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Abstract

Autism spectrum disorder (ASD) is a neurodevelopmental condition where early detection
is crucial for improving outcomes. Electroencephalography (EEG) offers a non-invasive
approach for identifying potential biomarkers. In this study, we investigate hemispheric
asymmetry using the Lateralisation Index (LI) derived from EEG signals and evaluate its
effectiveness for ASD classification. Using a small dataset of children with and without
ASD, we applied several machine learning models, including Logistic Regression, Support
Vector Machines and Random Forest. Particular attention was given to evaluation strategies
to avoid overfitting and data leakage. While initial results suggested moderate classifi-
cation performance, repeated validation indicated unstable generalisation. Our findings
highlight both the potential and limitations of LI-based features in small-sample settings
and emphasise the importance of robust evaluation in EEG-based machine learning studies.

Keywords: EEG; autism spectrum disorder; Lateralisation Index; machine learning; overfitting

1. Introduction

Autism spectrum disorder (ASD) is one of the most common neurodevelopmental
disorders, which affects 0.6% of the global population and is a rapidly increasing devel-
opmental disability [1]. Due to the presence of difficulties in social communication and
interaction, along with restricted and repetitive patterns of behaviour, interests, or activi-
ties [2], individuals diagnosed with ASD often require a substantially higher level of care,
support, and educational resources. Additionally, research has shown that diagnosis and
intervention in early age improve their life quality and social adaption [3]; the current
detection procedure, which is mainly based on behaviour evaluation, limits the possibility
of crucial diagnosis and intervention, as clear behavioural signs often do not appear until
after an important developmental period [4].

In recent years, the development of neuroimaging techniques combined with artificial
intelligence (AI) has created opportunities to identify biomarkers to distinguish individuals
with ASD from their neurotypical peers, suggesting the potential for detection before typical
symptoms appear [5]. Among the available neuroimaging tools, electroencephalography
(EEG) is a widely used for biomarker discovery. In addition to the objective, time-sensitive
measures of brain activity by placing sensors on the scalp, it is more affordable and

Eng. Proc. 2026, 148, 6

https://doi.org/10.3390/engproc2026148006


https://crossmark.crossref.org/dialog?doi=10.3390/engproc2026148006&domain=pdf&date_stamp=2026-07-01
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/engproc
https://www.mdpi.com
https://doi.org/10.3390/engproc2026148006

Eng. Proc. 2026, 148, 6

20f7

accessible compared to other imaging modalities. By recording tiny electrical signals from
neurons, EEG allows researchers to observe brain function in real time and investigate the
neural mechanisms underlying atypical development in ASD [6]. EEG signals are typically
analysed across five frequency bands: delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta
(13-30 Hz), and gamma (>30 Hz). Previous research has identified atypical EEG activity,
while other research suggests altered hemispheric asymmetry in individuals with ASD [7].
However, the extent to which such asymmetry can be reliably quantified and used for
classification remains unclear, particularly in small-sample settings.

In this study, we focus on hemispheric asymmetry as a simplified and interpretable
feature using the Lateralisation Index (LI), which quantifies the relative difference in activity
between the left and right hemispheres. Instead of using complex deep learning models,
we explore whether LI-based features combined with classical machine learning methods
can provide meaningful signals for ASD classification. In addition, we reported robust
evaluation strategies to better understand model performance in small-sample scenarios.

2. Materials and Methods
2.1. Dataset and Data Preprocessing

The dataset comprised EEG recordings from 13 children with high-functioning autism
(aged 7-12 years, M = 9.7) and 13 age-matched neurotypical children (M = 9.3) [8]. EEG
signals were recorded for approximately 30 min per participant in a controlled environment
designed to minimise visual and auditory distractions. Data were collected using a 19-
channel OpenBClI electrocap configured according to the international 10-20 system.

The raw EEG data has been pre-processed, and band powers were extracted in a prior
study [9].

