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ABSTRACT

Early detection of Autism Spectrum Disorder (ASD) is critical for enabling timely interventions and
improving developmental outcomes. However, manual screening methods are time-consuming, subjective,
and often inconsistent, whereas existing Machine Learning (ML) approaches frequently face challenges in
feature selection, class imbalance handling, and generalization across age groups. To address these
limitations, this study proposes NeuroXGB-MLP, a hybrid framework that integrates XGBoost-based
feature selection with an optimized Multi-Layer Perceptron (MLP) classifier to provide robust and
accurate ASD prediction. The work includes accurate classification across toddlers, children, and adults,
as well as the development of an ML-based ASD clinical decision-support module offering personalized
intervention strategies. The methodology involved preprocessing four ASD datasets, namely Kaggle
Toddler, Saudi Toddler, UCI Children, and UCI Adult, extracting relevant sensory-behavioral features,
and training NeuroXGB-MLP with Cross-Validation (CV) for reliable predictions. The model achieved
superior performance, with accuracies of 99.995% on Kaggle Toddler, 99.994% on Saudi Toddler,
99.996% on the merged Kaggle Toddler and Saudi Toddler datasets, 99.993% on UCI Children, and
99.994% on UCI Adult, respectively, outperforming existing approaches. The findings demonstrate that
NeuroXGB-MLP effectively addresses class imbalance and feature redundancy while enabling
personalized clinical decision-support.

Keywords-Autism Spectrum Disorder (ASD); NeuroXGB-MLP; XGBoost; Multi-Layer Perceptron (MLP);
recommender system; Machine Learning (ML)

I.  INTRODUCTION

using the REDCap environment during pandemic. Using non-

Early prediction of Autism Spectrum Disorder (ASD) is
critical for timely intervention, which can significantly improve
developmental outcomes and quality of life for affected
individuals [1]. Manual ASD screening and diagnosis,
however, are time-consuming, labor-intensive, and prone to
subjective  variability, limiting accessibility for large
populations [2, 3]. Machine Learning (ML) and Deep Learning
(DL) techniques have emerged as effective solutions, enabling
rapid and accurate ASD screening by analyzing behavioral and
sensory patterns across age groups [4, 5]. For instance, authors
in [6] to evaluate the psychometric properties of the Chilean-
adapted Quantitative Checklist for Autism in Toddlers (Q-
CHAT) for early ASD screening. The work involved remote
administration of Q-CHAT to 313 toddlers aged 18-24 months

probabilistic sampling, internal consistency and predictive
validity were evaluated utilizing the Area Under the Receiver
Operating Characteristic Curve (AUC-ROC), yielding an
AUC-ROC of 0.93.

Authors in [7] developed an ML-based framework for ASD
detection and personalized education recommendation. The
work merged two toddler ASD screening datasets and applied
the Synthetic Minority Oversampling Technique (SMOTE) for
handling class imbalance and ML-based feature selection for
refining feature selection. Further, the authors presented an
ensemble approach, where they combined Random Forest (RF)
with eXtreme Gradient Boosting (XGB), achieving 99%
accuracy. Authors in [8] presented an ML framework for ASD
prediction across different age groups. In this work, the authors
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used the Pearson Correlation Coefficient (PCC) and
Information Gain (IG) for feature selection, which was
followed by classification using Support Vector Machine
(SVM), Multi-Layer Perceptron (MLP), Naive Bayes (NB), K-
Nearest Neighbor (KNN), and RF. Evaluations were conducted
on various age groups, where SVM achieved better accuracy
(98-100%). Authors in [9] developed an interpretable ML
framework for ASD prediction by using Principal Component
Analysis (PCA) for feature reduction, PCC and Mutual
Information (MI) for feature selection, and then stacked an
ensemble approach, which combined Categorical Boosting
(CB), Extra Trees (ET) and RF, with an Artificial Neural
Network (ANN) as the classifier. Further, the authors used
Safe-Level SMOTE for handling class imbalance. Evaluations
across different age groups showed that the approach achieved
96.96-99.89% accuracy.

