate its independent predictive capacity, we propose a five-stage spatial - spectral ablation
with four classifiers (Random Forest, SVM, XGBoost, and a Multilayer Perceptron). Using a public dataset
of 61 ADHD and 60 control children (19 channels, 128 Hz), we extract 1,159 features and evaluate every
feature-set under stratified 10-fold cross—validation. The full-feature model reaches 98.4 - 99.6% accuracy
(0.998 - 1.000 AUC). Notably, utilizing only the 57 delta-band power/entropy features the models attained a
mean AUC of 0.846, far exceeding a label-permuted control (0.499). These results provide strong evidence
for the delta band as a standalone hiomarker, highlighting the necessity of balancing mathematical
optimization with biological interpretability in medical AL

keywords : Electroencephalography, Attention—deficit/hyperactivity disorder, Multi-classifier comparison,

Ablation study, Feature-selection bias

1. Introduction

Attention—deficit/hyperactivity disorder
(ADHD) is a prevalent neurodevelopmental
condition [5] primarily diagnosed via subjective
clinical interviews [6], which risks misdiagnosis
[1]. Consequently, electroencephalography
(EEG)

emerged as an objective diagnostic alternative,

paired with machine learning has

achieving classification accuracies above 90%
[1]-[3]. However, current literature exhibits
two structural weaknesses: over-reliance on
single classifiers (which obscures whether
success stems from the feature space or model
idiosyncrasies) and a potential vulnerability in
data—driven

Specifically,

feature selection.
algorithms  can

inadvertently de-emphasize mutually correlated

purely

optimization
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features [10], [11], risking the marginalization
of valid diagnostic markers. This phenomenon
is particularly relevant to the delta band (0.5 -
30 Hz). While
slow-wave activity is a core ADHD marker
supporting  the  cortical
hypothesis  [7], [8], recent SHAP-optimized

models [2] largely omit delta-band power and

elevated  resting—state

maturational-lag

entropy features.
To resolve this tension, we propose a robust
threefold

contributions: (i) we introduce a five-stage

evaluation framework with

spatial-spectral ablation evaluated across four
(RF, SVM, XGBoost, MLP) to

ensure model-independent conclusions; (i) we

classifiers

extend the feature space to 1,159 dimensions
by incorporating the gamma band; and (iii) we
isolate the de-prioritized delta-band features,
testing them against a label-permuted negative
control to provide strong evidence for their

standalone diagnostic capacity.

2. Related Work

2.1 EEG—Based ADHD Classification
Work on automated EEG-based ADHD

classification falls into three strands. The first

quantitative-EEG (qEEG)
power—spectral indices with shallow classifiers
and has historically treated elevated theta

power or an elevated theta/beta ratio (TBR) as

couples

a single biomarker [7]; meta-analytic evidence,
however, indicates that TBR lacks sufficient
diagnostic specificity [9]. The second applies
end-to—end deep learning to raw EEG or time
- frequency representations; Loh et al. [1], for
channel-wise

instance, combine

continuous-wavelet  correlation maps from
12-channel EEG with a 2D-CNN to distinguish
ADHD, conduct disorder, and their comorbidity,
and supply Grad-CAM explanations. The third
combines

multi-domain  features —spectral

power, nonlinear dynamics, and functional

connectivity —with ensemble classifiers,
exemplified by Mao et al. [2] and Kim et al
[3]. The third strand attains the highest
reported accuracies but typically depends on a
single classifier and on a data-driven selection

stage.

2.2 Positioning of This Work

Table 1 situates representative studies on

the same public dataset [4], or the same

Table 1. Comparison with prior EEG-based ADHD classification studies
E 1. 7| EEG 7|2t ADHD 2&F o+ete| vl

Study Dataset Features Classifier Selection Accuracy
Loh et al. Self-collected CWT 2D-CNN + None 98.19%
[1] (2024) (12 channels) correlation Grad-CAM (note)
Mao et al. Nasrabadi Multi-domain SHAP
[2] (2025) (public) (931-dim) CatBoost (206) 99.58%
Kim et al. Clinical PSD,

[3] (2025) (168 subj.) CFPAC XGBoost SHAP 0.81%

. Nasrabadi Multi-domain RF / SVM / Hierarchical .

