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Abstract

Article History Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder with a

continuously rising global prevalence, where the WHO estimates that 1 in
100 children worldwide is affected by this condition. Early detection through
screening instruments such as Q-CHAT-10 is crucial for appropriate
intervention. This study aims to build and compare the performance of three
machine learning algorithms Naive Bayes, XGBoost, and Random Forest in
predicting ASD risk in toddlers using the Q-CHAT-10 dataset.
Hyperparameter optimization was performed using RandomizedSearchCV,
and model robustness was assessed through 10-fold stratified cross-
validation. Model performance was evaluated using accuracy, precision,
recall, and F1-score metrics derved from a confusion matrix. Experimental
results show that the XGBoost algorithm achieved the best performance,
Spectrum Disorder, Early with a test accuracy of 99.05% and a 10-fold cross-validation mean accuracy
Detection, Machine of 99.31% (£0.75%), demonstrating strong generalizability. Naive Bayes
Learning, Q-Chat-10, achieved a test accuracy of 91.00% (CV: 94.84% £2.69%), while Random
XGBoost. Forest yielded a test accuracy of 95.26% (CV: 96.48% £1.30%). McNemar's
test confirmed that the performance differences between XGBoost and each
of the other models are statistically significant (p < 0.05). These findings
indicate that XGBoost is the most suitable algorithm for clinical decision
support in early ASD screening within the scope of this dataset.
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1. INTRODUCTION

Autism Spectrum Disorder (ASD) is a heterogenecous group of neurodevelopmental
conditions[1], characterized by persistent deficits in social communication and social interaction, along
with restricted interests and repetitive behaviors [2]. The World Health Organization (WHO) estimates
a global ASD prevalence of approximately 1 in 100 children|[2], while recent data from the Centers for
Disease Control and Prevention (CDC) reported a prevalence of 1 in 31 children (3.2%) aged eight years
in the United States in 2022. This rate shows a significant increase from 1 in 36 in 2020 and 1 in 150 in
2000, reflecting improved detection and broader diagnostic criteria [3]. This rising prevalence highlights
the urgency of early detection and timely intervention to improve developmental outcomes for children
with ASD.

Studies indicate that early diagnosis and intervention for autism are more likely to produce
substantial long-term improvements in symptoms and functional abilities [4]. Early intervention
typically occurs at or before the preschool years, as early as ages 2 or 3. during which the child's brain
is still developing and is therefore more capable of change than at older ages [4]. Early detection of ASD
enables interventions to begin even before a formal diagnosis is established, during a critical period of
neural development, which consequently leads to better outcomes and prognoses[5]. Screening
instruments play an essential role in the early detection of ASD. The Quantitative Checklist for Autism
in Toddlers (Q-CHAT) has been developed as a quantitative assessment tool that demonstrates strong
psychometric properties across diverse settings and cultures[6]. The Q-CHAT-10, a shortened version
consisting of the 10 most predictive items, was designed as a rapid marker suitable for time-limited
pediatric assessments and helps reduce delays in referral[7].
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In recent years, artificial intelligence and machine learning (ML) have provided new
opportunities to enhance predictive accuracy and classification reliability in the screening, detection,
and diagnosis of autism. A study in [8] that implemented a feature-based ML classification model for
ASD identification demonstrated that computational approaches can significantly improve the
efficiency of the diagnostic process. Another study reported in [9] showcased the capability of ML
algorithms to predict ASD using a minimal set of medical and background features. The XGBoost model
has shown robust performance with high accuracy in identifying autistic individuals[1]. Research
employing various classification algorithms has reported that Random Forest achieved the highest
predictive accuracy of 99.75% on an ASD diagnostic dataset [2]. A well-tuned Naive Bayes algorithm
achieved a cross-validation accuracy of 92.22%, indicating strong resistance to overfitting in imbalanced
datasets [10]. Comparative studies have also highlighted performance variations based on sensitivity,
specificity, accuracy, and area under the curve [11].