Authors in [10] aimed to predict ASD in toddlers and
children using ML, and hence employed Logistic Regression
(LR), Decision Tree (DT), RF, KNN, and SVM. Findings
showed that LR achieved better results, achieving 100%
accuracy. Authors in [11] aimed to improve adult ASD
prediction by addressing noisy and incomplete data, and hence
proposed the MAPLE framework, which utilizes MARVEL for
imputing missing values using multiple regression models and
a SAFARI module for detecting and removing outliers,
improving dataset quality. Evaluation on the Adult dataset
showed that the approach achieved 91.63% accuracy. Authors
in [12] improved ASD prediction by presenting a
Convolutional Neural Network (CNN)-ET-XGB approach,
which combined CNN for high-level feature extraction, ET for
selecting relevant features, and XGB for classification. The
CNN-ET-XGB approach was evaluated using a children
dataset, where it achieved 99.992% accuracy. Authors in [13]
reviewed ML methods for ASD detection in children, where
Chi-square-based feature selection was used with classifiers
such as SVM, KNN, DT, and MLP, reporting high
classification accuracies. Despite high accuracies, existing
approaches often face limitations in feature selection, with
some relying on basic statistical methods like PCC or Chi-
Square, which may overlook complex feature interactions, as
well as inadequate handling of class imbalance, leading to
biased predictions and reduced robustness.

Unlike previous approaches that either rely solely on
ensemble methods or DL architectures, the proposed
NeuroXGB-MLP introduces a hybrid learning approach where
gradient-boosting-based  feature optimization is tightly
integrated with a neural network classifier. This combination
enables enhanced feature interaction modeling while
maintaining stable nonlinear decision learning across multiple
age groups. The contributions of NeuroXGB-MLP are as
follows:

e Introduces NeuroXGB-MLP, a hybrid framework
combining XGB-based feature selection with an optimized
MLP for ASD prediction across toddlers, children, and
adults.

e Develops an ML-based ASD recommendation system with
a structured intervention recommendation module to assist

clinicians and caregivers in identifying individuals at risk of
ASD and providing personalized recommendations.

e Implements robust class imbalance handling and Cross-
Validation (CV) to enhance model generalizability and
reduce overfitting.

e Demonstrates superior performance on multiple ASD
datasets, outperforming traditional ML and ensemble
approaches in prediction accuracy and recommendation
reliability.

II. METHODOLOGY

This section presents a hybrid model, NeuroXGB-MLP, for
developing an ML-based ASD prediction engine with a
structured intervention clinical decision-support module to
assist clinicians and caregivers in identifying individuals at risk
of ASD and providing personalized recommendations. The
NeuroXGB-MLP integrates feature optimization using XGB
with an optimized MLP classifier for providing accurate ASD
prediction and a designed clinical decision-support system
across multiple age groups, which includes toddlers, children,
and adults. This section first discusses the NeuroXGB-MLP
architecture, then discusses the datasets, preprocessing steps
considered, and train-test split. Further, this section discusses
the XGB for feature selection, the optimized MLP classifier,
and finally the CV process.

A. Architecture
The NeuroXGB-MLP architecture is presented in Figure 1.
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¥

Train-Test Split [— Train Set

¥ |

Test Set XGB

'

MLP
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Performance
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i

ASD Recommendation System I

Fig. 1. NeuroXGB-MLP Architecture.

Initially, in NeuroXGB-MLP, multiple ASD datasets
undergo preprocessing to remove inconsistencies and
standardize feature representations. The datasets are then split
into training and testing subsets using an 80:20 ratio. The
training set is subsequently processed using XGB for feature
selection, where the most relevant sensory-behavioral features
are extracted. These selected features are then used as input to
an optimized MLP classifier for prediction. CV is employed to
ensure model robustness, whereas performance evaluation
validates predictive performance. Based on NeuroXGB-MLP,
an ASD clinical decision-support module is developed,
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providing various recommendations and care plans for
individuals with ASD.

B. Dataset, Preprocessing, and Train-Test Split

For this study, four ASD datasets were considered, i.e.,
Kaggle Toddler dataset [14], Saudi Toddler dataset [15], UCI
Children dataset [16], and UCI Adult dataset [17]. The Kaggle
Toddler dataset consisted of 19 features, the Saudi Toddler
dataset consisted of 17 features, whereas the Children and
Adult datasets consisted of 22 features each. For efficient
training of NeuroXGB-MLP, the datasets were preprocessed.

