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Conventional diagnostic procedures for autism 
spectrum disorder (ASD) are often resource-
intensive and may delay access to appropriate 
support. This study proposes a K-Nearest 
Neighbor (KNN)–based model to support early 
ASD screening in toddlers using questionnaire-
derived behavioral data. The study utilized the 
Toddler Autism Screening Dataset (July 2018), 
consisting of 1,054 records of toddlers aged 12–36 
months. The dataset includes Q-CHAT-10 
behavioral screening items (A1–A10), an 
aggregated screening score (Qchat-10-Score), and 
selected demographic features. Data 
preprocessing involved categorical encoding and 
Min–Max normalization to ensure suitability for 
distance-based classification. The KNN model 
was developed using Euclidean distance and 
evaluated through standard classification metrics 
and confusion matrix analysis. The results 
indicate that the proposed model achieved an 
accuracy of 95.73%, a precision of 100%, a recall 
of 93.66%, and an F1-score of 96.72%. Feature 
correlation analysis further confirms the 
dominant role of behavioral indicators in ASD 
prediction. These findings suggest that a simple 
and interpretable KNN-based model can 
effectively function as an early screening decision 
support tool, assisting caregivers and 
practitioners in identifying toddlers who may 
require further clinical assessment 

  
  

https://doi.org/10.59890/ijir.v3i12.116
https://mrymultitechpublisher.my.id/index.php/ijir
mailto:dwinymeidelfi@pnp.ac.id
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


Meidelfi, Chandra, Shidiq, Azharif, Berlianti 

932 
 

INTRODUCTION 
Autism Spectrum Disorder (ASD) is a neurodevelopmental condition 

characterized by persistent challenges in social communication and interaction, 
accompanied by restricted and repetitive patterns of behavior. Symptoms of 
ASD typically emerge during early childhood, often becoming observable 
within the first three years of life. Early identification during toddlerhood is 
critical, as timely intervention has been shown to significantly improve 
cognitive, behavioral, and social outcomes (Hyman et al., 2020; Solmi et al., 
2022). Despite increased global awareness, many children with ASD are still 
identified later than recommended, limiting access to early support services 
(World Health Organization [WHO], 2025). 

To address this issue, standardized screening tools have been widely 
adopted in early childhood developmental surveillance. Questionnaire-based 
instruments, such as the Quantitative Checklist for Autism in Toddlers (Q-
CHAT) and its abbreviated version Q-CHAT-10, are designed to capture early 
behavioral indicators of ASD through caregiver-reported observations (Allison 
et al., 2021). These tools focus primarily on behavioral traits—such as social 
engagement, communication patterns, and responsiveness, which are known to 
be more discriminative for ASD risk than demographic characteristics alone. 
Recent screening studies have consistently shown that behavioral features 
derived from such questionnaires exhibit stronger associations with ASD traits 
compared to factors such as sex, ethnicity, or medical history (Jullien, 2021). 

Alongside traditional screening approaches, machine learning (ML) 
techniques have gained increasing attention to enhance early ASD screening by 
identifying complex patterns within behavioral data. Prior studies have 
demonstrated that ML-based models trained on Q-CHAT or Q-CHAT-10 
features can achieve high predictive performance, while also emphasizing the 
importance of feature relevance and interpretability in health-related 
applications (Aldrees et al., 2024; Sollis et al., 2025). Importantly, several recent 
works highlight that questionnaire-derived behavioral indicators contribute 
most significantly to model performance, whereas demographic variables often 
play a secondary role. These findings motivate further investigation into 
models that leverage behavioral similarity among toddlers for ASD prediction. 

Among various ML techniques, the K-Nearest Neighbor (KNN) 
algorithm offers a simple yet effective approach for classification tasks where 
similarity in feature space is meaningful. KNN operates by assigning class 
labels based on the proximity of data points, making it particularly suitable for 
behavioral screening data in which individuals with similar response patterns 
tend to share similar risk profiles. Moreover, KNN does not require complex 
model training and allows intuitive interpretation of predictions, which is 
advantageous for early screening decision support systems intended for 
practical deployment. 

Building on these considerations, this study proposes a KNN-based 
model for predicting autism spectrum disorder traits in toddlers using 
behavioral screening data and selected demographic features. In contrast to 
approaches that rely on complex or opaque models, the proposed method 
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emphasizes interpretability and feasibility while maintaining strong predictive 
capability. The study is further motivated by empirical observations from the 
dataset, where behavioral features, especially cumulative screening scores, 
exhibit strong correlations with ASD class labels, suggesting that similarity-
based classification is a suitable modeling strategy. 