Despite extensive studies, several research gaps remain. Inconsistencies persist in selecting the
optimal model for ASD prediction, and many prior studies rely on non-uniform evaluation methods,
resulting in models that fail to generalize effectively to new instances [7]. Additionally, most previous
studies have not rigorously validated algorithm performance through cross-validation nor conducted
statistical significance testing between models. Therefore, this study aims to develop and compare the
performance of three machine learning algorithms (Naive Bayes, XGBoost, and Random Forest) in
predicting ASD risk in toddlers, incorporating hyperparameter optimization, 10-fold cross-validation,
and statistical significance testing to address these gaps. The main contributions of this study are as
follows: (1) a systematic comparison of three ML algorithms on the Q-CHAT-10 dataset, incorporating
hyperparameter optimization via RandomizedSearchCV; (2) rigorous validation using 10-fold stratified
cross-validation and McNemar's statistical significance test; (3) identification of the most effective
algorithm for early ASD detection considering accuracy, precision, recall, and F1-score trade-offs; and
(4) provision of baseline performance metrics as a reference for future studies within the Indonesian
population context.

2. METHOD

This study implements a machine learning approach for classifying autism in toddlers. The
models used include the Naive Bayes, XGBoost, and Random Forest algorithms. The research workflow
begins with data collection, followed by preprocessing, train-test splitting, SMOTE balancing, feature
standardization, hyperparameter tuning, model training, evaluation, and cross-validation.
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Figure 1 Research Methodology

2.1 Dataset Description

The dataset used in this study is a public dataset from Kaggle, developed by Dr. Fadi Fayez,
titled “Autism Screening Data for Toddlers.” The dataset can be accessed through source [12].This
dataset contains various information related to the autism screening process in toddlers, including
the 10 questions from the Q CHAT-10 score, age in months, gender, ethnicity, family history of
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ASD, the respondent completing the test, and the ASD class label. The ten Q-CHAT-10 questions
are presented in Table 1[13].
Table 1. Qchat-10-Score Questionnaire

Questions
Al Does your child turn or look at you when you call his or her name?
A2 How easy is it for you to obtain eye contact with your child?
A3 Does your child point with a finger to indicate that he or she wants

something (e.g., pointing at a toy that is out of reach)?

A4 Does your child point to show you something interesting (e.g., pointing at
an airplane in the sky)?

A5 Does your child enjoy pretend play (e.g., pretending to feed a doll or talking
on a toy phone)?

A6 If you look at an object, does your child follow your gaze to look at the
same object?

A7 If you or someone nearby appears sad or hurt, does your child show signs
of wanting to comfort you?

A8 How would you describe your child’s first words? (This question assesses
whether the first words were social or more object-labeling.)

A9 Does your child use simple gestures to communicate (e.g., waving “bye-
bye” or nodding/shaking the head)?

Al10 Does your child often stare blankly at one point without a clear purpose?

A total of 1,054 participant records are included, consisting of approximately 70% males and
30% females. The dataset contains 19 columns comprising 13 numerical and 6 categorical attributes.
Based on initial inspection, the data quality is considered very good, with no missing values or duplicate
entries identified [ 12]. The class distribution shows that 69.1% of samples are labeled as No (not at risk),
while 30.9% are labeled as Yes (at risk of ASD), indicating a class imbalance that requires treatment.

Table 2. Column and Sata Type Explanation

Column Name Type Data Description
Case No Int64 (integers) Case number for each row/entry
Al-A10 Int64 (integers) Responses to the 10 Q-CHAT-10 score questions. A
value of 0 indicates “No,” and a value of 1 indicates
“Yes.”
Age Mons Int64 (integers) The child’s age at the time of testing, measured in
months.
Qchat-10 Score Int64 (integers) Total score obtained from questions Al to A10. A score
> 3 indicates a potential risk of autism.
Sex Object Gender (Male or Female).
(Text/categorical)
Ethnicity Object Subject’s ethnicity
(Text/categorical)
Jaundice Object History of neonatal jaundice.
(Text/categorical)
Family mem Object Family history of ASD.
with ASD (Text/categorical)
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Who completed Object Relationship of the respondent completing the test to the

the test (Text/categorical) child (Father, Mother, or Guardian).
Class/ASD Traits  Object Target variable or classification label indicating whether
(Text/categorical) the subject shows ASD related characteristics.