This work (public) (1,159-dim) XGB / MLP ablation 9BA4-99.6%
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ADHD-versus—control task, against the present
work. We adopt the multi-domain feature
design of Mao et al. [2] but omit the
SHAP-based second-stage selection; in its
place, we compare four classifiers under one
protocol and extend the analyzed spectrum to

the gamma band.

3. Materials and Methods

3.1. Dataset

We wuse the public EEG dataset by
Nasrabadi et al. [4] on IEEE DataPort,
comprising 61 children with ADHD (DSM-IV
diagnosed, methylphenidate-treated >6 months)
and 60 demographically matched healthy
controls (HC) without psychiatric history, aged
7-12. EEG was recorded at 128 Hz from 19
channels (10-20 system) during a visual

attention task.

3.2. Preprocessing and Epoching

As outlined in Fig. 1, the raw EEG data
were band-pass filtered at 0.5-45 Hz using a
4th-order Butterworth filter. The 45 Hz cutoff
was selected to preserve gamma-band activity
in the 30-45 Hz range. FastICA [13] was

applied as a conservative artifact attenuation
step, consistent with the common use of
ICA-based methods for EEG artifact reduction
[14]. In this study, the single highest-variance
independent component was removed to reduce
the dominant high-variance artifact source,
which may reflect large-amplitude ocular
activity. This fixed one-component strategy
was adopted to maintain a reproducible pipeline
and to avoid the potential subjectivity
associated with manual component selection
[14]. Furthermore, it

component rejection that could inadvertently

prevents —excessive

remove neurophysiologically meaningful
low-frequency  activity,  particularly  the
delta-band signals central to this study.

should not be
interpreted as complete removal of all EOG and
EMG artifacts. Because dedicated EOG/EMG

reference channels and manual ICA component

However, this procedure

labels were unavailable in the public dataset,
residual artifacts may remain, as further
discussed in Section 5. Finally, the signals
were segmented into 4-second non-overlapping
epochs of 512 samples, vyielding 4,173 total
epochs: 2,330 ADHD epochs and 1,843 healthy

control epochs.

3.3. Feature Extraction

4 Clasgsifiers
BE SVl S
AGBoost/ MLP
10-fold OV

Fig. 1. End-to—end analysis pipeline for EEG-based pediatric ADHD classification

a2 1. EEG 7IgF 2~of ADHD

=75 fIg MN =4 mol=zZ|el
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From each 4 s epoch we extract five feature
types —absolute power (AP), relative power
(RP), theta/beta ratio (TBR), fuzzy entropy
(FuzEn), and mutual information (MI)—over
five bands: delta (8§, 0.5-3 Hz), theta (6, 4-7
Hz), alpha (a, 8 - 13 Hz), beta (B, 14 - 30 Hz),
and gamma (y, 30 -45 Hz), for 1,159 features
in total. Absolute power integrates the Welch

power spectral density [12] over each band,

AP, = [ PO df o)

relative power normalizes each band by total
power, and TBR is the ratio of theta- to
beta-band absolute power. Fuzzy entropy
quantifies nonlinear signal complexity [15] with
embedding dimension m = 2 and tolerance r =

0.20,
FuzEn(m, r) = —In[@m+1(r) / dm(r)], (2)

and mutual information is a nonparametric
measure of nonlinear statistical dependence

between two channels,

IX'Y) = 35 plxy) loglpCy)/ (0p())]. (3)

MI is computed for all 171 channel pairs in
each of the five bands. Table 2 summarizes the

dimensionality of the five feature types.

