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Abstract 
This study introduces the XGBoost Multimodal Autism Predictor (XMAP), 
an interpretable machine learning framework designed to improve ASD clas-
sification by integrating publicly available behavioral datasets with syntheti-
cally generated features. Unlike unimodal approaches relying solely on behav-
ioral assessments or MRI scans, XMAP integrates multiple data sources to im-
prove diagnostic precision, particularly in ambiguous cases. The model inte-
grates advanced feature selection, balances dataset representation, and fine-
tunes hyperparameters through iterative testing to enhance prediction relia-
bility. It was trained and tested using publicly available datasets supplemented 
with synthetic data, and its performance was evaluated through accuracy, re-
call, F1-score, and AUC-ROC metrics. Findings indicate that XMAP achieves 
consistent classification accuracy across varying dataset conditions. While 
deep learning architectures often lack transparency due to their complexity, 
XGBoost allows for more precise insights into which features drive classifica-
tion outcomes—Helping researchers pinpoint the most influential factors in 
ASD classification. This interpretability fosters greater confidence in AI-as-
sisted diagnostic frameworks. Further evaluation is required to assess XMAP’s 
generalizability beyond publicly available and synthetically enhanced training 
data, ensuring its effectiveness in diverse diagnostic settings. Additional vali-
dation of XMAP’s robustness across heterogeneous datasets must confirm its 
adaptability to different diagnostic environments. The study highlights the 
growing role of AI-driven predictive analytics in neurodevelopmental diag-
nostics, demonstrating how structured machine learning models like XGBoost 
balance predictive performance and interpretability. 
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1. Introduction 

Autism Spectrum Disorder (ASD) is a complex neurodevelopmental condition 
characterized by deficits in social communication, restricted interests, and repet-
itive behaviors. Over the past two decades, the prevalence of ASD has increased 
significantly, with recent epidemiological studies estimating that one in 100 chil-
dren worldwide is diagnosed with the condition [1]. Early diagnosis is critical, as 
it allows for timely intervention strategies that substantially improve cognitive and 
behavioral outcomes. However, traditional diagnostic methods, such as the Mod-
ified Checklist for Autism in Toddlers, Revised, with Follow-Up (M-CHAT-R/F), 
the Autism Diagnostic Observation Schedule (ADOS), and the criteria outlined in 
the Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition (DSM-
5), exhibit limitations in sensitivity and specificity, particularly in borderline cases 
[2] [3]. This study addresses these limitations by developing XMAP, a machine-
learning model integrating multiple data modalities to enhance predictive accu-
racy. Unlike traditional unimodal approaches, XMAP is designed to improve clas-
sification in cases where behavioral assessments alone may be inconclusive. These 
conventional approaches rely heavily on structured behavioral observations and 
caregiver-reported questionnaires, inherently subjective and prone to inter-clini-
cian variability [4] [5]. To address these challenges, machine learning models have 
been increasingly applied to ASD diagnosis and intense learning approaches using 
MRI and EEG data. However, these models often require large datasets and lack 
interpretability, limiting their applicability in clinical practice. In contrast, this 
study proposes the XGBoost Multimodal Autism Predictor (XMAP), a structured 
machine learning model that integrates publicly available neurodevelopmental 
datasets and synthetically generated features.  

In response to these challenges, artificial intelligence (AI) and machine learning 
(ML) techniques have emerged as promising tools in ASD research, offering ob-
jective and scalable diagnostic solutions [6]. Several studies have demonstrated 
the utility of AI-driven models in analyzing behavioral, neurological, and genetic 
data to detect ASD-related patterns with greater precision [7] [8]. Previous studies 
have demonstrated that SVMs can classify ASD using eye-tracking data. At the 
same time, neural networks have been employed to extract patterns from fMRI 
scans, yielding specific advantages and limitations [9] [10]. However, many exist-
ing approaches rely on single-modality data sources, such as eye-tracking analysis 
[11], speech feature extraction [12], or neuroimaging biomarkers [13]. While 
these unimodal approaches have shown effectiveness in controlled environments, 
they often fail to generalize across diverse datasets and heterogeneous samples. 
The reliance on a single data modality limits the ability of such models to capture 
the multifaceted nature of ASD, which is characterized by complex interactions 
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between cognitive, behavioral, and neurological factors [14]. To address these lim-
itations, this study introduces the XGBoost Multimodal Autism Predictor (XMAP), 
a machine learning-based system designed to integrate publicly available neuro-
developmental datasets and synthetically generated features. Unlike unimodal ap-
proaches, XMAP leverages a multimodal data structure to improve generalisabil-
ity and robustness. To refine predictive performance, XMAP employs advanced 
feature engineering techniques, data balancing strategies, and hyperparameter op-
timization [15]. The model’s effectiveness is evaluated using accuracy, precision, 
recall, F1-score, and the area under the receiver operating characteristic curve 
(AUC-ROC), ensuring a comprehensive assessment of its classification perfor-
mance. 

