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Autism Spectrum Disorder (ASD) is a complex neurodevelopmental condition that requires timely and
accurate detection for effective intervention. This study evaluates the performance of six machine learning
models — Logistic Regression, Support Vector Machine (SVM), Decision Tree, Random Forest, XGBoost,
and k-Nearest Neighbors (kNN) — in detecting ASD across three age groups, using three separate datasets:
children, adolescents, and adults. Using a comprehensive dataset segmented by age, each model was assessed
through stratified 10-fold cross-validation based on five key performance metrics: accuracy, precision, recall,
F1 score, and area under the curve (AUC). The findings indicate that ensemble and linear models, particularly
XGBoost and Logistic Regression, consistently deliver the most reliable results across all age groups and the
combined dataset, with high classification accuracy and balanced precision-recall tradeoffs. In contrast, KNN
and Decision Tree models displayed inconsistent performance, often struggling with both false positives and
false negatives. This analysis supports the application of advanced machine learning methods, especially
ensemble techniques, for developing robust and generalizable ASD detection systems across diverse age

demographics.

1 INTRODUCTION

Autism  Spectrum  Disorder (ASD) is a
neurodevelopmental  condition that typically
manifests within the first three years of life
Homunaka! /I:kepesio NOCHJIAHHSA He 3HaligeHo.. It
is primarily characterized by challenges in social
interaction, communication difficulties, restricted
interests and repetitive behaviors ITomuaxa!
Jxepeno mocwyiaHHsi He 3HaiimeHo.. Individuals
with ASD often struggle to understand others’
emotions and thoughts, which can make interpersonal
communication difficult. According to the World
Health Organization (WHO), approximately 1 in 270
people globally are affected by ASD Ilomuaxka!
J’xepeno mocuiaHHs He 3HaiimeHo.. FEach
individual spectrum presents a unique set of
characteristics — while some face significant
challenges, others may exhibit exceptional abilities in
areas such as visual processing, academics or music.
Early diagnosis and intervention are crucial in
managing ASD effectively. Detecting ASD early
enables more timely and targeted treatments, which
can significantly improve outcomes and reduce the
long-term impact of the disorder. Traditionally,
symptoms are identified through clinical observation,
which can be time-consuming and labor-intensive.

In recent years, machine learning techniques have
emerged as powerful tools for analyzing symptoms
associated with complex conditions such as heart
disease, diabetes, and cancer. These methods are now
increasingly being applied to ASD detection, with
researchers IMommaka! [Iskepeno mocuiaaHHA He
3HaiigeHo., Ilommaka! Jlzkepeno mocuiaHHA He
3Haiineno. developing a range of models to improve
the accuracy and efficiency of diagnosis and help
mitigate the effects of ASD more effectively.

The prevalence of ASD has been increasing
rapidly across all age groups in recent years. Early
detection of this neurodevelopmental condition is
crucial, as it can significantly improve the
individual’s mental and physical well-being. With the
growing application of machine learning in
healthcare, early diagnosis of various neurological
and physiological conditions is  becoming
increasingly feasible. This progress has fueled
growing interest in utilizing these technologies to
enhance the detection and analysis of complex
disorders, thereby enabling more effective treatment
strategies. However, diagnosing ASD remains
challenging due to symptom overlap with other
mental health conditions. These similarities often
complicate the diagnostic process, making accurate
and timely identification of ASD a difficult task. This
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underscores the need for advanced computational
tools, such as machine learning models, to support
clinicians in distinguishing ASD from related
disorders IMommaka! J[Ixkepeqo mnocWJIaHHS He
3HaliieHo..