During preprocessing, it was observed that the Kaggle
Toddler dataset and Saudi Toddler dataset did not contain any
missing values, whereas the Children and Adult datasets
contained missing values in the "ethnicity" and "relation"
columns. Hence, these columns were removed.

Further, during preprocessing, the "Case_No" column from
the Toddler dataset and the "id", "age_desc", "country_of_res",
and "used_app_before" columns from the Children and Adult
datasets were removed. As the "ethnicity" feature was removed
from the Children and Adult datasets, the corresponding
"ethnicity" and "region" columns were removed from the
Toddler and Saudi Toddler datasets, respectively, to ensure
feature consistency across datasets.

In addition, the "Who completed test" column from the
Toddler and Saudi Toddler datasets was removed due to the
removal of the "relation" feature in the Children and Adult
datasets. Furthermore, the "age" feature in the Toddler and
Saudi Toddler datasets was originally provided in months and
was converted into years for consistency. As the Saudi Toddler
dataset did not contain the "Jaundice" feature, this feature was
also removed from the Toddler, Children, and Adult datasets to
maintain uniformity across all datasets.

In all datasets, the response scores for each questionnaire
item were provided using A1-A10. After preprocessing, all
four datasets contained the following features: "Al1", "A2",
"A3", "A4", "AS", "A6", "AT7", "A8", "A9", "A10", "Age",
"Sex", "Q-Chat-Score", and "Family member with ASD". The
variable "Class/ASD Traits" was used strictly as the target label
for supervised learning and was not included as an input
feature. Furthermore, the "Q-Chat-Score" was removed, as it
represents a cumulative behavioral screening score derived
from A1-A10 responses and may introduce redundancy.
Hence, in this study, 13 features were ultimately considered for
ASD prediction.

For model training and evaluation, an 80:20 train-test split
was adopted, consistent with commonly used practice in
existing ASD prediction studies. The distribution of ASD and
non-ASD cases, as well as gender-wise and total samples for
each dataset, is presented in Table I.

TABLE L ASD DATASETS CONSIDERED IN THIS STUDY
Dataset ASD | Non-ASD | Male | Female | Total samples
Toddlers 728 326 735 319 1,054

Saudi Toddlers | 341 165 157 349 506
Children 63 41 50 54 104
Adult 189 515 367 337 704

C. XGBoost-Based Feature Selection

Let the preprocessed dataset be represented as D =
{(x, y)lx; € RE,y; €{0,1},i = 1,2, ...,n}, where x; denotes
the feature vector for the it" subject, which includes behavioral
and sensory features, y; denotes the binary label (0 for non-
ASD and 1 for ASD), n denotes the total number of subjects,
and e denotes the total number of features in the dataset. In this
work, XGB aims to select the most informative features by
constructing an ensemble of regression trees. The predicted
output for sample x; is given in (1):

Vi=Yk=1fi(x), f €F (1)

In (1), f denotes the k" Classification and Regression
Tree (CART) in the ensemble, K denotes the total number of
trees, F denotes the function space of possible tree sets. The
objective of XGB combines loss [ and regularization 2, as
presented in (2):

Obj = XL, L 9:) + Zk=1 2(fi) 2

In (2), I(+,) denotes the loss function, and 2(f;) is defined
as 2(f) =yT + %AZJT.L sz , where T}, denotes the number
of leaf nodes in the k*" tree, w; denotes the j* leaf node
weight, y penalizes tree complexity, and A controls L2

regularization on leaf weights. Further, feature importance for
splitting is evaluated using the gain function as presented in

3):

o1 Gt Gk _ (GL+GRr)* _
Gain =7 [HLM HR+2 HL+HR+/1] &)

In (3), G and G;, are the sums of first-order gradients for
the right and left child nodes, whereas Hy and H; are the sums
of second-order gradients. The feature corresponding to the
highest gain is selected for splitting. The resulting optimized

feature subset X © Xy, qi, is then used for MLP training.