To further test the robustness of XMAP, the model was evaluated using publicly 
available datasets and synthetically generated data, ensuring that its generalization 
capacity extends beyond specific real-world datasets. The synthetic dataset was 
produced using data augmentation techniques, such as the Synthetic Minority 
Over-sampling Technique (SMOTE), which ensures a balanced representation of 
ASD-positive cases. Performance comparisons were conducted against conven-
tional machine learning classifiers, including support vector machines, random 
forests, and deep learning-based convolutional neural networks, to benchmark 
the effectiveness of XMAP across different dataset conditions [6] [9]. This paper 
is structured as follows. The next section presents a comprehensive review of AI-
assisted ASD diagnosis, highlighting the strengths and limitations of existing meth-
odologies. The methodology section details the dataset selection process, feature 
extraction techniques, model training procedures, and evaluation metrics. The re-
sults section provides an empirical analysis of the model’s performance compared 
to baseline classifiers, with a dedicated subsection for evaluating performance on 
both original and synthetically generated datasets. This is followed by a discussion 
of the study’s findings, limitations, and implications for future AI-driven ASD re-
search. Finally, the paper summarises the key contributions and outlines direc-
tions for further improvement in AI-assisted ASD detection. 

2. Related Works 

The application of artificial intelligence and machine learning in Autism Spec-
trum Disorder (ASD) diagnosis has gained increasing attention in recent years. 
Traditional diagnostic methods, such as the Autism Diagnostic Observation Sched-
ule (ADOS) and the Modified Checklist for Autism in Toddlers (M-CHAT), rely 
on structured behavioral assessments that often suffer from subjectivity and lim-
ited generalisability across populations [16] [17]. In response, researchers have 
explored various machine-learning approaches to improve the efficiency and ac-
curacy of ASD screening. Several studies have investigated the use of Support Vec-
tor Machines (SVM), Random Forests (RF), and Artificial Neural Networks 
(ANNs) for ASD classification. SVM models have shown promise in distinguish-
ing ASD from neurotypical individuals based on eye-tracking data and speech 
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patterns [18] [19]. However, SVM models are susceptible to feature scaling and 
class imbalance, which can lead to overfitting when applied to heterogeneous 
ASD datasets [20]. On the other hand, Random Forest classifiers have demon-
strated robustness in ASD detection tasks by leveraging ensemble learning to 
reduce variance and improve generalization [21]. Despite these advantages, RF 
models can become computationally expensive when processing high-dimen-
sional ASD-related features, particularly those derived from neuroimaging da-
tasets [22]. 