Distribusi Kelas ASD Traits (Yes / No)

Biru = No (Tidak Berisiko)
Pink = Yes (Berisiko)

No

69.1%

Yes

Figure 2. ASD Traits Class Distribution

Figure 2 presents the class distribution of the Class/ASD Traits variable, which consists
of two categories: Yes (at risk of ASD) and No (not at risk of ASD). The pie chart visualization
shows that the No category dominates the dataset with a proportion of 69.1%, while the Yes
category accounts for only 30.9% of the total data. This distribution indicates that the dataset
exhibits class imbalance, where the number of non-ASD-risk samples is significantly higher
than ASD-risk samples. This condition is important to consider during the modeling process, as
classification algorithms may become biased toward the majority class. Therefore, a balancing
technique such as SMOTE (Synthetic Minority Over sampling Technique) is required to ensure
that the model does not learn skewed patterns and is able to recognize both classes more
accurately. This dataset serves as the foundation for training machine learning models to predict
autism spectrum indications in toddlers based on Q-CHAT-10 scores and other supporting
features.

2.2 Exploratory Data Analysis (EDA)

The EDA phase was conducted to understand the dataset's characteristics before modeling.
Descriptive statistical calculations were performed on numerical variables, covering minimum and
maximum values, mean, median, and standard deviation. Frequency distribution analysis was carried
out for categorical variables, with particular focus on the target variable Class/ASD Traits to assess
class imbalance. Correlation analysis was also performed to examine relationships between variables,
particularly between individual Q-CHAT-10 behavioral indicators and the target. The heatmap
revealed strong correlations between behavioral indicators A3, A5, and A9 and the target label. The
Qchat-10-Score variable showed a very high correlation with the target, as it is a direct summation
of the behavioral indicators. To prevent data leakage, the total score variable was removed from the
training features.
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2.3 Preprocessing

The initial preprocessing stage was carried out to prepare the data before splitting it into the
training and testing sets. The first step involved transforming categorical variables, namely Sex,
Ethnicity, Jaundice, Family mem_ with ASD, and Who completed the test into numerical
representations using the LabelEncoder from sklearn.preprocessing. This transformation was
necessary to ensure that the dataset is compatible with machine learning algorithms, which require
numerical input.

2.3.1 Categorical variable Transformation (Label Encoding)

Categorical variables (Sex, Ethnicity, Jaundice, Family mem with ASD, and Who
completed the test) were transformed into numerical representations using the LabelEncoder
from sklearn.preprocessing [14], [15]. This transformation was necessary to ensure dataset
compatibility with machine learning algorithms, which require numerical input [16].

2.3.2 Train-test-Split

After encoding, the dataset was separated into features (X) and the target variable (y).
The Qchat-10-Score column was also excluded from X to prevent data leakage. The data was
then split using an 80:20 ratio through the train_test split function from
sklearn.model selection, resulting in 843 training samples and 211 testing samples.
Stratified sampling (stratify=y) was applied to ensure consistent class distribution across
both subsets.