2.2. LI Calculation and Statistical Analysis

To quantify hemispheric asymmetry, the Lateralisation Index (LI) was computed by
the following classic formular [10]:

LI=[R-L)/R+L), (1)

where L and R represent the average band power of electrodes over the left and right
hemispheres, respectively. Mean power was computed across symmetrical electrode pairs
(Fpl/Fp2, F3/F4,C3/C4,P3/P4,01/02, T3/T4, T5/T6, F7/F8). In accordance with the
standard 10-20 system, electrodes with odd indices correspond to the left hemisphere,
while even indices correspond to the right hemisphere.

LI values were calculated for each frequency band (delta, theta, alpha, beta, gamma)
and averaged for each participant. Positive LI values indicate strong right-hemisphere
activity while negative LI values suggest left-hemisphere dominance.

Statistical analyses are conducted to examine both between-group and within-group
differences in LI values. Mann-Whitney U tests [11] are used to compare LI distributions
between the autism and neurotypical groups. Within-group hemispheric asymmetry was
evaluated using the Wilcoxon signed-rank test [12].

2.3. Classification Models

For the classification task, mean LI values were used as EEG-derived features to
distinguish between the autism and neurotypical group. Specifically, for each participant,
the LI values across all symmetrical electrode pairs were averaged within each frequency
band (delta, theta, alpha, beta, and gamma), resulting in five features per participant. This
averaging approach provided a compact representation of hemispheric asymmetry across
frequency bands while reducing noise from channel-level variability.
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Four supervised machine learning algorithms were implemented: Logistic Regression
(LR), Linear Support Vector Machine (Linear SVM), Radial Basis Function Support Vector
Machine (RBF SVM), and Random Forest (RF). Classic machine learning methods were
chosen due to their suitability for small sample sizes, reduced risk of overfitting, and greater
interpretability compared to more complex models. This interpretability is particularly
valuable for identifying meaningful EEG-based biomarkers. All features were standardised
prior to model training to ensure consistent scaling.

2.4. Evaluation Strategy

Data were adopted using a group-wise split strategy to prevent data leakage between
participants. For the initial classification analysis, data were divided into a single train—test
split (80% training, 20% testing). The resulting testing dataset was imbalanced, containing
one neurotypical participant and five participants with ASD. To assess robustness and
generalisability, we additionally performed a 20 times repeated-split validation based on
the same splitting strategy and averaged across the repetitions. Model performance was
evaluated using balanced accuracy, precision, recall, and F1-score.

3. Results
3.1. Hemispheric Asymmetry

Hemispheric asymmetry was first examined through descriptive analysis of mean
band power across hemispheres (Figure 1a). Neurotypical participants showed a clear
right-hemisphere dominance; whereas, this asymmetry was reduced in the ASD group.
This pattern is also reflected in the LI distributions (Figure 1b). The neurotypical group
showed higher and more variable LI values while the values from the ASD group were
closer to zero, indicating more symmetric brain activity for individuals with ASD.

EEG Band Power: Neurotypical vs Autism Lateralisation Index (LI) Comparison Between Groups
(Left vs Right Hemisphere)
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Figure 1. Hemispheric asymmetry analysis in neurotypical and ASD groups. (a) Mean EEG band
power in the left and right hemispheres for neurotypical and autism groups. Neurotypical participants
show a stronger right-hemisphere dominance, while this asymmetry is reduced in the autism group.
(b) Distribution of the Lateralisation Index (LI) across groups. The neurotypical group exhibits
higher and more variable LI values, whereas the autism group shows values closer to zero, indicating
reduced hemispheric asymmetry.

At the group level, the mean LI was higher in the neurotypical group (0.567) compared
to the ASD group (0.222), suggesting reduced hemispheric lateralisation in ASD. However,
between-group differences were not statistically significant across frequency bands (all
p > 0.05; Table Al). Within-group analysis revealed significant hemispheric asymmetry in
the neurotypical group across multiple frequency bands (p < 0.05); whereas, no significant
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asymmetry was observed in the ASD group (all p > 0.2; Table A2). Overall, these findings
indicate a consistent trend of reduced hemispheric lateralisation in ASD, although the effect
did not reach statistical significance.