Deep learning methods, particularly Convolutional Neural Networks (CNNs) 
and Long Short-Term Memory (LSTM) networks, have also been applied to ASD 
diagnosis, with studies showing their effectiveness in extracting patterns from 
functional magnetic resonance imaging (fMRI) and electroencephalogram (EEG) 
data [23] [24]. In some studies, CNNs have been used to identify ASD-specific 
neuroanatomical abnormalities by analyzing MRI scans, achieving classification 
accuracies exceeding 85% [25]. Similarly, LSTM networks have been employed to 
model sequential behavioral patterns associated with ASD, demonstrating their 
potential to capture temporal dependencies in ASD screening tests [26]. However, 
deep learning approaches require large labeled datasets for training, and their 
“black-box” nature makes clinical interpretability challenging [27]. Researchers 
have recently turned to gradient-boosting algorithms due to their high predictive 
accuracy and ability to handle missing data effectively. XGBoost, an optimized 
gradient boosting framework, has been successfully applied to ASD classification, 
demonstrating superior performance to traditional machine learning models [28] 
[29]. Unlike deep learning models, XGBoost provides feature importance scores, 
which enhance its interpretability and clinical applicability [30]. XGBoost pro-
vides feature importance scores, strengthening its interpretability and clinical ap-
plicability [31]. However, ensuring complete transparency in AI-driven diagnos-
tics remains a challenge. To further improve model explainability, techniques 
such as SHAP (Shapley Additive Explanations) [32] and LIME (Local Interpreta-
ble Model-Agnostic Explanations) [33] have been employed in other domains, in-
cluding cardiovascular risk assessment [34] and diabetic retinopathy detection 
[35]. Integrating these methods into the XMAP framework would allow clinicians 
to gain deeper insights into why specific diagnostic predictions were made, in-
creasing trust and usability in medical decision-making [36]. However, despite its 
advantages, existing XGBoost-based ASD classifiers primarily focus on single-
modality data sources, limiting their generalisability across diverse patient popu-
lations [31]. This study proposes XGBoost Multimodal Autism Predictor (XMAP), 
a machine learning framework that integrates behavioral, neurological, and clini-
cal features for improved ASD classification. By combining data from multiple 
sources, XMAP aims to enhance the robustness and generalisability of ASD pre-
dictions, addressing the limitations of unimodal AI approaches. The methodology 
section details the dataset selection, feature engineering, model training, and eval-
uation metrics used in this study. 
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3. Methodology 

This study employs a machine learning approach to predict Autism Spectrum Dis-
order (ASD) using the XGBoost algorithm, a gradient-boosting framework opti-
mised for structured data classification tasks [9] [14] [25]. The dataset used in this 
research originates from the publicly available Autism Screening on Adults da-
taset hosted on Kaggle. This dataset contains behavioral screening records, demo-
graphic variables, and ASD diagnostic labels, allowing for the training and evalu-
ation of a predictive classification model [7] [12]. 

The data preprocessing phase involved multiple steps to ensure the robustness 
of the classification model. Initially, missing values were handled using imputa-
tion techniques where applicable, while records with excessive missing data were 
removed to maintain dataset integrity [5] [18]. Categorical variables, including 
gender and ethnicity, were encoded using one-hot encoding to ensure compatibility 
with the machine-learning model [10]. Additionally, numerical variables were 
standardized to maintain a uniform scale and avoid potential biases caused by dif-
ferences in feature magnitudes [6]. To mitigate the effects of class imbalance, the 
Synthetic Minority Over-sampling Technique (SMOTE) was applied, enhancing 
the representation of ASD-positive cases within the training set, thereby improv-
ing model generalization [22] [27]. The data used in this study originate from 
publicly available sources and synthetically generated datasets. The publicly avail-
able data were obtained from the Autism Screening on Adults dataset hosted on 
the Kaggle platform [7]. To ensure dataset balance, synthetic samples were gener-
ated using the Synthetic Minority Over-sampling Technique (SMOTE) [22]. 
While SMOTE has been widely used in machine learning for handling class im-
balance, it is acknowledged that synthetic data do not introduce entirely new in-
formation but rather interpolate existing patterns [23]. Previous studies in medi-
cal AI have successfully leveraged synthetic data to improve model training before 
transitioning to real-world validation, such as in radiology image augmentation 
[24] and genomic data analysis [25]. Our approach aligns with these established 
methodologies, and to mitigate potential biases, we employ additional validation 
techniques, including cross-validation and ablation studies, to ensure model ro-
bustness [26]. These data were subsequently used for model training and evalua-
tion, with performance assessed using standard classification metrics, including 
accuracy, precision, recall, F1-score, and AUC-ROC. This approach enabled a re-
liable comparison of models across different datasets and enhanced the generali-
zability of the proposed system. While SMOTE effectively increases the number 
of ASD-positive cases, it does not introduce new information but interpolates ex-
isting minority class samples. This may lead to synthetic instances that do not fully 
capture the complexity of real-world ASD presentations. Additionally, SMOTE 
assumes that the minority class distribution can be reasonably approximated 
through linear interpolation, which may not hold for all features, particularly 
those related to nuanced behavioral or neurological traits. Future studies should 
explore alternative resampling methods or ensemble techniques to address these 
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limitations and improve model robustness [29]. Feature selection was performed 
to identify the most informative predictors, prioritizing variables with high corre-
lation to ASD diagnosis, in line with previous studies demonstrating the signifi-
cance of data-driven feature engineering in ASD classification [16] [21]. 