3.4. Five—Stage Ablation Design

Table

decomposing the feature space along spatial

3 defines five feature subsets
and spectral axes. El (the minimal anchor)
contains two features: delta-band AP at O2
and P4. E2 isolates the spatial axis by

extending this delta AP to all 19 channels. E3

localized
diversity, comprising all 207 features from
channels O2 and P4. E4 captures the delta
band’s overall predictive capacity using all 228
delta features (AP, RP, FuzEn, and MI) across
all channels. E5 is the full 1,159-dimensional

space.

isolates multi-band/multi-type

Table 2. EEG feature types and dimensionality

¥ 2 EEG S 7 % A 7

Channels x
Type Definition Count
bands
Welch PSD band
AP ) 19 x 5 9%
integral

RP Total-power normalized 19 x5 s}
FuzEn Fuzzy entropy 19 x 5 95
TBR Theta/beta power ratio 19 x 1 19

MI Channel-pair MI 1711 x5 855
Total - — 1,159
Crucially, these subsets form parallel

expansions rather than a single nested chain.
El is the common origin for E2 (spatial
expansion) and E3 (spectral/type expansion).
E4 provides a global delta-band slice, and E1 -
E4 are all subsets of E5 This parallel
architecture enables the independent evaluation

of spatial versus spectral contributions.

3.5. Classifiers and Evaluation

We evaluate four classifiers—random forest
(n_estimators=300), RBF-SVM, XGBoost [16],
and MLP [17], wusing stratified 10-fold
cross—validation (random_state=42). To prevent
data leakage, a StandardScaler 1is fitted
exclusively on each training fold. Because all
identical

variations

models  share seeded  splits,

performance reflect  algorithmic
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differences rather than data partitioning. We
report accuracy, precision, recall, F1 score, and
AUC (ADHD as the positive class).

Table 3. Definition of the five ablation stages
I 3 CHM B ZH AEel Mol

classifier (Fig. 3). For RF and XGBoost, E3
slightly exceeds E4 (89.77% vs. 88.09%; 94.61%
vs. 94.44%); for SVM and MLP the ordering
reverses (9245% vs. 91.83%; 9358% vs.
93.31%).

Table 4. Classification accuracy by classifier and

ID | Axis probed Scope Feat. feature set (10-fold mean = SD, %)
Minimal E 4 27 ¥ EF rgd 2/ =5 (10-fold
El N 02, P4 x § x AP 2 W + TEHXL %)
anchor
E2 | Spatial axis 19 chanzelis 6 19 Fsesct. RF SVM | XGBoost| MLP
3 Localized All features of 07 El (2) 5?2? 51’?): 551)'91i 6;2?
diversity channels O2, P4 - . 96 -
19 ch » 6 ~ (AP (| P18 | 63465 | s0s | o7
E4 Delta slice RP. FuzFn. MD) 228 211 1.83 1.49 2.06
19 ch % 5 bands x 5 E3 | 8977+ | 9183+ | 9461+ | 9331+
E5 | Full space twpes 1,159 (207) 195 130 055 1.20
F4 88.09+ 92.45+ 94.44+ 93.58+
(228) | 188 1.39 126 125
4. Results E5 98.37 99.31 99.57 99.09
(1,159) | =+ 046 + 0.38 + 0.35 + 040
Each cell is the 10-fold cross-validation accuracy (mean * SD).
4.1. Classifier and Feature—Set For E5, the AUC is 0999 (RF), 1.000 (SVM), 1.000 (XGBoost), and
Comparison 0.998 (MLP).
Table 4 and Fig. 2 report 10-fold w0
cross—validation accuracies for all 2

feature-set/classifier pairs. Against a 55.8%
majority—class baseline, all four -classifiers
achieved >98.3% accuracy and >0.998 AUC on
the full feature space (E5). This confirms that
high classification performance is robust and

strictly classifier-independent.