3.2. Classification Performance

Table 1 shows the model performance, where LR achieved the highest balanced
accuracy (0.80), followed by the RBF SVM and RF, both showing moderate performance
(0.70) in the single-split evaluation. The Linear SVM performed extremely poorly, with
a balanced accuracy of 0.10. Precision and recall followed a similar pattern (Table A3),
with LR showing the most balanced trade-off between correctly identifying ASD cases and
avoiding false positives.

Table 1. Balanced accuracy of classification models under single-split and repeated-split evaluation.

Model Single Split Repeated Split
(Balanced ACC) (Balanced ACQ)
LR 0.80 0.54 +£0.21
Linear SVM 0.10 0.44 + 0.18
RBF SVM 0.70 0.45 +0.16
RF 0.70 0.46 + 0.23

Specifically, while LR achieved a balanced accuracy of up to 0.80 in the single-split
setup, with average accuracy approaching chance level (0.54). Similar patterns were
observed for the other models. Furthermore, the large standard deviations (£0.16-0.23)
indicate limited generalisation capability, likely driven by the small sample size.

4. Discussion

This study investigated the use of hemispheric asymmetry, quantified by the LI, as
a feature for ASD classification using EEG data. While descriptive analysis suggested
that neurotypical participants exhibit stronger hemispheric lateralisation compared to
individuals with ASD, the statistical evidence remained limited due to the small sample size.

A key finding of this work is the discrepancy between single-split and repeated-split
evaluation results. Although some models, particularly Logistic Regression, achieved
relatively high performance in a single train—test split, these results did not generalise
when evaluated across multiple random splits. The average performance dropped close to
chance level, with high variability across runs. This indicates that the apparent predictive
performance is unstable and likely influenced by random variation rather than robust
underlying patterns.

These findings highlight an important methodological issue in EEG-based machine
learning studies: small datasets can easily lead to overfitting and overly optimistic evalua-
tion results. Without careful validation strategies, such as participant-level splitting and
repeated evaluation, model performance may be misinterpreted. In this context, our study
emphasises that evaluation design is as important as model selection, particularly when
working with limited data.

Another important consideration is the trade-off between model complexity and inter-
pretability. While many previous studies have adopted complex deep learning architectures,
we intentionally focused on simpler and more interpretable models. This allows clearer
insight into model behaviour and reduces the risk of overfitting. However, even with
simpler models, the limitations of the dataset remain a major constraint.
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From a practical perspective, the results suggest that LI-based features alone may
not be sufficient for reliable ASD classification in small datasets. Although hemispheric
asymmetry appears to carry some signal, its predictive power is weak and inconsistent.
Future work should focus on increasing dataset size, incorporating additional features,
and performing systematic model optimisation to better assess the potential of EEG-based
biomarkers.

In conclusion, this study provides a cautious but informative perspective on EEG-
based ASD classification. Rather than focusing on achieving high accuracy, it highlights
the importance of robust evaluation and realistic interpretation of results. These insights
are particularly relevant for the development of reliable and clinically applicable machine
learning models in neuroimaging research.
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Appendix A

Table Al. Between-group comparison of Lateralisation Index (LI) across frequency bands using the
Mann-Whitney U test.

Bands p-Value
Delta 0.07
Theta 0.12
Alpha 0.14
Beta 0.07
Gamma 0.20
All 0.08
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Table A2. Within-group hemispheric asymmetry analysis across frequency bands using the Wilcoxon
signed-rank test.

Group Bands p-Value
Control Delta 0.02
Control Theta 0.15
Control Alpha 0.03
Control Beta 0.03
Control Gamma 0.04
Autism All >0.2

Table A3. Detailed classification performance metrics. Classification performance metrics for all
models under single-split and repeated-split evaluation. Repeated-split results are reported as
mean =+ standard deviation.

Split Balanced

Model Approach ACC Precision Recall F1-Score

LR single 0.80 0.67 0.80 0.62

repeated 0.54 +0.21 0.51 0.54 0.46

. single 0.10 0.25 0.10 0.14

Linear SVM o peated 044 +0.18 0.39 0.44 0.36

single 0.70 0.62 0.70 0.49

RBESVM  fepeated 045+ 0.16 0.39 0.45 0.36

RE single 0.70 0.62 0.70 0.49

repeated 0.46 +£0.23 0.44 0.46 0.39
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