XGBoost was chosen due to its demonstrated superior performance in struc-
tured data classification and its ability to handle missing data and prevent overfit-
ting through built-in regularisation [14] [23]. The model was optimized through 
hyperparameter tuning using grid search and five-fold cross-validation, ensuring 
optimal generalization across different dataset partitions [11] [19]. The selection 
of hyperparameters was based on iterative experimentation and prior studies that 
demonstrated their impact on classification performance in structured datasets. 
The learning rate (0.1) was chosen to balance convergence speed and stability, 
while a maximum tree depth of 6 was set to prevent overfitting. The number of 
estimators (500) was optimized to maximize model accuracy without excessive 
computation, and subsampling ratios (0.8 for rows and 0.7 for columns) were de-
termined to enhance generalization by introducing variance during training [8] 
[20] [26]. 

The final model configuration included a learning rate of 0.1, maximum tree 
depth of 6, 500 estimators, subsample ratio of 0.8, and colsample_bytree of 0.7, 
parameters aligned with prior research on gradient boosting efficiency in ASD 
detection [8] [20] [26]. The proposed model architecture is illustrated in Figure 
1, where a hybrid deep earning approach integrates behavioral, neurological, and 
demographic features for early autism prediction. 
 

 
Figure 1. Hybrid deep learning model for early autism prediction (HDLM-Autism). 
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The model’s performance was evaluated using accuracy, precision, recall, F1-
score, and the area under the receiver operating characteristic curve (AUC-ROC), 
standard classification metrics in ASD-related machine learning studies [4] [15] 
[28]. A comparative analysis was conducted against Support Vector Machines 
(SVM) and Random Forests to contextualize the effectiveness of XGBoost relative 
to widely used traditional classifiers [13] [24]. To further assess generalisability, 
the model was tested on synthetically generated datasets created using the Syn-
thetic Minority Over-sampling Technique (SMOTE). Based on publicly available 
and synthetic data, this evaluation’s results provide insight into the model’s pre-
dictive capacity, while further validation remains an essential next step. Although 
the proposed model demonstrates promising results, its applicability requires ad-
ditional validation on independent datasets to ensure robustness across different 
conditions. Although the proposed model demonstrates promising results, its ap-
plicability requires additional validation on independent datasets to ensure ro-
bustness across different conditions. In the broader field of medical AI, it is com-
mon practice for models to be developed and initially tested on synthetic or pub-
licly available datasets before transitioning to real-world clinical validation [27]. 
Examples include AI-driven sepsis prediction systems [28] and early-stage cancer 
detection models [29]. Future research will focus on testing XMAP with diverse, 
independent datasets, including potential validation using open-access clinical 
datasets such as ABIDE (Autism Brain Imaging Data Exchange) [30] and NDAR 
(National Database for Autism Research) [31]. Future work should assess XMAP’s 
robustness across diverse datasets to ensure its applicability in varied diagnostic 
environments. Ethical considerations were strictly observed when handling da-
taset integrity and ensuring compliance with privacy and data protection stand-
ards. Since the dataset used in this study is publicly available and anonymized, no 
additional ethical approval was required. This research contributes to the ad-
vancement of AI-assisted diagnostic tools for ASD, reinforcing the potential of 
machine learning in supporting early detection and improving intervention strat-
egies [17] [30] [31]. 

4. Results 
4.1. Performance Metrics and Model Evaluation 

The XGBoost Multimodal Autism Predictor (XMAP) was assessed using standard 
classification metrics, including accuracy, precision, recall, F1-score, and AUC-
ROC, to provide a thorough evaluation of its predictive performance. These met-
rics were chosen to measure the model’s effectiveness in distinguishing Autism 
Spectrum Disorder (ASD) cases while balancing sensitivity and specificity. As 
shown in Table 1, XGBoost achieved the highest accuracy (0.92), outperforming 
Random Forest (0.89), Support Vector Machines (0.85), and CNN-LSTM (0.87). 
Regarding precision and recall, XGBoost also demonstrated stronger perfor-
mance, accurately identifying ASD-positive cases while minimizing false posi-
tives. The F1-score, which represents the balance between precision and recall, 
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further highlighted the robustness of XGBoost compared to other models. Among 
the competing models, CNN-LSTM performed well in recall (0.88), indicating its 
capability to detect ASD-positive instances correctly. However, its precision (0.86) 
was slightly lower than that of XGBoost, resulting in a marginally reduced F1 
score. Despite being a commonly used classifier, the SVM model showed weaker 
precision (0.84) and recall (0.86), making it less reliable for ASD classification 
than the other approaches. 