2 RELATED WORK

Recent studies have explored the use of wearable
sensor-based devices for the detection of Autism
Spectrum Disorder (ASD)Iommuaka! [[xepeiio
nocwianHs He 3Haiigeno.llommaka! J[[:kepeso
nocujaHHa He 3HaiigeHo.. The integration of
intelligent systems has introduced more cost-
effective and scalable solutions for identifying ASD
in children, adolescents and adults ITommiaka!
xepesno mocuaanHs He 3HalaeHo.. A wide range
of methods has been applied in the literature,
including structural magnetic resonance imaging
(MRI) TIlomuaka! J[I:kepeno TmOCHIAHHA He
3HaiigeHo., neural networks, machine learning (ML)
techniques, deep learning, transfer learning, and
Internet of Things (IoT) — based frameworks
Momuaka! /[)kepeno mocuiaaHHsi He 3HaiiaeHO..
While these approaches have shown promising
results in ASD detection with reasonable accuracy,
they are often hindered by data acquisition
challenges. Many healthcare institutions are reluctant
to share patient data due to organizational policies
and regional data protection regulations, making data
privacy, security, and availability major obstacles in
the development of effective intelligent diagnostic
systems. Furthermore, even when data access is
granted, transmitting large volumes of data over
networks introduces additional concerns such as
network congestion, latency and potential data
breaches.

Wong et al. [Tlomuaka! /Izkepesio mocuJIaHHS He
3Haiigeno. utilized data mining tools to investigate
the impact of various autism treatments on behavioral
outcomes. Their approach enabled the prediction and
better understanding of autistic children’s behavior,
providing a framework for differentiating between
socially acceptable and wunacceptable conduct.
Similarly, Kaur et al. INommaka! Ixepesio
NMOCHJIAHHA  He  3HaiigeHo. conducted a
comprehensive review of 45 research studies that
employed supervised machine learning and
classification algorithms in the context of ASD
diagnosis and analysis. Among the most frequently
used models were Support Vector Machine (SVM),
Neural Networks, Random Forests, Decision Tree,
Least Absolute Shrinkage, and Selection Operator
(LASSO), various regression methods, Conditional
Forests (CF), Naive Bayes (NB), Elastic Net

regression (Enet), Random Tree, and Flex Tree
classifiers. Furthermore Koumpouros et al.
Homunaka! [Ixepesio MOCHIAHHA He 3HaiiaeHo.
carried out a systematic review of 83 studies
published after the year 2000, focusing on
interventions for ASD that leveraged wearable
technologies and computation methods to support
treatment and behavioral monitoring.

3 DATA

The following section describes the dataset
preprocessing, model selection, hyperparameter
tuning, and performance evaluation procedures used
to assess the effectiveness of various machine
learning models for predicting ASD.

Three datasets are used for the purpose of this
paper, one for children, one for adolescents, and one
for adults. Every dataset consists of 20 features, 10 of
which (A1-A10) are behavioral features that have a
binary value (value that is 0 or 1). The other 10
features are shown in Table 1 ITommaka! [xxepeno
nocuwianHs He 3Haigeno.-Ilomunka! Jl:kepeno
nocuwianHsg He 3HaiineHo.llomuika! JIxkepeno
TMOCHJIAHHS He 3HalIeHO..

Table 1: Dataset features.

Feature Description
age Age in years
gender Male or female
.. List of common ethnicities in text
ethnicity
format
. . Whether the person was born with
jaundice . .
jaundice
autism Whether any immediate family
member has ASD

country of res List of countries in text format

Whether the user has used a

used app before .
— = screening app

The final score obtained based on
the scoring algorithm of the

result screening method used. This was
computed in an automated manner
age desc The age span of the patient
relation Who diagnosed the patient

For this paper, in addition to the analysis done on
these datasets, containing the same features, we
constructed a dataset that is a combination of all three.



The analysis of the combined dataset gives another
view of the results.

The target variable, Class/ASD, was categorical,
representing the presence or absence of ASD. To
enable machine learning algorithms to process this
variable, Label Encoding ITommuaka! [I:kepeino
NMOCHJIAHHS He 3HaiimeHo. is applied, where the
classes were transformed into binary numeric values:
0 for negative and 1 for positive cases.