4.2. Spatial Versus Spectral Diversity

E3 (207 features, localized spatial diversity)
and E4 (228 features, full delta band) yield
88 - 95%,

classifiers, but their ordering depends on the

comparable accuracy, across all

b
4 =3
(a0
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i
o
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¥
3
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hldstion stage {rumber of festeres)

Fig. 2. Classification accuracy across five ablation
stages and four classifiers
& 2. oA cbA ZH AED W JHK|

=
27700 wE 2F M=

or

|
4

All four gaps are within 2 percentage
points and overlap with the 10-fold standard
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deviation.

1000

975 B
ag ML

Edk

95.0 0.5

e

Classification accuracy (%)
&
=

RandomFarest M KGBoost
Clagsifier

Fig. 3. Accuracy comparison between E3 and
E4 by classifier
a3 3. BF71Y E32f B49 Hetk dH(W

Two points follow. First, the multi-band,
multi-type information of just two channels
(E3) and the all-channel information of a
single  band (E4) carry  comparable
discriminative power for ADHD classification.
Second, which axis appears stronger depends
on the inductive bias of the classifier, so a
general claim such as “spatial diversity
outweighs spectral diversity” cannot be drawn
from a single classifier. This is precisely why

a multi—classifier comparison is needed.

4.3. Standalone Predictive Capacity of
Delta Power/Entropy Features

Our central test concerns whether the

delta-band power and entropy features
de—prioritized by data-driven selectors in fact
carry diagnostic information. We isolate the 57
features formed by delta-band AP, RP, and
FuzEn (hereafter the E4°

ADHD versus HC with them, and compare

probe), classify

against a negative control in which the labels
are randomly permuted. If the probe AUC
clearly exceeds the control AUC, the feature

set carries standalone diagnostic information.

Table 5. Cross-validation results for the E4 " probe
¥ 5 E4 probeoll CHst WAIHAZS Z3f

. Probe | Probe | Probe | Ctrl. )
Classifier ACC 1 AUC AUC Gain
RF 0.785 0.825 0.868 0.502 | +0.366
SVM 0.728 0.783 0.792 0497 | +0.295
XGBoost | 0.828 0.853 0911 0492 | +0420
MLP 0.746 0.780 0.811 0505 | +0.307

Mean 0.772 0.810 0.846 | 0499 | +0.347

Table 5 and Fig. 4 show the E4 " probe
yields an AUC of 0.792-0911 (mean 0.846)
across classifiers, far exceeding chance-level
permuted controls (mean 0.499). This consistent
AUC gain (mean +0.347) confirms the strong,
classifier-independent  diagnostic  value  of
delta-band power and entropy features that

may be de-prioritized by data-driven selectors.

N E4 probe {57 D2k pomeniciropy foabuna)
0 Labal-pemiuted negative corsrol

ng1t

o702

RandarmFarest s GBaost
Classfiar

Fig. 4. AUC comparison between the E4 ~ probe
and label-permuted control
% 4. B4’ probe2t 2t 2E9| X8t i=F2o|
AUC |1
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Because these 57 features comprise the full
delta block, they may not perfectly match the
exact subset excluded by Mao et al. [2]. Thus,
this represents an upper-bound test of the
block’s predictive capacity, leaving precise

comparisons for future work (Section 5).
4.4. ROC Curves and Confusion Matrices
Fig. 5 and Fig. 6 display the 10-fold

aggregated ROC curves for the random forest

and XGBoost classifiers, respectively.

ROC curves — RandomForest

True Positive Rate

oa oz as nE LE 1o
Falsa Positive Rate

Fig. 5. ROC curves of the random forest classifier
2 5 #HY Y AE EFJ|9 ROC FM

Fig. 7 and Fig. 8 present the corresponding
row—normalized confusion matrices. For both
classifiers, AUC

expansion, rising from the minimal El feature

increases with feature

set to the full E5 feature space. These
additional  XGBoost further

confirm that the strongest-performing classifier

visualizations

follows the same overall feature-expansion

trend observed in the random forest results.