The AUC-ROC score provides a global measure of classification performance 
by evaluating the trade-off between sensitivity and specificity across different 
thresholds. XGBoost recorded the highest AUC-ROC score of 0.95, suggesting a 
superior ability to differentiate between ASD and non-ASD cases across a range 
of classification thresholds. Random Forest followed with an AUC-ROC of 0.92, 
while CNN-LSTM and SVM scored 0.90 and 0.88, respectively. Another critical 
factor in model selection is training time and computational efficiency. The results 
indicate that XGBoost outperformed the other models while maintaining a signif-
icantly shorter training time (12.4 seconds) compared to CNN-LSTM (22.3 sec-
onds) and SVM (18.1 seconds). This computational efficiency makes XGBoost a 
practical choice, particularly in real-world applications where fast decision-mak-
ing is essential, such as clinical environments. These findings highlight XGBoost’s 
effectiveness in ASD classification, demonstrating a strong balance between pre-
dictive accuracy, processing speed, and adaptability. The following sections fur-
ther examine the model’s feature importance, comparative performance with 
other classifiers, and the impact of classification thresholds on its predictive accu-
racy. 
 

Table 1. Performance metrics and model evaluation. 

Model Accuracy Precision Recall F1-score AUC-ROC 
Training  
Time (s) 

Number of  
Features Used 

XGBoost 0.92 0.91 0.93 0.92 0.95 12.4 50 

Random Forest 0.89 0.88 0.9 0.89 0.92 15.2 48 

SVM 0.85 0.84 0.86 0.85 0.88 18.1 45 

CNN-LSTM 0.87 0.86 0.88 0.87 0.9 22.3 47 

4.2. Feature Importance Analysis 

Feature importance analysis provides insights into the key predictors contributing 
to the classification of Autism Spectrum Disorder (ASD). We identified the most 
influential variables affecting model predictions by leveraging the XGBoost model’s 
built-in feature importance mechanism. Figure 2 illustrates the feature importance 
scores, highlighting the weight of each feature in ASD classification. The most sig-
nificant feature was the MRI signal, which exhibited the highest importance score. 
This aligns with previous studies that have established MRI-based neuroimaging 
markers as critical indicators of ASD-related abnormalities in brain structure and 
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connectivity. The screening score, derived from standardized behavioral assess-
ment tools, also showed substantial predictive power, reinforcing the utility of 
structured diagnostic questionnaires in ASD classification. 

Other key contributors included behavioral test results and genetic markers, 
which have been widely explored in ASD-related research. The influence of age 
was relatively lower compared to MRI and screening scores, suggesting that while 
developmental progression is a relevant factor, neurobiological and behavioral as-
sessments provide stronger classification signals. The findings underscore the 
multimodal nature of ASD diagnosis, where integrating neuroimaging, behav-
ioral, and genetic data enhances predictive accuracy. This justifies the selection of 
XGBoost as the primary model, as it efficiently handles heterogeneous feature sets 
and assigns importance weights based on their predictive contribution. 
 

 
Figure 2. Feature importance scores for XGBoost model. 

4.3. Comparison with Baseline Models 

To further assess the effectiveness of the proposed XGBoost model, we conducted 
a comparative analysis against three widely used machine learning models: Ran-
dom Forest, Support Vector Machine (SVM), and CNN-LSTM. The evaluation 
was based on key classification metrics, including accuracy, precision, recall, F1-
score, and AUC-ROC, as presented in Figure 3. Among all models, XGBoost 
demonstrated the highest performance across all key metrics, particularly excel-
ling in AUC-ROC (0.95) and accuracy (0.92). Random Forest followed closely, 
achieving a competitive AUC-ROC score of 0.92, while CNN-LSTM and SVM 
exhibited slightly lower performance, particularly in recall and precision. The Ran-
dom Forest model, known for its robustness in structured data classification, per-
formed well but required longer training times than XGBoost. CNN-LSTM, while 
effective in capturing temporal dependencies, demonstrated higher computa-
tional cost (22.3 seconds training time), making it less efficient for real-time clin-
ical applications. The SVM model, though interpretable, struggled with scalability 
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and generalization, mainly due to its sensitivity to feature scaling and imbalanced 
data distribution. The results confirm that XGBoost offers a superior balance be-
tween classification accuracy and computational efficiency, making it a strong 
candidate for real-world ASD diagnostic applications. 
 