4 METHODS

For this study, six machine learning models were
selected for comparison:
= Logistic Regression: A linear classifier

suitable for binary classification tasks
MHomuaxa! [I:kepeno NOCHJIAHHA  He
3HAHIEHO.;

= Support Vector Machine (SVM): A non-linear
classifier that maximizes the margin between
classes using kernels Ilommaka! [[:kepesio
MOCHJIAHHS He 3HalIeHo.;

= Decision Tree: A recursive partitioning
method that constructs decision boundaries
based on features. IMommaka! Jl:kepesio
MOCHJIAHHS He 3HalIeHo.;

= Random Forests: An ensemble model that
aggregates the predictions of multiple
Decision Trees ITommaka!  [Ixkepeno
NOCHJIAHHSA He 3Hal/IeHo.;

= XGBoost: A gradient boosting method known
for its robustness and performance Ilomuiika!
Jepeso nocunaHHs He 3HANIEHO.;

= k-Nearest Neighbors (KNN): A non-parametric
method that assigns labels based on the
majority vote of neighboring points
IMomunaka! [Iskepeno mNOCHIAHHA  He
3HANIECHO..

S EXPERIMENTAL SETUP

Initially, a traditional train-validation-test split was
implemented to evaluate model performance
Homunka! [Isxepeno mocuiIaHHA He 3HA/IeHO..
However, this method resulted in inconsistent and
unreliable evaluation metrics, likely due to the limited
size and potential variability within the dataset. To
address these limitations, the study adopted a 10-fold
cross-validation strategy, which better maintains
class proportions across folds and provides more
stable and generalizable evaluation results
Momuaxa! /Ixepesio mocuJIaHHsI He 3HAMIEHO..

In 10-fold Stratified Cross-Validation, the dataset
was divided into ten equal-sized folds, ensuring that
each fold preserved the same class distribution as the
overall dataset. The model was trained on nine folds
and tested on the remaining fold, and this process was
repeated 10 times. The final reported metrics were the
average values across all folds.

5.1 Feature Selection

Feature selection is performed using a Random Forest
Classifier, to identify the most important predictors of
ASD. Random Forest, an ensemble method,
computes the importance of each feature by
measuring how much they contribute to the reduction
of impurity in the Decision Trees IlTommuaka!
xepeno mocuyiaHHsi He 3Haiineno.. The topmost
important feature was identified and subsequently
dropped to assess the effect of excluding this feature
on model performance. This step was essential for
ensuring that the model was not overly reliant on a
single feature, which could lead to overfitting.

5.2 Hyperparameter Tuning

To optimize the performance of the models,
hyperparameter tuning was performed using
GridSearchCV Iomuiaka! [Ikepesio NOCHJIAHHS He
3Haiineno.. This method exhaustively searches
through a specified parameter grid to identify the best
combination of hyperparameters for each model. The
hyperparameters tuned for each model included
regularization strength (c) for Logistic Regression
and SVM, maximum tree depth and minimum
samples for Decision Trees and Random Forests,
number of neighbors for kNN and learning rate, tree
depth, and number of estimators for XGBoost. The
hyperparameters were selected based on accuracy as
the scoring metric.

5.3 Evaluation Metrics

The metrics that were computed to assess the
performance of each model are:
= Accuracy — Measures the proportion of
correctly classified instances among all
instances IMommiaka! [[xepeso mocuiaHHs
He 3HAWJIEeHO.;
= Precision — Measures the proportion of
correctly predicted positive instances among
all predicted positives Ilommaka! Txepeso
MOCHJIAHHS He 3HAl/IeHo.;
= Recall — Measures the proportion of correctly
predicted positive instances among all actual



positives IMomuaka! [Ixkepeno mocuIaHHS
He 3HalJIeHo.;

= F1 Score — Represents the harmonic mean of
precision and recall, balancing the two
ITomunka!  [[kepeio  NOCHWIAHHA  He
3HAWIEHO.;

= Area Under the ROC Curve (AUC) -
Evaluates model’s ability to distinguish

between classes across all threshold
settings Iomuaka! [xepesio mocunanus He
3HaAN/IEHO..

These metrics were selected to provide a
comprehensive evaluation of predictive ability,
especially considering the potential imbalance in
class distributions Ilomuska! [zkepesio mocuJIaHHSA
He 3HaH/IeHO..