The contributions of this study are threefold. First, it presents an end-to-
end ASD prediction framework based on KNN using toddler behavioral 
screening data. Second, it provides empirical evaluation through confusion 
matrix analysis and standard classification metrics, demonstrating the model’s 
ability to accurately identify ASD-positive cases while minimizing false positive 
predictions. Third, it offers feature-level correlation analysis to contextualize 
model behavior and highlight the dominant role of behavioral indicators in 
early ASD screening. The proposed model is intended as an early screening 
support tool to assist caregivers and practitioners in identifying toddlers who 
may benefit from further clinical assessment, rather than as a substitute for 
professional diagnosis. 
 
LITERATURE REVIEW 
Early ASD Screening in Toddlers and the Need for Decision Support 

Early identification of autism spectrum disorder (ASD) during 
toddlerhood is critical because early intervention can improve developmental 
outcomes and reduce long-term functional limitations. Clinical practice 
guidance also emphasizes structured identification and evaluation pathways 
for children with suspected ASD, reinforcing the importance of screening and 
follow-up assessment within early childhood care settings (Hyman et al., 2020). 
At the same time, evidence syntheses caution that screening programs may face 
real-world barriers such as inconsistent follow-up, resource constraints, and 
potential harm if screening is not paired with adequate diagnostic and 
intervention capacity (Jullien, 2021). These challenges motivate the 
development of decision-support approaches that can increase the efficiency 
and consistency of early ASD screening without replacing clinical diagnosis. 

In parallel, population-level evidence has shown that ASD contributes 
substantially to global disability burden, which further strengthens the rationale 
for scalable screening and early support mechanisms (Solmi et al., 2022). Within 
this context, data-driven approaches, including machine learning (ML), are 
increasingly explored to assist early screening workflows by learning 
discriminative patterns from screening data. 
Questionnaire-Based Screening and Q-CHAT/Q-CHAT-10 Evidence 

Questionnaire-based instruments remain widely used for ASD risk 
screening in toddlers because they are inexpensive, easy to administer, and able 
to capture early behavioral indicators. Among these tools, the Quantitative 
Checklist for Autism in Toddlers (Q-CHAT) and its shortened form Q-CHAT-
10 are designed to measure autistic traits via caregiver responses to behavior-
focused items. A large population screening study by Allison et al. (2021) 
supports the use of Q-CHAT in early screening and argues for multi-time-point 
screening strategies to improve detection and follow-up pathways. 
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The strong dependence of ASD screening performance on behavioral 
traits rather than demographic variables is a recurring theme in the literature. 
This perspective aligns well with data-driven modeling approaches that 
prioritize behavioral item responses (e.g., A1–A10) and aggregated screening 
scores as key predictive signals. 
Machine Learning for ASD Screening Using Behavioral Features 

Recent studies have examined how ML can enhance questionnaire-based 
screening by improving classification accuracy and identifying the most 
predictive items. For example, Tartarisco et al. (2021) investigated Q-CHAT-
based screening using ML methods and highlighted the role of ML in 
evaluating the discriminative capacity and reliability of questionnaire features 
for early autism screening. 

More recently, Sollis et al. (2025) showed that compact subsets of 
QCHAT-10 items, when analyzed with ML, can generalize toward predicting 
clinician-established diagnoses in independent settings, supporting the view 
that a small set of behavioral indicators can carry strong predictive value. This 
is directly relevant to models trained on behavioral item responses (A1–A10) 
and total scores (e.g., Qchat-10-Score), as used in this study. 

In addition to questionnaire-only approaches, research on digital 
behavioral phenotyping has demonstrated the potential of scalable, technology-
assisted screening modalities. Perochon et al. (2023) reported that digital 
phenotyping can support early detection and may complement caregiver 
questionnaires, suggesting a broader ecosystem where ML-based screening 
support tools can be integrated into real-world practice. 
Interpretable and Practical ML Pipelines: Feature Relevance and 
Explainability 

For health-related screening applications, interpretability and practical 
deployment are frequently emphasized. Explainable AI and feature-focused ML 
studies increasingly highlight that model performance often depends on a 
subset of informative behavioral features, while non-behavioral variables may 
add limited predictive benefit. Aldrees et al. (2024) proposed a data-centric 
approach using selective features and explainable AI for ASD-related prediction 
tasks, illustrating the growing interest in methods that make feature importance 
and model behavior more transparent.  

