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 Autism spectrum disorder (ASD) is a brain development disorder that 

distracts a person’s perceptions and social interactions with others. Current 

studies emphasize conventional machine learning and typical ensemble 

methods and little focus have been placed on merging automated machine 

learning (AutoML) systems with stacking ensemble structures. To bridge 

this gap, this study evaluates stacking ensembles with an artificial neural 

network (ANN)-based meta-classifier and the AutoGluon framework. For 

enhancing model stability and generalizability across various ASD datasets, 

systematic RandomizedSearchCV along with 10-fold stratified cross-

validation is utilized. The stacking model outperformed the AutoGluon 

framework and all individual classifiers on dataset-I, achieving 99.50% 

accuracy, 99.53% precision, 99.53% recall, and a 99.97% receiver operating 

characteristic-area under the curve (ROC-AUC). With 97.28% accuracy, 

precision 96.33%, 95.38 F1-score, and a 99.76% ROC-AUC on dataset-II, 

the model demonstrated great generalization and continuously outperformed 

traditional ensemble and boosting techniques. Stacking model perform well 

on both datasets and maintain consistence, whereas AutoGluon give 

competitive performance on dataset-1 and it exhibited a notable decline on 

dataset-II. K-fold internal and external cross-validation were used to access 

model’s generalization and consistency. The outcomes of stacking ensemble 

model indicate that model offers higher accuracy, greater resilience, better 

consistency across difference datasets and offers a robust approach to early 

ASD prediction. 
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1. INTRODUCTION 

The neurological disorder known as autism spectrum disorder (ASD) can be defined by recurrent 

trends of behavior, limited interests, and ongoing difficulties with social communication [1], [2]. The rising 

prevalence of ASD across the world has increased the need to find the way to have an accurate, scalable, and 

early diagnostic solution that can provide timely intervention and enhance the long-term developmental 

outcomes [3]. Early identification of ASD is especially important because early developmental therapies have 

been demonstrated to greatly improve behavioral, social, and cognitive functioning [4]. Although traditional 

methods are commonly used for diagnosing ASD, these methods are not suitable for widespread screening 

and implementation in low-resource environments because they are costly, time-consuming, and highly 

reliant on clinical competence [4], [5]. Various screening tools including childhood autism rating scale 

https://creativecommons.org/licenses/by-sa/4.0/
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(CARS), autism spectrum quotient (AQ), and the screening tool for autism in toddlers and young children 

(STAT) have been used to diagnose ASD. These assessments facilitate early intervention and help detect 

symptoms while measuring the severity of the condition. This study needs advanced procedures to overcome 

the deficiencies of conventional procedures, especially those involving artificial intelligence (AI). Recent 

developments in AI and have shown encouraging results in the automated screening of ASD through the 

identification of discriminatory trends in behavioral, demographic, and medical data sets [6], [7]. One of essential 

processes in machine learning are feature engineering and feature selection as removing of non-informative 

attribute eliminates unnecessary details, reduces dimensionality, and enhances model interpretability so 

indirectly affects the performance of the model [8], [9]. Feature selection and explainable artificial 

intelligence (XAI) approaches based deep learning frameworks have identified most significant features for 

ASD prediction [8]−[10]. 

Standalone deep learning models have excellent prediction capabilities; however, they are not 

applicable to small-scale or tabular ASD datasets. Models of this type typically need large amounts of labeled 

data, great computing power, and heavy hyperparameter adjustment [11]. To overcome these challenges, 

ensemble learning techniques have gained increasing attention. Single models are usually less robust and less 

accurate than ensemble methods for the ASD detection problems. Ensemble methods like bagging, boosting, 

and stacking integrate several classifiers to achieve a more robust and better predictive capability and 

significantly surpass single models in ASD detection problems [12]. Among ensemble techniques, stacking 

has appeared as a prevailing strategy due to its ability to optimally combine heterogeneous base learners 

through a meta-classifier [13]. Latest research suggests that stacking-based and hybrid ensemble frameworks 

can enhance the accuracy and generalization capability of ASD detection on different datasets [14], [15]. 

Table 1 describes various studied which are using stacking-based models for ASD detection. 
 

 

Table 1. Comparative analysis of ASD detection model 
Study / year Dataset type Method/ 

model 
Feature 

engineering 
AutoML 

used 
Explainability / 

XAI 
Key findings Limitation/gap 

Eslami et al. [1], 

2019 

fMRI Hybrid CNN 

+ RNN 

None No Limited High accuracy 

in 
neuroimaging 

data 

Requires large 

fMRI datasets; 
limited 

interpretability 

Ayub et al. [2], 
2024 

Behavioral/ 
tabular 

Classical ML 
(SVM, RF, 

and gradient 

boosting) 

None No No Good 
performance on 

early screening 

No ensemble; lacks 
interpretability 

Mumenin et al. 