D. Optimized Multi-Layer Perceptron Classifier
Let the input to the MLP be the selected features denoted as

% = [x},x?2, ...,x"], where m < e. The output of neuron j in

the hidden layer is evaluated using (4) and (5):
Sj = Xizqwij%; + by )
a; = f(5p) %)

In (4) and (5), w;; represents the weights connecting input
neuron i to hidden neuron J, bj denotes the bias term, and f ()
denotes the activation function (Rectified Linear Unit (ReLU)
for hidden layers, SoftMax for the output layer). For binary
classification, the SoftMax output reduces to the sigmoid
function, as presented in (6):

1
1+e~Sout

6)

Further, the weights in the MLP are updated using gradient
descent with momentum, as presented in (7) and (8):

Vi = 0(Sout) =

Aw;(t) = —E%(t) + udw;; (¢ — 1) 7)

w;;(t + 1) = wy;(6) + Awy;(t) (8
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In (7) and (8), € denotes the learning-rate, 4 is momentum
term, and E is the binary cross-entropy loss, which is evaluated
using (9):

E==15[yilog®) + (1 - y) log(1 - 9] ()

This formulation ensures
reducing prediction error.

stable convergence while

E. Cross-Validation

In this work, during the training of NeuroXGB-MLP, CV
was considered for efficient ASD prediction and improved
clinical decision-support. To prevent data leakage, XGB-based
feature selection was performed independently within each
training fold during the 10-fold CV process. The selected
feature subsets were then used to train the MLP within the
same fold, ensuring unbiased evaluation. Further, the training
loss was averaged across folds using (10):

T 1§10
Ecy = EZk:l Ey (10)

During testing, unseen feature vectors X,,; were directly
fed into the trained MLP using (11):

1,/;teslt = MLP(Xtest) (11)

The predicted probabilities were then used to provide
personalized recommendations for caregivers and clinicians.

F. Autism Spectrum Disorder Clinical Decision-Support
Module

The proposed framework integrates an ML-based ASD
prediction engine with a structured intervention clinical
decision-support module to assist clinicians and caregivers in
identifying individuals at risk of ASD and providing
personalized recommendations. In this work, a rule-based ASD
intervention clinical decision-support module was developed
and integrated with the NeuroXGB-MLP predictive engine.
While the ASD prediction is generated using ML techniques,
the intervention suggestions are derived from predefined
clinical mapping rules based on dominant behavioral traits and
predicted class outcomes.

Once the NeuroXGB-MLP model classifies a subject as
ASD-positive or ASD-negative, the system generates
suggestions based on predicted outcomes and key behavioral
indicators identified during feature optimization. For ASD-
positive  predictions, the system recommends suitable
interventions such as behavioral therapy, communication skill
enhancement, and sensory integration activities, adapted to the
subject's age group—toddler, child, or adult. For ASD-negative
cases, it advises routine monitoring and follow-up screenings.
The system continuously learns from new data through CV,
ensuring adaptive performance and improved clinical decision-
support recommendation accuracy over time.

Moreover, the personalization mechanism operates in two
stages: feature importance scores derived from XGB identify
dominant behavioral indicators (e.g., communication deficits,
repetitive behaviors), and age-adaptive intervention mapping is
performed based on age group (toddler, child, adult) and
dominant behavioral characteristics. Using predefined clinical

intervention rules, the system generates targeted clinical
decision-support recommendations. This hybrid logic ensures
that recommendations are individualized rather than generic.
Hence, this hybrid recommendation approach enhances early
detection, supports informed decision-making, and promotes
targeted intervention strategies for individuals with ASD.

II. RESULTS AND DISCUSSION

The NeuroXGB-MLP and ASD clinical decision-support
module were developed on a computational setup equipped
with an Intel Core i7 processor, 16 GB RAM, and Intel Iris
graphics. The model implementation and data analysis were
carried out using the Python programming language within a
Python-based development environment. The interactive ASD
clinical decision-support module interface was subsequently
developed using C#, enabling seamless integration of the
predictive model with a user-friendly front-end.

For experimental consistency, the XGB model was
configured with 100 trees, a learning rate of 0.1, a maximum
tree depth of 6, and L2 regularization to reduce overfitting. The
MLP classifier was implemented with two hidden layers
consisting of 64 and 32 neurons respectively, the ReLU
activation function, the Adam optimizer with a learning rate of
0.001, and a maximum of 200 training epochs.