Similarly, Abbas et al. (2024) compared automated ML tools for ASD 
detection and emphasized the value of streamlined pipelines and feature 
selection to improve performance and reduce time-to-model development—an 
important consideration for applied screening systems. 
Research Gap and Positioning of This Study 

The recent literature demonstrates substantial progress in the application 
of questionnaire-based screening and machine learning techniques for early 
autism spectrum disorder (ASD) identification in toddlers. Prior studies 
consistently confirm that behavioral indicators derived from instruments such 
as Q-CHAT and Q-CHAT-10 play a dominant role in distinguishing ASD-
positive from non-ASD cases, while demographic variables often contribute 
limited predictive value. Furthermore, machine learning approaches have 
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shown promising results in enhancing screening accuracy and supporting 
scalable early detection strategies. 

However, several gaps remain. First, many existing studies emphasize 
complex or multi-stage machine learning pipelines, including ensemble models 
or deep learning architectures, which may limit interpretability and practical 
deployment in routine screening contexts. While such models can achieve high 
predictive performance, their complexity may hinder transparency and 
usability for early screening support systems intended for caregivers or 
frontline practitioners. 

Second, despite the widespread use of questionnaire-based datasets, 
similarity-based classifiers such as K-Nearest Neighbor (KNN) have received 
relatively limited focused evaluation in recent ASD screening literature. This is 
notable given that behavioral screening data are inherently suited to similarity-
driven analysis, where toddlers with comparable response patterns may exhibit 
similar risk profiles. The potential of KNN to leverage this behavioral similarity 
in a simple, interpretable manner remains underexplored, particularly in 
toddler-focused screening datasets. 

Third, several studies report overall classification metrics but provide 
limited discussion of error characteristics, such as false positives and false 
negatives, which are critical in early screening contexts. For ASD screening, 
minimizing false positives is important to reduce unnecessary caregiver 
anxiety, while controlling false negatives is essential to avoid missed 
opportunities for early intervention. A more explicit confusion-matrix–based 
analysis is therefore needed to contextualize model performance from a 
screening perspective. 
Research Questions 

To address the identified gaps, this study is guided by the following 
research questions: 

1. RQ1: Can a K-Nearest Neighbor–based model effectively predicts autism 
spectrum disorder traits in toddlers using questionnaire-derived 
behavioral features and selected demographic variables? 

2. RQ2: Which features exhibit the strongest relationships with ASD class 
labels, and how do these relationships support the suitability of a 
similarity-based classification approach? 

3. RQ3: How does the KNN model perform in terms of confusion-matrix–
based error analysis, particularly with respect to false positive and false 
negative predictions in an early screening context? 

Research Contributions 
This study makes the following contributions: 

1. Applied KNN-Based Screening Model 
The study presents an applied K-Nearest Neighbor–based model for 
earlyASD trait prediction in toddlers, demonstrating that a simple and 
interpretable classifier can achieve strong performance when behavioral 
screening features dominate the feature space. 
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2. Behavioral Feature–Driven Analysis 
Through feature correlation analysis, the study provides empirical 
evidence that behavioral questionnaire items (A1–A10) and aggregated 
screening scores play a primary role in ASD prediction, supporting the 
design of behavior-focused screening models. 

3. Screening-Oriented Performance Evaluation 
The study emphasizes confusion-matrix–based evaluation to analyze 
classification errors in a screening context, offering insights into the 
model’s ability to minimize false positives while maintaining high 
detection capability for ASD-positive cases. 

4. Practical Positioning for Early Screening Support 
By framing the proposed model as a decision support tool rather than a 
diagnostic system, the study aligns machine learning outcomes with real-
world screening practices and ethical considerations in early childhood 
health care. 