6 RESULTS

This section presents the results of the descriptive
analysis and model evaluation. It explores the
distribution of demographic and target features across
children, adolescent and adult datasets, followed by
performance of six classification algorithms. The
analysis is then replicated on a merged dataset to
assess model behavior across a combined population.

6.1 Exploratory Data Analysis

To understand the class balance of the dataset across
different age groups, the distribution of the target
variable (Class/ASD) was visualized separately for
children, adolescents and adults.

The class distribution varies across datasets. The
children dataset is relatively balanced, with nearly
equal numbers of ASD-positive and negative cases,
which minimizes bias during model training. In
contrast, the adolescent dataset shows a mild skew
toward ASD-positive cases, which may influence
sensitivity and false positive rates. The adult dataset
is strongly imbalanced, with a much higher
proportion on ASD-negative cases. This imbalance
can hinder the detection of positive cases and may
require techniques such as stratified cross-validation
or class weighting.

The approximate values of the target variable
distribution are illustrated in Table 2 below.

Table 2: Target variable distribution.

Dataset NO YES

Children 49% 51%

Adolescents 38% 62%

Adults 72% 28%

To better understand the demographics of each
dataset and assess potential biases, the distribution of
age was visualized for the children, adolescent, and
adult datasets (Figure 1).

The age distribution varies notably across the
three datasets. In the children group (ages 4-11), the
highest concentration of participants is at age 4
(n=78), after which the numbers decline steadily with
age. This pattern reflects the priority given to early
ASD screening, often beginning in preschool
years Ilommaka! Jl:kepeio TNOCWIAHHSA  He
3HaAW/IEHO..

Among adolescents (ages 12-16), the distribution
is relatively even, with each year represented (n~14-
29), and a slight peak at age 16. This indicates that
diagnoses continue into adolescence, often due to
increased social and academic pressure INommaka!
JxepeJio MOCHJIAHHA He 3HAWIECHO..

In adults (ages 18-80), the distribution peaks in
early adulthood (ages 18-25, n=90) before gradually
tapering off with age. This suggests that while most
adult diagnoses occur in early adulthood there is still
a presence of individuals diagnosed later in life,
possibly due to retrospective recognition of lifelong
traits or increasing public and clinical awareness of
ASD [35].

Analysis of ethnicity across age groups revealed
distinct demographic patterns. In the children dataset,
White-European participants make up nearly half the
sample, followed by Asian and Middle Eastern
groups, with minority representation remaining
limited underscoring persistent disparities in early
ASD diagnosis across ecthic lines ITommiaka!
Jl:kepeJsio MOCHIIAHHS He 3HAliIEHO..

Among adolescents, White-European
representation decreases slightly, while “Others,”
Black, and Hispanic groups increase, suggesting
broader diagnostic access and improved outreach
IMomuaka! /[xepesio nocujiaHHs He 3HAIIEHO..

The adult dataset shows the most diversity, with
White-Europeans ~ below  40% and  strong
representation from Asian, Middle Eastern, South
Asian, Black, and Latino groups, reflecting greater
awareness and inclusivity in adult diagnoses.

The gender distribution across the three age
groups — children, adolescents and adults — was
evaluated to understand the demographic
composition of the dataset (Table 3). The gender
distribution for children, exhibits a noticeable
imbalance, with the number of males being



significantly =~ higher  than  females.  This of ASD diagnoses among male children compared to
disproportionate representation aligns with the female IMomuaka! JXKepeao mNOCHJIAHHS He
existing research which indicates a higher prevalence 3HaliIeHo..
age age age
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Figure 1: Age distribution across age groups.

In the adolescent group, the gender distribution
achieves near parity, with 50 males, and 50 females
represented. This balanced composition ensures that
the models trained on this dataset are less likely to
exhibit gender-related biases, enabling a fair
evaluation of ASD detection across both genders in
this age group.

The adult dataset demonstrates a relatively
balanced gender distribution, albeit with a slight
skew. While not perfectly balanced, this distribution
provides sufficient representation of both genders to
minimize bias in the analysis of ASD detection
among adults.