2.3.3 Handling Imbalance with SMOTE

In the descriptive analysis stage, the variation in values across behavioral indicators Al
to A10 shows a dynamic distribution. The class distribution in the training set revealed an
imbalance, with 582 samples in the majority class (Yes/ASD) and 261 samples in the
minority class (No/not ASD). This imbalance may cause classifiers to become biased toward
the majority class. To mitigate this, the Synthetic Minority Oversampling Technique
(SMOTE) was applied exclusively to the training data — not the test set — to prevent data
leakage [17]. SMOTE generates synthetic minority-class samples through interpolation
between neighboring samples using the k-nearest neighbors (KNN) algorithm, as formulated
below:

Xsyn = Xi+ Xinn — X)) X6 (D
Information:

Xsyn : Synthesis Data
X;  :Datato be replicated

ACSSE | Dewi and Zahrayani.: Clinical Decision Support for Autism Spectrum Disorder Screening Using 5
Ensemble Machine Leaarning



Xynn : Data that has the closest distance to data
1) : Random value between 0 and 1

The application of SMOTE successfully balanced the class distribution, resulting in 582
samples for each category. This adjustment ensures that both classes receive equal
representation during training, providing the model with an equal opportunity to learn from
minority-class instances and reducing the risk of bias toward the majority class.

2.3.4 Feature Standarization

StandardScaler was applied after SMOTE, fitting exclusively on the SMOTE-balanced
training data and transforming both training and test sets using the learned parameters [18].
This step ensures that all numerical features are on a uniform scale (mean = 0, standard
deviation = 1) and prevents data leakage from the test set influencing the scaling parameters.
The standardization formula is:

X==£ @

Subsequently, the same standardization parameters are applied to the test data to prevent
data leakage. This standardization step is essential for stabilizing probabilistic calculations
in Naive Bayes, optimizing the learning process in XGBoost, and maintaining consistent
feature distributions before being processed by Random Forest.

2.4 Hyperparameter Optimization

To ensure each model was evaluated at its best potential configuration, hyperparameter
optimization was performed using RandomizedSearchCV with 5-fold cross-validation internal to the
search. This approach was applied to XGBoost and Random Forest, as these models have meaningful
hyperparameters that significantly affect performance. Naive Bayes (GaussianNB) does not have
critical hyperparameters and was used with its default configuration.

For XGBoost, the search space included n_estimators (100-500), max_depth (3-9),
learning_rate (0.01-0.3), subsample (0.6—1.0), and colsample bytree (0.6—1.0), with 50 random
combinations evaluated. The optimal configuration identified was: n_estimators = 500, max_depth
=5, learning_rate = 0.1, subsample = 0.6, colsample bytree = 0.7 (CV accuracy: 98.37%).

For Random Forest, the search space included n_estimators (100-500), max _depth (None, 5,
10, 15, 20), min_samples_split (2,5, 10), min_samples leaf (1,2, 4), and max_features ('sqrt', 'log2"),
with 50 combinations evaluated. The optimal configuration was: n_estimators = 400, max_depth =
5, min_samples_split = 2, min_samples_leaf =2, max_features = 'log2' (CV accuracy: 96.82%).

2.5 Machine Learning Modelling
In the modeling stage, three machine learning algorithms are implemented for the classification
task, namely Naive Bayes, XGBoost, and Random Forest.
2.5.1 Naive Bayes
Gaussian Naive Bayes (GaussianNB) was employed as one of the classification
methods. This algorithm is a supervised, probability-based learning model that utilizes
Bayes’ Theorem under the assumption that all features are mutually independent [19], [20].
The posterior probability for a given class is computed as:

_ PXIO)P)
P(C|X) = el €)
Information:
P(C|X) (Posterior) : The probability to be calculated (class ¢ based on evidence x)
P(c) (Prior Kelas)  : How often does class c appear in general?

P(X|C) (Likelihood) : How often does evidence x appear in class c?
P(x) (Prior Atribut) : How often does evidence x occur in general?