 
METHODOLOGY 
Research Design and Framework 

This study employed a quantitative experimental design to develop and 
evaluate a K-Nearest Neighbor (KNN) model for predicting autism spectrum 
disorder (ASD) traits in toddlers. The methodological pipeline followed 
common best practices for clinical prediction modeling and machine learning 
reporting, emphasizing transparent documentation of data processing, 
modeling, and evaluation procedures (Collins et al., 2024). The workflow 
consisted of: (1) dataset acquisition, (2) preprocessing and feature preparation, 
(3) KNN model development, and (4) performance evaluation using 
classification metrics and confusion matrix analysis. 
Dataset and Variables 

The dataset used is the Toddler Autism Screening Dataset (July 2018) 
containing 1,054 toddler records (12–36 months), which reflects a typical early 
screening window. The feature structure aligns with widely used autism 
screening instruments such as Q-CHAT/QCHAT-10, where behavioral 
screening items and an aggregated score are central signals for early risk 
identification (Aldrees et al., 2024; Sollis et al., 2025). Recent ASD screening 
research using questionnaire-derived behavioral features further supports the 
suitability of this type of dataset for machine learning–based screening support 
(Alzakari et al., 2025; Lu et al., 2024). 
Feature groups: 

1. Behavioral screening features (A1–A10) and Qchat-10-Score (primary 
predictors) 

2. Demographic/medical features (e.g., age in months, sex, ethnicity, 
jaundice, family history of ASD, responder) 

3. Target label: ASD traits (Yes/No) 
Data Preprocessing 

Because distance-based classifiers such as KNN are sensitive to feature 
scales, preprocessing is a critical step to ensure that variables with larger 
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numeric ranges do not dominate distance computations (Halder et al., 2024). 
The following steps were applied: 

1. Data cleaning and missing value handling 
The dataset was checked for missing or inconsistent entries and treated to 

maintain dataset integrity. 
2. Categorical encoding 
Categorical variables were encoded into numeric format to support distance 

computation in KNN. 
3. Feature scaling (Min–Max normalization) 

Numerical features were normalized into a uniform range using Min–Max 
scaling, a commonly adopted approach in KNN pipelines to standardize 
feature magnitude and improve distance-based discrimination (Vega-
Huerta et al., 2025). Scaling decisions were documented to support 
reproducibility and reporting transparency (Collins et al., 2024). 

4. Feature preparation 
Behavioral screening variables (A1–A10 and Qchat-10-Score) were 
retained as primary features, consistent with recent findings indicating 
that questionnaire-based behavioral features typically carry the most 
predictive signal for ASD screening tasks (Aldrees et al., 2024; Sollis et 
al., 2025). 

K-Nearest Neighbor (KNN) Classification 
KNN is a non-parametric, instance-based classifier that assigns labels 

based on similarity in feature space. This model is suitable for behavioral 
screening data, where toddlers with similar response patterns can be expected 
to share similar risk profiles (Aldrees et al., 2024; Alzakari et al., 2025). The 
distance metric used was Euclidean distance, defined as: 

𝑑 (𝑥, 𝑦) = √∑ (𝑥𝑖 −  𝑦𝑖)2𝑛
𝑖=1   ………………… (1) 

The number of neighbors (k) was selected empirically by evaluating 
multiple k values and choosing the configuration that achieved the best 
generalization performance on the test set. Method choices and parameter 
reporting were structured to align with emerging clinical prediction model 
reporting guidance (Collins et al., 2024). 
Experimental Setup 

The dataset was split into training and testing subsets to evaluate 
generalization. Experiments were executed using standard machine learning 
tools, with consistent preprocessing applied to both training and testing 
partitions. The modeling and evaluation pipeline was documented following 
recommendations for transparent AI/prediction model reporting in healthcare 
(Collins et al., 2024). 
Evaluation Metrics and Confusion Matrix Analysis 

Model performance was evaluated using widely accepted classification 
metrics: Accuracy, Precision, Recall (Sensitivity), F1-score. These metrics were 
selected because they provide complementary views of classification 
performance, particularly for binary classification tasks and screening-oriented 
contexts (Miller et al., 2024; Rainio et al., 2024). In addition, a confusion matrix 
was used to analyze the distribution of true positives, true negatives, false 
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positives, and false negatives, enabling a screening-relevant interpretation of 
model errors. Accuracy represents the proportion of correctly classified instances 

among all predictions and reflects the overall correctness of the model. Precision 
measures the proportion of correctly identified ASD-positive cases among all 
cases predicted as ASD-positive, indicating the reliability of positive screening 
results. Recall (Sensitivity) indicates the model’s ability to correctly identify 
toddlers with ASD traits, which is particularly important in early screening 
scenarios to reduce missed cases. F1-score represents the harmonic balance 
between precision and recall, providing a single measure that accounts for both 
false positives and false negatives. In addition, a confusion matrix was used to 
analyze the distribution of true positives, true negatives, false positives, and 
false negatives, enabling a screening-relevant interpretation of classification 
errors and their practical implications. 
Reporting Quality and Ethical Considerations 