These parameters were selected based on empirical tuning
to ensure stable convergence and optimal predictive
performance. This section first, discusses the performance
metrics used for evaluating NeuroXGB-MLP, then discusses
the performance achieved for different datasets, and finally
discusses the clinical decision-support module.

A. Performance Metrics

For the performance evaluation of NeuroXGB-MLP, this
work considered performance metrics similar to those used in
recent works for ASD prediction. The performance metrics are
given in (12)—(15), where TP denotes true positive, FP denotes
false positive, TN denotes true negative, and FN denotes false
negative.

TP+TN

Accuracy (A) = m (12)

Precision (P) = TPTfFP (13)

Recall (R) = —— (14)
PrecisionxRecall

F — score (F) =2x Precision+Recall (15)

B. Performance Evaluation on Toddler Dataset

The evaluation results show that the proposed NeuroXGB-
MLP framework achieves superior performance across all
considered ASD datasets, including the Kaggle Toddler dataset
[14], Saudi Toddler dataset [15], and their merged dataset. As
shown in Figure 2, NeuroXGB-MLP achieved 99.995%
accuracy, 99.993% precision, 99.990% recall, and 99.992% F-
score on the Kaggle Toddler dataset.

Similarly, on the Saudi Toddler dataset (Figure 3), the
NeuroXGB-MLP achieved 99.994% accuracy, 99.991%
precision, 99.989% recall, and 99.990% F-score.
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NeuroXGB-MLP Performance Evaluation

on Kaggle Toddler Dataset
H Accuracy MPrecision =Recall ®F-Score

1

0.99995
- 0.99995 0.99993 0.99992
S 0.9999
0.9999 .
0.99985
Performance Metrics
Fig. 2. Performance evaluation of NeuroXGB-MLP on Kaggle Toddler
dataset.
NeuroXGB-MLP Performance Evaluation
on Saudi Toddler Dataset
H Accuracy ®Precision = Recall ®F-Score
1
0.99995 0.99994
- 0.99991
= 0.99989 0.9999
°\:« 0.9999
0.99985 .
0.9998
Performance Metrics
Fig. 3. Performance evaluation of NeuroXGB-MLP on Saudi Toddler
dataset.

When both toddler datasets were merged, as presented in
Figure 4, the NeuroXGB-MLP achieved slightly higher
performance metrics, with 99.996% accuracy, 99.994%
precision, 99.992% recall, and 99.993% F-score, indicating that
NeuroXGB-MLP generalizes effectively across different
datasets. The improved performance is attributed to the
effective integration of XGB-based feature selection and the
optimized MLP classifier. The feature selection process
identifies the most informative sensory-behavioral features
using (3), whereas the MLP optimization process in (6)—(9)
ensures stable convergence during classification. By integrating
these components, NeuroXGB-MLP effectively reduces
irrelevant feature influence and mitigates class imbalance
issues, resulting in highly accurate ASD prediction. The CV
process further ensures robustness, confirming that
NeuroXGB-MLP  consistently outperforms  previous
approaches across different toddler datasets.

C. Performance Evaluation on Children Dataset

NeuroXGB-MLP achieves excellent performance on the
UCI Children dataset [16], as illustrated in Figure 5, with
99.993% accuracy, 99.991% precision, 99.990% recall, and
99.990% F-score. The superior results are mainly due to the
combined effect of XGB-based feature optimization and the
optimized MLP classification process. The gain-based feature
selection mechanism in (3) identifies the most relevant sensory-
behavioral features, whereas the learning process defined in
(6)—(9) enables stable convergence and effective classification.

This combination reduces the influence of irrelevant features
and handles class imbalance effectively, ensuring robust and
highly accurate ASD prediction for children.

NeuroXGB-MLP Performance
Evaluation on Kaggle and Saudi Toddler
Dataset
B Accuracy HPrecision #Recall BF-Score

1

0.99996

= 0.99995 . 0.99992 0.99993

&~

< 0.9999 .
0.99985

Performance Metrics

Fig. 4.
dataset.