This approach is commonly used for binary classification and can perform well on high-
dimensional datasets with low computational cost, as demonstrated in study [21], which
highlighted the effectiveness of Naive Bayes for classification tasks. In this research,
Gaussian Naive Bayes is also employed to handle numerical data after the encoding and
standardization processes.
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2.5.2 XGBoost
XGBoost (eXtreme Gradient Boosting) is an enhanced form of gradient boosting based on
decision trees, designed to be faster, more efficient, and capable of handling complex
feature structures [22]. The algorithm constructs the model sequentially by minimizing the
loss function using a gradient descent approach while incorporating regularization
mechanisms (L1 and L2) to reduce the risk of overfitting. The mathematical representation
of XGBoost can be expressed as follows:

PO =%t fe(x) @

Information :
yl(t) : Prediction for the i-th sample after the t-th iteration
t : Iteration index (number of trees built)
fx : The function of the k-th tree, namely the decision tree that predicts the
residuals at the k-th iteration
X; : Features or inputs up to i

The implementation of XGBoost in this study follows the practices adopted in previous
ASD prediction research, where tree-based boosting has proven effective in capturing
nonlinear patterns and feature interactions. The model is trained using the standardized
training data, while parameters such as the number of estimators, tree depth, and learning
rate are configured based on commonly used baseline settings in similar studies. After the
training process is completed, the model is applied to the testing data to generate
predictions as part of the evaluation of its classification performance for ASD detection.

2.5.3 Random Forest
This method is an ensemble model based on bagging, which constructs multiple
decision trees randomly and combines their predictions to produce more stable and accurate
classification results [23]. Each tree is trained on different bootstrap samples, and feature
selection at each split is performed randomly, reducing overfitting. The classification

formula is:
j/\ = mode({hl(x), hz(x), ver) hT(x)}) ®)]
Information :
T : Number of trees in the Algorithm

h_T(x) :Prediction of the t-th Tree for input x
Mode(...) : The class most predicted by the tree

This approach is consistent with previous studies on ASD prediction, where Random
Forest has demonstrated strong performance on both clinical and survey-based data due to
its ability to capture nonlinear relationships among variables. In this study, the Random
Forest model was trained using standardized training data and subsequently used to
generate predictions on the test set as part of the model evaluation process.
2.6 Model Evaluation
Model evaluation was conducted using several key metrics: precision, recall, F1 score, and
accuracy, which were calculated based on the values of True Positive (TP), True Negative (TN),
False Positive (FP), and False Negative (FN). Additionally, a confusion matrix was employed to
provide a detailed overview of the prediction error patterns. The selection of these metrics follows
the evaluation approaches described in prior studies [24], [25].
2.6.1 Precision
According to prior studies, precision is used to measure the proportion of correctly predicted
positive cases (TP) relative to all predicted positive cases (TP + FP) [25]. This metric evaluates the
model’s ability to avoid false positives, making it particularly important in scenarios where incorrect
positive predictions carry significant consequences. The formula for precision is expressed as
follows:
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TP
TP+FP

Precision = (6)

2.6.2 Recall
Similarly, recall measures the model’s ability to identify all actual positive cases (TP) out of the
total true positives (TP + FN) [25]. This metric is crucial in medical contexts or sensitive
detection tasks, including autism spectrum screening, where missing a positive case may lead
to serious implications. The recall metric is formulated as follows:

TP
TP+FN @

Recall =

2.6.3 F1-Score
The F1-score, as defined in prior work, represents the harmonic mean between precision and
recall [25]. This metric provides a balanced assessment when both false positives and false

negatives are equally important. The formula is defined as follows:
Precision XRecall

Flgcore = 2 X (8)

Precision+Recall

2.6.4 Accuracy
Accuracy measures the proportion of all correct predictions (TP + TN) relative to the total
number of samples. Although widely used, previous studies highlight that accuracy may be
misleading when dealing with imbalanced datasets, as a model may appear “accurate” simply
by predicting the majority class [24]. The accuracy metric is calculated using the following

formula:

_ TP+TN
Accuracy = ————  (9)
TP+TN+FP+FN

2.6.5 Confusion Matrix
The confusion matrix presents the distribution of model predictions in a tabular format
containing TP, FP, FN, and TN. As noted in recent research[26], the confusion matrix provides
detailed insights into error patterns and is an essential tool for evaluating classification
performance, particularly in medical or clinical risk prediction tasks.