This study used a publicly available, anonymized dataset and does not 
involve identifiable personal data. The proposed model is framed as an early 
screening decision support tool, not a diagnostic replacement. To enhance 
methodological rigor and transparency, the study structure aligns with 
recommended reporting practices for clinical prediction models using machine 
learning (Collins et al., 2024). Considerations regarding bias and applicability in 
healthcare prediction modeling were also acknowledged in line with updated 
guidance for risk-of-bias assessment in AI-based prediction models (Moons et 
al., 2025). 
Hyperparameter Tuning and Optimization Procedure 

To improve classification performance and ensure fair comparison 
among models, a systematic hyperparameter tuning and optimization 
procedure was applied prior to final evaluation. The optimization process was 
conducted separately for each classifier considered in this study, namely 
Support Vector Machine (SVM), K-Nearest Neighbor (KNN), and Random 
Forest (RF). 
Optimization Method 

A grid search–based approach was employed to explore combinations of 
key hyperparameters for each classifier. Grid search was selected due to its 
transparency and suitability for datasets of moderate size, enabling controlled 
evaluation of parameter effects on model performance. The following 
hyperparameters were optimized: 

1. K-Nearest Neighbor (KNN): 
a) Number of neighbors (k): evaluated over a predefined range of values 
b) Distance metric: Euclidean distance 
c) Voting scheme: majority voting 

2. Support Vector Machine (SVM): 
a) Kernel type 
b) Regularization parameter (C) 

3. Random Forest (RF): 
a) Number of trees 
b) Maximum tree depth 
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All models were trained using the same preprocessed dataset to ensure 
comparability. 
Evaluation Criterion 

Model performance during optimization was assessed using 
classification accuracy as the primary criterion, with additional attention given 
to precision and recall reflecting screening-oriented priorities. The parameter 
configuration yielding the best validation performance was selected as the 
optimized model. 
Final Model Selection 

After optimization, the KNN model with the optimal k value and 
selected top behavioral features was chosen as the final model for detailed 
evaluation. This decision was motivated by: 

1. Its stable performance across evaluation metrics, 

2. Its interpretability and simplicity, and 

3. Its suitability for similarity-based analysis of behavioral screening data. 

The optimized models were subsequently evaluated on the test dataset 

using confusion matrix analysis and standard classification metrics, as reported 

in the Results section. 

 

RESULTS 
Experimental Results 

To further evaluate the impact of model optimization, a comparative 
analysis was conducted using confusion matrices for three classifiers, namely 
Support Vector Machine (SVM), K-Nearest Neighbor (KNN), and Random 
Forest (RF), before and after optimization. Figure 1 illustrates the changes in 
classification performance across all models. 

 

 
Figure 1. Confusion matrices of classification performance before and after 

optimization for (A, D) Support Vector Machine (SVM), (B, E) K-Nearest 
Neighbor (KNN), and (C, F) Random Forest (RF). 

 
Although optimization improved the performance of all classifiers, the 

KNN model maintained a balanced trade-off between sensitivity and precision, 
reinforcing its suitability as the primary screening model in this study. The 
performance of the proposed K-Nearest Neighbour (KNN)–based model was 
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evaluated using a held-out test dataset. Model effectiveness was assessed 
through standard classification metrics and confusion matrix analysis, which 
are particularly relevant for early ASD screening scenarios. Based on the 
confusion matrix obtained in this study, the following classification outcomes 
were observed: True Positives (TP) = 133, True Negatives (TN) = 69, False 
Positives (FP) = 0, False Negatives (FN) = 9. These values indicate that the 
model successfully identified most toddlers exhibiting ASD traits while 
avoiding incorrect positive predictions among non-ASD cases. 
Evaluation Metrics 

Using the confusion matrix values above, the evaluation metrics were 
calculated as follows: 
1. Accuracy 

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
=

133 + 69

211
= 0.9573 = 95.73% 

2. Precision 
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
=

133

133
= 1.000 = 100% 

3. Recall (Sensitivity) 
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
=

133

142
= 0.9366 = 93.66% 

4. F1-score 

2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
= 0.9672 = 96.72% 

 
Table 1. Performance Metrics of the KNN-Based ASD Prediction Model 

Metric Value (%) 

Accuracy 95.73 

Precision 100.00 

Recall 93.66 

F1-score 96.72 

 
Confusion Matrix Analysis 

The confusion matrix analysis reveals that the proposed KNN model 
demonstrates excellent precision, as no non-ASD toddlers were incorrectly 
classified as ASD-positive. This result is particularly important in early 
screening contexts, where false positive predictions may lead to unnecessary 
parental anxiety and additional clinical burden.  