Table 3: Gender distribution across age groups.

Dataset Male Female
Children 70% 30%
Adolescents 50% 50%

Adults 53.3% 46.7%

Jaundice, particularly neonatal, has been studied
for its potential association with neurodevelopmental
disorders, including ASD. Neonatal jaundice results
from elevate bilirubin levels, which, if untreated, may
lead to kernicterus — a condition that can cause brain
damage. Ilomumaxa! [[Kepesio NOCHJIAHHS He
3naiiaeno. In the dataset, most children do not have a
history of jaundice. For adolescents, jaundice is even
rarer, while in adults, the majority also report no
history (Table 4). Overall jaundice is an uncommon
feature across all age groups, however, its presence in
early life has been linked to potential
neurodevelopmental impacts, which could have
implications for ASD detection [Tomuaka! [:xepeno
MOCHJIAHHSA He 3HANJAEeHO..

Table 4: Jaundice distribution across age groups.

Dataset YES NO
Children 22.2% 77.8%
Adolescents 18.4% 81.6%
Adults 8.1% 91.9%

6.2 Model Evaluation by Age Group

In this section, the evaluation results of the machine
learning models used to predict ASD, across different
age groups are presented. The performance of each
model is assessed using several key metrics,
including accuracy, precision, recall, F1 Score and
AUC. These metrics provide a comprehensive
understanding of how well each model performs in
terms of classification accuracy, the ability to detect
true ASD cases and the balance between false
positives and false negatives.

Table 5: Model comparison for the children database.

> o )
Model x| 58 88| x| =2
8 ~ o m ~ _ ~ < ~
< -9 3
Log Reg | 95.58 | 95.64 | 96.09 | 95.77 | 95.54
SVM 952 | 943 | 96.86 | 9543 | 95.16
KNN 84.35 | 79.05 | 96.79 | 86.59 | 84.23
Decision | o7 55 | 8507 | 92.05 | 88.24 | 87.53
Tree
Random | o) 27 | 9489 | 9538 | 94.95 | 94.84
Forests
XGBoost | 95.57 | 95.49 | 96.09 | 95.69 | 95.57

As shown in Table 5, for the children’s dataset
shows that Logistic Regression and XGBoost
perform very similarly across all metrics, making



them strong candidates for the children’s dataset.
SVM has high recall but lower precision, indicating a
tendency toward false positives. KNN performs the
worst overall, with low accuracy, precision, and F1
score despite high recall. The Decision Tree is
balanced but lags behind the top models in precision
and F1 score, indicating room for improvement.
Random Forest is reliable and comparable to
XGBoost but slightly lower in accuracy, precision,
and F1.

Table 6: Model comparison for the adolescent dataset.

> =1 [}
Model 252 g | x| =2
< =9 I
LogReg | 90 | 92.74 | 91.9 | 91.99 | 89.29
SVM 89.89 | 88.87 | 96.67 | 92.25 | 875
kNN 73.56 | 714 | 98.57 | 82.68 | 63.87
Decision | 2, 7¢ | 9077 | 80.95 | 79.6 | 72.14
Tree
Random | g0 7¢ | 9778 | 96.67 | 91.69 | 85.42
Forests
XGBoost | 86.78 | 88.12 | 91.9 | 89.62 | 84.29

According to the evaluation results shown in
Table 6, Logistic Regression is the top-performing
model for the adolescent dataset, with high precision
(92.74%) and recall (91.9%), making it a balanced
and reliable choice. SVM has strong recall but lower
precision, leading to more false positives. kNN has
high recall (98.57%) but low precision and FI,
reducing overall effectiveness. Decision Tree is
balanced but suboptimal, while Random Forest and
XGBoost perform well but slightly behind Logistic
Regression in precision and F1.

Table 7: Model comparison for the adult dataset.