ROC curves — XGBoost

08

o
Y

True Positive Rate

False Positive Rate

Fig. 6. ROC curves of the XGBoost classifier
a3 6. XGBoost &/712] ROC =M

5. Discussion

This study re-evaluates the diagnostic value
of the delta band ADHD,
contextualizing  its omission by
data—driven

five—stage

in pediatric
frequent
selectors  [2].  Our
shows that the 57

delta-band power and entropy features yield

feature

ablation

strong standalone predictive capacity (mean
AUC 0.846) across four distinct classifiers, far
exceeding a label-permuted control. This aligns
with the well-established cortical
maturational-lag hypothesis, wherein increased
resting-state slow-wave activity reflects a
delayed developmental trajectory in ADHD [7],
(8.

We propose that the omission of delta
features in prior optimal subsets [2] may be
partially attributed to the inherent mechanics of
certain importance-based selectors, which often
inadvertently mask the contribution of highly
correlated features [10], [11]. By bypassing this
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Confusion matrices — RandomForest

E4’ probe (2 feat.)
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33.2%

ADHD
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Predicted

Control ADHD
Predicted

Delta block (all feat.)

0.8

Control
Control

0.6

Row %
True

True

- 04

ADHD
ADHD

- 02

Control ADHD Control

Predicted Predicted

Delta AP (19 ch.)

All features

02 + P4 (all feat.)

°
3
Control

°
W
ADHD

Control ADHD
Predicted

ADHD

Fig. 7. Confusion matrices of the random forest classifier

a% 7. MY =

selection step, we demonstrate that models can
achieve 984 -99.6% accuracy independently of
This highlights a critical

implication:

classifier choice.
methodological mathematically
optimized feature subsets must be balanced
against neurophysiological interpretability.

Our findings are constrained by epoch-level
cross—validation, which risks subject-level data
leakage and may inflate absolute accuracies
relative to leave-one-subject-out protocols [3].
In addition, the simplified FastICA-based
artifact attenuation strategy may not fully
remove all EOG and EMG artifacts, because
only the single highest-variance component
was removed and no dedicated EOG/EMG
reference channels or manual ICA component
labels were available in the public dataset.
Future work  will

employ  subject-level

H = k=3 Si
AE 2570 EEHY

—_——

cross—validation across diverse clinical cohorts

and incorporate more rigorous
such  as
EOG/EMG-assisted ICA, automated component
classification, and manual expert inspection, to
further validate the delta band’'s role as a

robust, interpretable biomarker.

artifact-correction ~ procedures,

6. Conclusion

We examined the tension by which
data—driven feature selectors de-prioritize the
delta band in EEG-based pediatric ADHD
it with a

five-stage spatial - spectral ablation run under

classification, and we analyzed

four classifiers. On a public dataset [4] with a

1,159-dimensional, five-band feature space we
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Confusion matrices — XGBoost
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Control
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Row %
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0.6

Row %

- 04

ADHD

Fig. 8. Confusion matrices of the XGBoost classifier
4

12l 8. XGBoost /7|2 =5

found that (i) the full-feature model reaches
984 -99.6% accuracy for RF, SVM, XGBoost,
and MLP alike, so high performance is
independent of classifier choice; (ii) localized
spatial diversity (E3) and the full delta band
(E4) yield comparable 83 -95% accuracy, with
the ordering of the two axes depending on the
57 delta-band

which may be

classifier; and (i) the
power/entropy  features,
de—prioritized in data—driven feature—selection
pipelines, achieve a mean AUC of 0.846 across
the four classifiers, far above the
label-permuted control at 0.499.

These findings provide strong evidence that
the delta band retains standalone predictive
value for ADHD classification and support the
need to evaluate data-driven optimization
results

alongside neurophysiological

interpretability. The epoch-level

S
=E|
=

cross—validation limits external generalization
of the absolute accuracies, and subject-level
validation together with a precise comparison
against the excluded features of [2] remains for

future work.

This work is based on the author’s master’'s

thesis at Pusan National University.
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