The model also achieved high recall, correctly identifying most ASD-
positive cases. Although a small number of false negatives (FN = 9) were 
observed, the overall detection capability remains strong, indicating that the 
model effectively captures dominant behavioral patterns associated with ASD 
traits. 
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Performance Evaluation of the Final KNN Model 
Figure 2 further illustrates the performance of the final KNN model 

using selected top features. The ROC curve demonstrates an AUC of 0.74, 
indicating acceptable discrimination between ASD and typically developing 
classes. This result suggests that the proposed model maintains stable 
predictive behavior across different decision thresholds, supporting its 
applicability as an early screening support tool. 

 

 
Figure 2. Confusion matrix and ROC curve of the final K-Nearest Neighbor 

(KNN) model using selected top features. The ROC curve shows an AUC value 
of 0.74, indicating acceptable discriminative performance for early ASD 

screening. 
 
Relationship Between Feature Correlation and Model Performance 

The strong classification performance of the KNN model is consistent 
with the exploratory feature correlation analysis conducted in this study. 
Behavioral screening features (A1–A10) and the aggregated Qchat-10-Score 
exhibited strong positive correlations with the ASD class label, while 
demographic variables showed comparatively weak associations. 

This feature structure supports the suitability of a similarity-based 
classifier such as KNN, where toddlers with similar behavioral response 
patterns form coherent neighborhoods in feature space. As a result, the model 
can distinguish ASD-positive and non-ASD cases effectively using distance-

based reasoning. 
 
DISCUSSION 

This study investigated the effectiveness of a K-Nearest Neighbor 
(KNN)–based model for predicting autism spectrum disorder (ASD) traits in 
toddlers using questionnaire-derived behavioral features and selected 
demographic variables. The discussion focuses on interpreting experimental 
results in relation to the research questions and positioning the findings within 
the context of recent literature. 
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Effectiveness of the KNN-Based Model for Early ASD Screening 
The results demonstrate that the proposed KNN-based model is highly 

effective in predicting ASD traits in toddlers, achieving an overall accuracy of 
95.73% with a precision of 100% and a recall of 93.66%. These findings indicate 
that the model can reliably distinguish between ASD-positive and non-ASD 
cases using early screening data, thereby addressing RQ1.  

From a screening perspective, the absence of false positive predictions is 
particularly noteworthy. In early childhood ASD screening, false positives may 
lead to unnecessary caregiver anxiety and additional clinical burden. The 
model’s perfect precision suggests that non-ASD toddlers are not incorrectly 
flagged as high-risk, which aligns with recommendations in the screening 
literature emphasizing the need to balance sensitivity and specificity in early 
identification programs (Jullien, 2021). At the same time, the high recall 
indicates that the model successfully identifies most ASD-positive cases, 
supporting its utility as an early screening support tool. 
Role of Behavioral Features and Feature Correlation 

The strong performance of the KNN model can be attributed to the 
dominance of behavioral screening features within the dataset. The feature 
correlation analysis showed that A1–A10 behavioral items and the aggregated 
Qchat-10-Score exhibit strong positive correlations with the ASD class label, 
whereas demographic variables such as sex, ethnicity, and medical history 
demonstrated comparatively weak associations. This finding directly addresses 
RQ2 and is consistent with prior studies highlighting the central role of 
behavioral indicators in early ASD screening (Allison et al., 2021; Sollis et al., 
2025).  

These results reinforce the suitability of similarity-based classifiers for 
this task. Because KNN relies on distance and neighborhood similarity, it 
naturally leverages the clustering of toddlers with similar behavioral response 
patterns. This behavior-driven similarity structure explains why the model 
achieves strong discrimination between ASD-positive and non-ASD cases, even 
without complex feature engineering or deep learning architectures. Similar 
conclusions have been reported in recent ASD-related machine learning studies, 
which emphasize that carefully selected behavioral features often contribute 
more to predictive performance than demographic attributes (Aldrees et al., 
2024). 
Screening-Oriented Error Analysis 

Beyond aggregate performance metrics, confusion matrix analysis 
provides deeper insight into the model’s practical implications for early 
screening, addressing RQ3. The model produced zero false positives and a 
limited number of false negatives (n = 9). While false negatives represent 
missed screening opportunities, their relatively small number suggests that the 
model retains strong detection capability. Importantly, in a real-world 
screening context, such a model would typically be used as part of a broader 
surveillance and referral process rather than as a standalone decision-maker. 