> [=} [0}
Model x| 58| g8 | ax | 2
< ~ 23
LogReg | 97.53 | 9659 | 95 | 95.75 | 96.8
SVM 96.22 | 94.42 | 92.78 | 935 | 95.22
KNN 84.35 | 84.03 | 86.11 | 84.94 | 89.56
Decision | g0 99 | 8244 | 80.56 | 81.09 | 86.54
Tree
Random | o066 | 9558 | 90.56 | 92.83 | 94.46
Forests
XGBoost | 97.53 | 96.66 | 95 | 95.76 | 96.8

Table 7, shows that Logistic Regression and
XGBoost are the top models for the adult dataset,

with the highest accuracy (~97.53%) and excellent
precision, recall, F1, and AUC, indicating strong and
consistent classification of ASD cases. SVM
performs well but slightly below the top models.
Random Forest is solid but less consistent, kNN
shows moderate performance with lower precision
and F1, and Decision Tree performs the weakest
overall.

6.3 Analysis on the Combined Dataset

The models were also evaluated on a combined
dataset that merges data from children, adolescents,
and adults to assess overall performance across age
groups. As with age-specific analyses, 10-fold
stratified cross-validation was used, and performance
was measured using accuracy, precision, recall, F1
score, and AUC. The evaluation results are shown in
Table 8.

Table 8: Model comparison for the combined dataset.

> o 0]
S| 2~ Fo]| 82|l
Model x| 58| gx | a8 | =2
< ~ 29
LogReg | 97.38 | 97.02 | 96.19 | 96.58 | 97.16
SVM | 96.12 | 94.64 | 95.38 | 94.99 | 95.98
KNN 822 | 74.17 | 83.13 | 78.28 | 82.37
Decision | ¢; g5 | 8328 | 85.87 | 84.46 | 8748
Tree
Random | o519 1 9505 | 934 | 93.64 | 94.67
Forests
XGBoost | 98.22 | 97.85 | 97.54 | 97.68 | 98.09

The findings from the combined dataset
underscore key factors in developing a unified model
effective across all age groups. XGBoost proved to be
the most effective, achieving high sensitivity and
specificity, which is crucial in clinical screening
where minimizing both false positives and false
negatives is essential. Its strong performance across
varied age-related features demonstrates robustness
and adaptability, Likewise, Logistic Regression
showed consistent results, confirming its reliability
for classification tasks involving structured clinical
data.



7 DISCUSSION

The comparative analysis of the six machine learning
models revealed distinct performance patters across
age groups, prompting further interpretation of their
mechanisms and suitability for ASD detection.

The superior performance of Logistic Regression
and XGBoost can be attributed to their model design
advantages. Logistic Regression performs well
because the dataset’s features show strong, mostly
linear relationship with ASD diagnosis, allowing for
a simple and generalizable decision boundary.

In contrast XGBoost, effectively captured
complex, non-linear feature interaction through its
ensemble of decision trees, providing strong
adaptability and robustness.

The comparatively weaker and less stable
performance of kNN and Decision Tree aligns with
expectations. Decision Tree models are prone to
overfitting, while kNN’s distance-based approach
struggles with high-dimensional data, leading to
inconsistent performance.

Error analysis showed that the models struggled
with individuals whose features were borderline for
ASD or who showed mild symptoms, leading to more
false negatives, especially among adults, where
learned social behaviors can mask ASD traits. Future
work should include more detailed feature analysis to
improve accuracy in these borderline cases.

8 CONCLUSIONS

This study evaluated six machine learning models for
detecting ASD across children, adolescents, and
adults, using Accuracy, Precision, Recall, F1 Score,
and AUC as performance metrics.

The study concludes that machine learning
models, specifically Logistic Regression and
XGBoost, provide a robust and generalizable
foundation for early non-invasive ASD screening
across all age groups. However, the limitations of this
work must be acknowledged. Firstly, the models are
trained solely on structured clinical questionnaire
data, and do not incorporate time-series behavioral,
genetic, or brain-imaging data. Secondly, the model
performance, particularly on the adult dataset
strongly influenced by the demographic and cultural
background of the data, so clinical validation on
diverse populations is essential before wider use.

In practice clinicians could input patient
assessment data into the model, which would provide
a risk estimate to support further evaluation or

referral, supporting informed clinical decisions
without replacing professional judgment.
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