Through the combined use of these metrics, the effectiveness of each model can be evaluated
more comprehensively, enabling the identification of the most suitable model for early ASD risk
screening.

2.7 Cross-Validation

To assess model robustness and generalizability beyond a single train-test split, 10-fold
stratified cross-validation was applied to all three models using the SMOTE-balanced, scaled
training data. In each fold, the model was trained on 9 folds and validated on the remaining fold,
repeating 10 times. The mean accuracy and standard deviation across folds are reported to provide
a reliable estimate of each model's generalization performance and stability.
2.8 Statistical Significance Testing

McNemar's Test was applied to determine whether performance differences between model
pairs are statistically significant. The test compares the disagreements between two classifiers on
the same test set, constructing a 2x2 contingency table of correct/incorrect predictions. The null
hypothesis (Ho) states that there is no significant difference between two models. A p-value < 0.05

is used as the threshold for rejecting Ho, indicating statistically significant differences in predictive
performance.

3. RESULTS AND DISCUSSION

The final models used were: GaussianNB (default configuration) for Naive Bayes;
XGBClassifier with n_estimators = 500, learning rate = 0.1, max_depth = 5, subsample = 0.6,
colsample bytree = 0.7, and random state = 42 for XGBoost; and RandomForestClassifier with
n_estimators = 400, max_depth = 5, min_samples_split = 2, min_samples_leaf = 2, max_features =
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'log2', and random_state = 42 for Random Forest. All models were trained on the SMOTE-balanced,
standardized training data and evaluated on the held-out test set.

Table 3. Comparison of Model Performance Metrics on test Set

NB No ASD  Naive Bayes XGB No XGBoost RF No ASD Random Forest
ASD
Precision 1.00 0.88 0.97 1.00 0.92 0.97
Recall 0.71 1.00 1.00 0.99 0.92 0.97
F1-Score 0.83 0.94 0.98 0.99 0.92 0.97
Accuracy 91.00% 99.05% 95.26%
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Figure 4 Confusion Matrix Naive Bayes, XGBoost, Random Forest

Table 4. 10-Fold Cross-Validation Result

Mean CV Accuracy Std Deviation
Naive Bayes 94.84% +2.69%
XGBoost 99.31% +0.75%
Random Forest 96.48% +1.30%

10-Fold Cross-Validation Accuracy — Semua Model

\ !
\ i.f *- Nawe Bayes
\ / AoBoost
* —e— Random Forast

1 2 3 ] [} ] 7 8 9 10

Fold ke

Figure 5 10-Fold Cross-Validation

Table 5 McNemar’s Statical Significance Test Result

Model Comparison P-Value Conclusion
XGBoost vs Naive Bayes 0.0002 Significant (p < 0.05)
XGBoost vs Random Forest 0.0078 Significant (p < 0.05)
Naive Bayes vs Random Forest 0.0636 Not Significant (p > 0.05)

Referring to Table 3, the Naive Bayes model achieved a test accuracy of 91.00%. Its most
notable characteristic is its perfect precision for the non-ASD class (1.00) and perfect recall for the ASD
class (1.00), indicating that the model never misses an at-risk toddler. However, its recall for the non-
ASD class is considerably lower (0.71), meaning it tends to over-predict ASD risk. The 10-fold cross-
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validation mean accuracy of 94.84% (+2.69%) indicates moderate generalizability with relatively high
variance across folds, suggesting some instability.

The XGBoost model achieved the highest test accuracy at 99.05%, with near-perfect scores
across all metrics (Precision ASD: 1.00, Recall No ASD: 1.00, F1-Score: 0.98-0.99). The 10-fold cross-
validation confirmed this performance with a mean accuracy of 99.31% (£0.75%), demonstrating both
strong performance and high stability. The low standard deviation indicates that XGBoost generalizes
consistently across different data subsets, making it the most reliable model in this study. The Random
Forest model achieved a test accuracy of 95.26%, with balanced and consistent precision and recall
values across both classes (0.92—0.97). The 10-fold cross-validation mean accuracy of 96.48% (+£1.30%)
confirms its stability, though it falls below XGBoost in both performance and consistency.