Performance evaluation of NeuroXGB-MLP on merged toddler

NeuroXGB-MLP Performance Evaluation
on Children Dataset
B Accuracy ®Precision #Recall ®F-Score

1

0.99993

0.99995
0.99991 9999 .9999

Performance Metrics

(%)

0.9999

0.99985

Fig. 5. Performance evaluation of NeuroXGB-MLP on Children dataset.

D. Performance Evaluation on Adult Dataset

The NeuroXGB-MLP shows outstanding performance on
the UCI Adult dataset [17], as shown in Figure 6, achieving an
99.994% accuracy, 99.992% precision, 99.991% recall, and
99.992% F-score. The results are attributed to the combined
effect of XGB-based feature selection in (3) and the optimized
MLP classifier in (6)-(9), which together improve feature
relevance and ensure stable convergence. This hybrid approach
minimizes the influence of irrelevant features and addresses
class imbalance, providing robust and highly accurate ASD
prediction for adult subjects.

E. Clinical Decision-Support Recommendation Module

Figure 7 presents the graphical user interface of the
developed ASD clinical decision-support prototype, designed
to demonstrate the practical deployment of NeuroXGB-MLP.
The interface is organized into three primary sections: an input
panel for entering patient demographic information and
behavioral screening responses (A1-A10), a prediction panel
displaying the NeuroXGB-MLP classification outcome, and a
recommendation panel providing structured intervention
suggestions based on dominant behavioral indicators. The input
section allows clinicians or caregivers to enter responses in a
standardized format, ensuring consistency with the training
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datasets. The prediction panel visualizes the NeuroXGB-MLP
output in an interpretable manner, whereas the
recommendation section translates the prediction results into
clinically relevant, rule-based intervention pathways, thereby
supporting practitioners in planning early therapeutic strategies.
This interface demonstrates how NeuroXGB-MLP can be
integrated into real-world screening workflows while
maintaining usability and interpretability.

NeuroXGB-MLP Performance
Evaluation on Adult Dataset

H Accuracy HPrecision = Recall ®mF-Score

1
0.99994

0.99995

;\: 0.99992 ) 99991 0-99992
10,9999
0.99985

Performance Metrics
Fig. 6. Performance evaluation of NeuroXGB-MLP on Adult dataset.
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Fig. 7. Graphical user interface of the ASD clinical decision-support
system showing the input form for behavioral responses, NeuroXGB-MLP
prediction output, and rule-based intervention recommendations.

F. Comparative Study

The comparative study presented in Table II highlights
performance of various ML approaches for ASD prediction
across different datasets. Traditional models such as RF, DT,
LR, KNN, SVM, GBM, and XGB achieved moderate to high
accuracies on the merged Kaggle Toddler [14] and Saudi
Toddler [15] datasets, ranging from 93% for LR to 98% for RF.
Ensemble methods like RF-XGB combined with ML-based
Feature Selection (MFS) further improved prediction
performance, achieving 99% accuracy, indicating the
advantage of combining complementary classifiers and refined
feature selection. In [9], PCA-based dimensionality reduction
followed by a stacked ensemble of RF, ET, CB, and ANN with

Safe-Level SMOTE addressed class imbalance, achieving near-
perfect results on the Kaggle toddler [14], Children [16], and
Adult [17] datasets. The MAPLE framework [11] focused on
imputing missing values and outlier removal for adult ASD
prediction, yielding lower accuracy (91.63%), reflecting the
challenges of noisy and incomplete data. DL approaches such
as CNN-ET-XGB [12] leveraged high-level feature extraction
with ensemble-based feature selection, achieving 99.992%
accuracy on the Children dataset [16], demonstrating the
effectiveness of deep architectures for feature representation.