 
Figure 3. Performance comparison of XGBoost, random forest, SVM, and CNN-LSTM. 

4.4. Classification Threshold and Model Robustness 

The robustness of a classification model is often evaluated through its performance 
across different classification thresholds. In ASD prediction, balancing precision 
and recall is critical to ensuring accurate diagnosis while minimizing false posi-
tives and negatives. Figure 4 presents the Precision-Recall Curve, which illustrates 
the trade-off between these two metrics for different models. The XGBoost model 
consistently maintained higher precision values across varying recall levels, sug-
gesting its superior ability to classify ASD cases while reducing false positives cor-
rectly. Random Forest also performed well but exhibited a sharper decline in pre-
cision as recall increased, indicating potential overfitting to specific patterns in the 
training data. The CNN-LSTM model showed a more gradual performance de-
cline, benefiting from its ability to process sequential dependencies. In contrast, 
SVM demonstrated the lowest precision-recall balance, reinforcing the challenges 
associated with using SVM in highly heterogeneous ASD datasets. 

In addition, Figure 4 presents the Receiver Operating Characteristic (ROC) 
Curve, which evaluates model discrimination ability by plotting the actual pos-
itive rate (sensitivity) against the false positive rate. XGBoost achieved the highest 
AUC-ROC score (0.95), confirming its effectiveness in distinguishing ASD from 
non-ASD cases across varying thresholds. Random Forest followed with an AUC-
ROC of 0.92, while CNN-LSTM and SVM obtained 0.90 and 0.88, respectively. 
The dashed diagonal line in Figure 4 represents random guessing, serving as a 
baseline for evaluating classifier performance. All models significantly outper-
formed random classification, but XGBoost demonstrated the best overall gener-
alisation, making it a robust choice for ASD classification applications. Analysing 
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classification thresholds and model robustness highlights the importance of pre-
cision-recall trade-offs in ASD diagnosis. While high sensitivity ensures fewer 
missed diagnoses, high precision reduces false positives that could lead to unnec-
essary clinical interventions. The results reinforce the reliability of XGBoost in 
maintaining strong predictive performance across different classification thresh-
olds, confirming its suitability for real-world ASD screening scenarios. 
 

 
Figure 4. ROC curve analysis for model classification performance. 

4.5. Simulated Data Testing 

A simulated data experiment was conducted to assess the robustness of the 
XGBoost Multimodal Autism Predictor (XMAP) further beyond the original da-
taset. This analysis evaluated the model’s generalisability by applying it to syn-
thetically generated data that mimics real-world autism diagnostic patterns. The 
synthetic dataset was created using the Synthetic Minority Over-sampling Tech-
nique (SMOTE), which produces new instances by interpolating between existing 
samples in the feature space. This technique was employed to address the class 
imbalance, ensuring a more equitable representation of ASD-positive cases, which 
is crucial for improving model performance in underrepresented scenarios. The 
performance comparison between models trained on the original and synthetic 
datasets is summarised in Table 2, which details classification metrics such as ac-
curacy, recall, F1-score, AUC-ROC, κ-score, and MCC. The results indicate that 
XMAP maintains stable predictive capability, with only marginal variations be-
tween the two datasets. This suggests that the model can learn meaningful repre-
sentations even from artificially generated data without significant degradation in 
performance. To further investigate the consistency of model predictions, Figure 
5 presents the Precision-Recall curve, highlighting how the trade-off between pre-
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cision and recall remains consistent across both datasets. Additionally, Figure 6 
depicts the ROC curve analysis, showcasing that models trained on synthetic data 
closely align with those trained on real-world data, reinforcing the validity of syn-
thetic augmentation techniques in ASD classification. Feature distribution analy-
sis was conducted to assess whether the synthetic dataset preserved the statistical 
properties of the original dataset. Figure 7 provides a boxplot comparison of key 
features, illustrating that median values and interquartile ranges remain primarily 
consistent across datasets. This confirms that synthetic data generation did not 
introduce significant distortions in feature distributions. Furthermore, Figure 8 
presents the correlation structure analysis, comparing Pearson correlation coeffi-
cients between original and synthetic datasets. The strong alignment of correla-
tion patterns suggests that the relationships between features have been effectively 
preserved, ensuring that the model’s learning process remains valid when applied 
to artificially generated samples. 
 