This screening-oriented interpretation aligns with recent guidance on the 
deployment of machine learning models in healthcare, which stresses that 
predictive systems should complement—not replace—clinical judgment and 
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follow-up assessment (Collins et al., 2024). The results therefore support the 
positioning of the proposed model as a decision support tool that can assist 
caregivers and practitioners in identifying toddlers who may benefit from 
further evaluation. 
Comparison with Recent Literature 

Compared to recent machine learning–based ASD screening studies, the 
proposed approach demonstrates that simple and interpretable models can 
achieve competitive performance when applied to well-structured behavioral 
datasets. While many recent works explore ensemble learning or explainable AI 
frameworks (Aldrees et al., 2024; Abbas et al., 2024), the findings of this study 
suggest that KNN remains a viable alternative, particularly for applied 
screening scenarios where transparency and ease of implementation are 
important. 

Moreover, the strong alignment between feature correlation patterns and 
model performance supports emerging evidence that compact and behavior-
focused feature sets are sufficient for effective early ASD screening (Sollis et al., 
2025). This reinforces the practical value of questionnaire-based screening data 
when combined with appropriately chosen machine learning techniques. 
Limitations and Implications for Future Work 

Despite its strong performance, this study has several limitations. First, 
the dataset used is a publicly available screening dataset, which may not fully 
capture population diversity across different geographic or cultural contexts. 
Second, the model was evaluated using a single classifier; future studies could 
explore comparative evaluations with other algorithms or hybrid approaches to 
further validate performance robustness. 

Nevertheless, the findings provide important implications for future 
research and practice. Integrating the proposed KNN-based model into web-
based or mobile screening systems could enhance accessibility and scalability of 
early ASD screening support. Additionally, combining questionnaire data with 
other data modalities, such as observational or digital behavioral features, may 
further improve detection capability. 
 
CONCLUSIONS AND RECOMMENDATIONS 

This study presented a K-Nearest Neighbor (KNN)–based model for 
predicting autism spectrum disorder (ASD) traits in toddlers using 
questionnaire-derived behavioral screening data and selected demographic 
features. The proposed approach was designed to support early ASD screening 
by leveraging similarity-based classification on behavior-focused indicators. 
Experimental results demonstrate that the model achieved high predictive 
performance, with an accuracy of 95.73%, a precision of 100%, a recall of 
93.66%, and an F1-score of 96.72%. The confusion matrix analysis further 
revealed that the model produced no false positive predictions, indicating 
strong reliability in avoiding incorrect ASD risk labeling among non-ASD 
toddlers. These findings highlight the effectiveness of KNN when applied to 
behavioral screening datasets where feature correlations are dominated by 
questionnaire-based indicators. The feature correlation analysis confirmed that 



Meidelfi, Chandra, Shidiq, Azharif, Berlianti 

944 
 

behavioral screening items (A1–A10) and the aggregated Qchat-10-Score play a 
central role in distinguishing ASD-positive and non-ASD cases, while 
demographic variables contribute comparatively less predictive value. This 
alignment between feature relevance and model behavior reinforces the 
suitability of similarity-based learning for early ASD screening tasks. Overall, 
the results suggest that a simple and interpretable KNN-based model can serve 
as a reliable early screening decision support tool, assisting caregivers and 
practitioners in identifying toddlers who may benefit from further clinical 
assessment. Importantly, the proposed model is intended to complement, not 
replace, professional diagnostic evaluation. 

 
FURTHER STUDY 
 Future research may extend this work in several directions. First, model 
robustness can be further examined by evaluating performance across more 
diverse and representative datasets, including data from different geographic 
and cultural contexts. Second, comparative studies involving additional 
machine learning algorithms or hybrid models may provide deeper insight into 
performance trade-offs between simplicity and predictive power. Furthermore, 
integrating the proposed model into web-based or mobile screening 
applications could enhance accessibility and scalability in real-world settings. 
Finally, combining questionnaire-based screening data with other modalities, 
such as observational or digital behavioral features, may further improve early 
ASD risk identification and support more comprehensive screening 
frameworks. 
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