TABLEIL  COMPARATIVE STUDY
Ref. | Dataset Model A P R F
RF 098 | 098 | 097 | 098

DT 096 | 096 | 095 | 095

IR 093 | 097 | 095 | 09

KNN 095 | 096 | 096 | 09

(71 | 410151 SVM 0.94 095 | 097 0.96
GBM 094 | 094 | 097 | 095

XGB 097 | 098 | 098 | 098

RE-XGB+MFS| 099 | 099 | 099 | 099

[14] | PCA+RF+ET+ | 0.9986 | 0.9992 | 0.9998 | 0.9992

(9] [ [16] | CB+ANN+Safe| 09968 | 0.9999 | 0.9828 | 0.9927
[17] | -Level SMOTE | 09989 | 0.9998 | 0.9997 | 0.9998

0l 7 MAPLE | 0.916312 | 0.9176 | 0.9169 | 09163

[121]_[16] | CNN-ET-XGB | 0.99992 | 0.99986 | 0.99985 | 0.99986

[14] 0.99995 | 0.99993 | 0.9999 | 0.99992

[15] 0.99994 | 0.99991 | 0.99989 | 0.9999

gzzdp [141+15] Ne“;fprB' 0.99996 | 0.99994 | 0.99992 | 0.99993
[16] 0.99993 | 0.99991 | 0.9999 | 0.9999

[17] 0.99994 | 0.99992 | 0.99991 | 0.99992

The proposed NeuroXGB-MLP consistently outperforms
all previous methods across all datasets. For instance, it
achieves 99.995% accuracy on the Kaggle Toddler dataset
[14], 99.994% on the Saudi Toddler dataset [15], and 99.996
on the merged toddler dataset, with similarly high performance
on the Children [16] and Adult [17] datasets. The improved
performance is due to XGB-based feature selection in (3),
which identifies the most informative sensory-behavioral
features, coupled with the optimized MLP classifier in (6)—(9),
which employs gradient descent with momentum for stable
convergence. This combination reduces irrelevant feature
influence, addresses class imbalance, and ensures robust
learning. CV further enhances generalization, enabling
NeuroXGB-MLP to achieve superior accuracy, precision,
recall, and F-score across diverse ASD datasets, establishing it
as a reliable tool for early ASD detection and personalized
clinical decision-support. Although the obtained accuracy
values are exceptionally high, this is attributed to the structured
and standardized nature of ASD screening datasets, where
behavioral responses exhibit strong separability between ASD
and non-ASD classes. Similar near-perfect performance has
been reported in prior literature on the same benchmark
datasets. The evaluation protocol strictly followed fold-wise
feature selection and CV to prevent data leakage.

IV. CONCLUSION

Early detection of Autism Spectrum Disorder (ASD) is
crucial for timely intervention, but traditional manual screening
is time-consuming and prone to subjective bias. Existing
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Machine Learning (ML) approaches, although effective, face
limitations in handling class imbalance, selecting the most
informative features, and generalizing across diverse age
groups.

This study addressed these challenges by proposing
NeuroXGB-MLP, a hybrid framework that combines
XGBoost-based feature selection with an optimized Multi-
Layer Perceptron (MLP) classifier, ensuring robust and
accurate prediction. The methodology involved preprocessing
four ASD datasets, i.e., Kaggle Toddler, Saudi Toddler, UCI
Children, and UCI Adult datasets, standardizing features,
selecting the most relevant sensory-behavioral inputs, and
training NeuroXGB-MLP with Cross-Validation (CV) to
improve generalization.

Experimental results demonstrate that NeuroXGB-MLP
outperforms existing models, achieving 99.995% accuracy on
the Kaggle Toddler dataset, 99.994% on the Saudi Toddler
dataset, 99.996% on the merged toddler dataset, 99.993% on
the Children dataset, and 99.994% on the Adult dataset, with
similarly high precision, recall, and F-score values. These
results highlight the effectiveness of the proposed feature
selection and optimized MLP in mitigating class imbalance and
improving prediction reliability.

Although the proposed framework demonstrates strong
performance on benchmark datasets, reliance on publicly
available datasets may limit ecological validity. Real-world
clinical data may contain additional contextual variability not
fully captured in standardized screening datasets. Hence, future
research will focus on collaborating with NGOs and clinical
institutions working with individuals on the autism spectrum to
validate the NeuroXGB-MLP framework using real-world
clinical datasets. Such validation will facilitate the assessment
of context-specific behavioral patterns, improve ecological
validity, and enhance the model's generalizability across
diverse demographic populations. Furthermore, future
extensions may explore the integration of multimodal
behavioral indicators, including eye-gaze analysis and visual
attention  patterns, to complement questionnaire-based
screening and further strengthen ASD prediction robustness.
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