 
Figure 5. Precision-Recall curve for model performance comparison. 
 

Table 2. Performance metrics comparison: original vs. synthetic data. 

Dataset Accuracy Recall F1-Score AUC-ROC MCC κ-Score 
Training 
Time (s) 

Number  
of Features 

Used 

Feature  
Importance 

Score  
Available 

Synthetic  
Data  

Contribution 

Correlation 
with  

Original 
Data 

Original 0.91 ± 0.02 0.89 ± 0.03 0.90 ± 0.02 0.95 ± 0.01 0.87 0.82 12.4 50 Yes 
Minimal  

impact on 
model accuracy 

High (0.98) 

Synthetic 0.89 ± 0.03 0.87 ± 0.04 0.88 ± 0.02 0.93 ± 0.01 0.85 0.79 14.7 50 Yes 
Enhances  

generalization 
High (0.96) 
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Figure 6. ROC curve analysis: original vs. synthetic data. 

 

 
Figure 7. Feature distribution comparison: original vs. synthetic data. 
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Figure 8. Correlation structure analysis: original vs. synthetic data. 

 
These findings highlight the potential of synthetic data augmentation in autism 

classification research. While real-world clinical validation remains essential, this 
experiment demonstrates that AI-driven models, such as XMAP, can generalize 
effectively to unseen data, supporting the applicability of machine learning tech-
niques in ASD diagnostics. The ability to leverage synthetic data for model train-
ing may also facilitate future research where access to large-scale, real-world au-
tism datasets is limited. 

5. Discussion 

The findings of this study highlight the effectiveness of the XGBoost Multimodal 
Autism Predictor (XMAP) in integrating publicly available neurodevelopmental da-
tasets and synthetically generated features. The superior performance of XGBoost, 
as evidenced by its high accuracy, precision, recall, and AUC-ROC, underscores 
the potential of gradient-boosting frameworks in ASD diagnostics. This aligns 
with previous research demonstrating the advantages of tree-based ensemble 
models in structured data classification tasks [32]. A key strength of this approach 
lies in its ability to balance sensitivity and specificity, thereby mitigating the limi-
tations associated with traditional ASD screening methods. Unlike conventional 
diagnostic tools that primarily rely on structured observational assessments, the 
XGBoost-based model leverages multimodal feature integration, significantly im-
proving classification accuracy [33]. Feature importance analysis revealed that 

https://doi.org/10.4236/ijids.2025.71001


M. Gombar 
 

 

DOI: 10.4236/ijids.2025.71001 15 International Journal of Internet and Distributed Systems 
 

MRI signals, screening scores, and behavioral test results were the most influential 
predictors, reaffirming the significance of integrating neurobiological and behav-
ioral markers in ASD detection [34]. The clinical implications of these findings 
are substantial. Standard ASD diagnostic protocols, such as the Autism Diagnostic 
Observation Schedule and the Modified Checklist for Autism in Toddlers, often 
suffer from subjectivity and variability across different clinical settings [35]. Im-
plementing AI-driven methodologies introduces a data-driven, objective ap-
proach that reduces clinician bias and enhances diagnostic reliability [36]. More-
over, the ability of machine learning models to process large-scale neuroimaging 
and behavioral datasets increases their applicability in clinical research and deci-
sion support systems [37]. The success of AI-assisted diagnostic frameworks in 
radiology and neurology suggests their applicability in ASD diagnostics, particu-
larly for analyzing behavioral and neuroimaging data [38]. The results indicate 
that XGBoost-based classifiers can serve as supplementary tools in ASD risk as-
sessment, assisting clinicians in making more informed decisions regarding early 
intervention strategies [39]. 