The McNemar's Test results presented in Table 5 confirm that the performance advantage of
XGBoost over both Naive Bayes (p = 0.0002) and Random Forest (p =0.0078) is statistically significant
at the 0.05 level. The difference between Naive Bayes and Random Forest, however, is not statistically
significant (p = 0.0636), suggesting their performance difference may be attributed to chance within this
dataset.

3.1 Discussion

This study aimed to develop and compare three machine learning algorithms (Naive Bayes,
XGBoost, and Random Forest) for ASD risk prediction in toddlers using the Q-CHAT-10 screening
instrument. The methodological framework incorporated rigorous validation strategies including
SMOTE-based class balancing, hyperparameter optimization via RandomizedSearchCV, 10-fold
stratified cross-validation, and McNemar's statistical significance testing, addressing key limitations
identified in prior research [7]. The experimental results demonstrate that XGBoost is the superior model
for this classification task, achieving both the highest test accuracy (99.05%) and the highest cross-
validation mean accuracy (99.31% +0.75%). Its consistently low standard deviation across folds
confirms robust generalizability. The perfect precision on the ASD class ensures that positive predictions
are highly reliable, which is critical in clinical decision-support applications where false alarms may
cause unnecessary anxiety for families. Statistical testing further confirmed that XGBoost's superiority
over both other models is not a result of chance.

Naive Bayes, while achieving lower accuracy (91.00%), demonstrated perfect recall for the ASD
class, meaning it never misses an at-risk toddler. This property makes it potentially valuable in large-
scale population screening where the primary goal is to minimize missed cases, even at the cost of higher
false positives. However, its high variance in cross-validation (£2.69%) suggests it may be less stable
across different data distributions. Random Forest provided a balanced performance (accuracy 95.26%,
CV 96.48% £1.30%), offering a reasonable compromise between precision and recall. Its lower variance
compared to Naive Bayes indicates more consistent generalization, though it does not match XGBoost's
level of performance or reliability.

The limitations of this study include the relatively small and single-source dataset (1,054 records
from Kaggle), which limits generalizability to broader clinical populations. The dataset also relies solely
on Q-CHAT-10 behavioral responses without incorporating multimodal clinical features. Furthermore,
the demographic composition of the dataset may not reflect the Indonesian toddler population
specifically. Future research should consider external validation using independent datasets from diverse
clinical settings, integration of multimodal data sources, and the development of explainable Al
mechanisms to enhance clinical trust and interpretability.

CONCLUSION

This study successfully implemented and compared Naive Bayes, XGBoost, and Random Forest
algorithms for early detection of ASD in toddlers using the Q-CHAT-10 screening instrument.
Methodological rigor was ensured through SMOTE-based class balancing, hyperparameter optimization
(RandomizedSearchCV), 10-fold stratified cross-validation, and McNemar's statistical significance
testing. Within the scope of the Kaggle Q-CHAT-10 dataset used in this study, XGBoost demonstrated
the best overall performance, achieving a test accuracy of 99.05% and a cross-validation mean accuracy
0f 99.31% (£0.75%), with statistically significant superiority over both other models (p < 0.05). These
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results suggest that XGBoost is the most suitable algorithm for clinical decision-support systems
prioritizing diagnostic accuracy and reliability in this context. Naive Bayes showed perfect recall for the
at-risk class, making it potentially appropriate for large-scale screening scenarios where minimizing
missed cases is the primary objective. Random Forest provided stable and balanced performance as a
viable alternative. It is important to note that these findings are bounded by the characteristics of the
dataset used, and broader generalization requires further validation on larger and more diverse clinical
datasets. Future work should explore multimodal feature integration, external dataset validation, and the
development of explainable Al approaches to support clinical adoption.
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