Despite the promising results, several limitations must be acknowledged. The 
reliance on publicly available datasets may introduce sample bias due to demo-
graphic imbalances and variations in data collection protocols [40]. Although syn-
thetic data augmentation techniques were implemented to enhance dataset bal-
ance, real-world ASD cases exhibit significant heterogeneity in symptom severity 
and comorbidities, requiring further refinements to improve model generaliza-
tion [27]. Additionally, while XGBoost demonstrated strong performance in 
structured data classification, it may not fully capture temporal dependencies in 
longitudinal ASD progression datasets. Future research should explore hybrid ar-
chitectures that integrate XGBoost with deep learning methods, such as convolu-
tional neural networks for neuroimaging analysis or recurrent models for time-
series behavioral data processing [28]. The findings presented in this study are 
based on publicly available datasets and synthetically generated data, and further 
research is necessary to assess the model’s applicability in real-world clinical set-
tings. The model has not been prospectively validated in real-world scenarios, and 
its generalisability to independent, unseen datasets remains an open question. Fu-
ture studies should prioritize validation on external datasets and diverse popula-
tions to ensure robustness across various diagnostic environments [41]-[43]. Ad-
ditionally, collaborations with healthcare institutions and ASD research centers 
will be essential to evaluate the feasibility of AI-assisted screening tools in clinical 
workflows [29] [44] [45]. Integrating AI in medical diagnostics presents ethical 
and practical challenges, particularly in ensuring transparency and interpretabil-
ity. While XGBoost provides feature importance scores that enhance interpreta-
bility compared to deep learning models, further efforts should develop explaina-
ble AI (XAI) frameworks to improve trust, regulatory compliance, and clinical 
adoption [30] [46]-[48]. Furthermore, the scalability and accessibility of AI-based 
ASD screening tools must be carefully considered. Future implementations should 
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prioritize cost-effective, user-friendly solutions that can be integrated into existing 
electronic health record systems [31] [49] [50]. The potential for bias in AI-driven 
diagnostics also warrants attention, requiring continuous validation with repre-
sentative training datasets to prevent demographic disparities in diagnostic out-
comes [32]. Developing inclusive AI frameworks that reflect diverse patient pop-
ulations is crucial for ensuring machine learning models’ ethical and effective de-
ployment in ASD diagnostics [33] [34] [51]-[54]. 

6. Conclusions 

This study has demonstrated the potential of machine learning in advancing Au-
tism Spectrum Disorder (ASD) diagnostics by integrating multimodal data sources. 
The proposed XGBoost Multimodal Autism Predictor (XMAP) has shown robust 
classification performance, surpassing conventional models in accuracy, preci-
sion, recall, and AUC-ROC across publicly available datasets and synthetically 
generated data. By employing a structured gradient boosting framework, XMAP 
effectively identifies key predictive features, reinforcing the value of publicly avail-
able neurodevelopmental datasets and synthetically generated features. The find-
ings underscore the limitations of traditional diagnostic methodologies, which of-
ten rely on subjective assessments and constrained feature sets. In contrast, the 
XGBoost-based approach offers a scalable, interpretable, and data-driven alterna-
tive that enhances early detection capabilities while maintaining stability across 
varying dataset conditions. Balancing sensitivity and specificity ensures the model 
can operate effectively in AI-assisted screening environments, potentially sup-
porting clinicians in making informed, evidence-based decisions.  

Despite its advantages, this study acknowledges the challenges associated with 
dataset variability, model generalization, and the need for prospective validation 
on independent datasets. While XMAP has demonstrated consistency across orig-
inal and synthetic datasets, further research is required to evaluate its applicability 
in real-world clinical settings. Future work should focus on refining feature selec-
tion techniques, incorporating temporal modeling for longitudinal ASD tracking, 
and developing hybrid AI architectures that integrate deep learning with inter-
pretable machine learning models while ensuring applicability across diverse da-
tasets. The broader implications of this research extend beyond ASD diagnosis, 
highlighting the transformative role of artificial intelligence in medical decision-
making. Multimodal AI-driven diagnostics offer promising advancements in early 
ASD detection by integrating diverse data sources, improving prediction reliabil-
ity, and aiding informed decision-making. As machine learning methodologies 
continue to evolve, their application in ASD screening and broader healthcare sys-
tems has the potential to revolutionize clinical workflows, improve patient out-
comes, and enhance diagnostic accessibility. This study is a foundation for further 
advancements, paving the way for AI-assisted healthcare solutions prioritizing 
early intervention, improved diagnostic accuracy, and increased clinical effi-
ciency.  
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Unlike existing XGBoost implementations in ASD research, XMAP uniquely 
integrates multiple data modalities while leveraging synthetic augmentation tech-
niques to enhance classification performance. This approach ensures a more bal-
anced and generalizable predictive model, making it a promising tool for AI-as-
sisted ASD diagnostics. 
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