[3], 2025 

Behavioral/ 

tabular 

Ensemble 

learning 

Basic feature 

selection 

No Moderate Improved 

accuracy and 

robustness 

No AutoML; 

limited comparative 

analysis 
Nishat et al. [4], 

2024 

Behavioral/ 

tabular 

Stacking 

ensemble 

(tree + meta-
classifier) 

Principal 

component 

analysis 
(PCA) + 

SMOTE 

No Moderate Superior 

accuracy vs 

single 
classifiers 

No AutoML; 

limited dataset 

generalization 

Nafisah et al. [5], 
2025 

Behavioral/ 
tabular 

CNN + 
feature 

selection 

Deep feature 
selection 

No Moderate Identified key 
behavioral 

indicators 

Computationally 
expensive; limited 

interpretability 

Kumar et al. [6], 
2023 

Behavioral/ 
tabular 

Modified 
CNN 

PCA No No Improved 
prediction with 

reduced 

dimensionality 

Deep learning 
requires tuning; 

small datasets 

Dick et al. [7], 

2025 

Administrativ

e and birth 

registry 

Transformer-

based 

ensemble 

Minimal No No Captures temporal 

and hierarchical 

patterns 

Complex model; 

requires large 

administrative data 
Temiz et al. [8], 

2025 

Behavioral/ 

tabular 

Tree 

ensembles 

PCA + 

SMOTE 

No Shapley additive 

explanations 

(SHAP) 

High accuracy; 

interpretable 

features 

No AutoML; lacks 

comparison with 

AutoML ensembles 
Alsubai [9], 2026 Behavioral/ 

tabular 

Deep transfer 

learning 

Feature 

selection 

Partial SHAP Good 

interpretability; 
cross-dataset 

generalization 

Computationally 

intensive; limited 
stacking 

comparison 

Yin et al. [10], 
2023 

Behavioral/ 
tabular 

Unsupervised 
feature 

learning + 

Path signature 

PCA No SHAP Early feature 
detection; 

interpretable 

Limited model 
comparison; no 

AutoML 

Proposed study Behavioral/ 

tabular 

Hybrid 

stacking () 

and AutoML 

ensembles 

PCA + 

SMOTE 

Yes 

(Auto-

Gluon) 

SHAP High accuracy, 

robust 

performance, 

clinically 

interpretable 

Demonstrated 

comparative 

advantage over 

prior studies 
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However, it can sometimes be difficult and time-consuming to design the best stacking architectures 

and optimize various models through manual means. Concurrently, automated machine learning (AutoML) is 

seen as an efficient framework that can automate the model selection, hyperparameter optimization, and 

ensemble building processes. In particular, AutoML framework [16] employs multi-layer stacking, bagging, 

and boosting strategies to automatically generate high-performing ensemble models for tabular data and 

minimize human engineering but, manual stacking provides greater transparency and control over model 

selection compared to AutoGluon. Additionally, manual stacking reduces computational overhead and 

improves reproducibility, making it more suitable for small and tabular ASD datasets. Recent studies have 

shown how scalable, robust, and auto-tuning capable ensemble models based on AutoML can be beneficial in 

healthcare and diagnosis of neurodevelopmental disorders [17], [18]. However, there were not many studies 

that report a comparative analysis between AutoML-generated ensembles and manual stacking framework 

design for ASD when used in conjunction with feature engineering like PCA [19] and synthetic minority 

over-sampling technique (SMOTE) [20], [21]. Interpretability is another key requirement for clinical decision 

support systems. XAI techniques, particularly SHAP [22], have been broadly accepted to interpret ensemble 

and deep learning models by quantifying feature contributions to predictions. Incorporating explainability in 

stacking-based frameworks and AutoML to enhance clinicians’ trust and improve transparency in ASD. In 

response to these issues, the study proposes an explainable stacking-based hybrid ASD prediction 

framework. This framework utilizes AutoGluon-based AutoML ensembles and manually stacks models 

through light gradient boosting machine (LightGBM) [23], random forest (RF) [24], and logistic regression 

(LR) [25]. The method proposed is assessed using a behavioral screening dataset obtained from 

questionnaires and developmental characteristics. Also, this study carries out comparison analysis on 

AutoML ensemble models’ performance with stacking based on PCA and SMOTE under similar 

experimental settings. 

 
 

2. PROPOSED MODEL 

Figure 1 illustrates the proposed machine learning framework developed to enhance classification 

performance while ensuring robustness and interpretability. Data preprocessing, dimensionality reduction, 

class balancing, ensemble learning and model explainability are all integrated into the framework’s 

complete workflow. The process begins with the raw dataset, which may have different feature types, 

missing values, and unnecessary identifiers and to deal with these missing values, appropriate imputation 

techniques are applied. This stage enhances the quality of the data and guarantees consistency among 

features. After that categorical attribute are encoded into numeric values using some encoding  

techniques, enabling compatibility with machine learning algorithms while conserving feature information. 

To ensure uniform feature contribution, feature scaling is applied prior to dimensionality reduction using 

PCA. To overcome the issue of class imbalance, the SMOTE is being used. By creating artificial samples 

for the minority class, SMOTE helps learning models capture decision boundaries more accurately, 

increasing recall and F1-score. Subsequently, SHAP-based XAI is used for feature selection using 

LightGBM model. It chooses the most discriminative features of both datasets. After that hyperparameter 

optimization was performed using RandomizedSearchCV combined with 10-fold stratified cross-validation. 

This strategy enabled efficient exploration of the hyperparameter space while providing robust and unbiased 

performance estimates. 

The cleaned set is then used for two parallel learning strategies using an AutoGluon-based AutoML 

(WeightedEnsemble_L2) technique as well as a stacking model. AutoGluon, an AutoML framework [26], 

was utilized to create predictive model for ASD detection. It applies techniques of weighted ensembling like 

WeightedEnsemble_L2 to create a strong final prediction from models like gradient boosted trees, 

LightGBM, and RF. The strength of AutoGluon is its capacity to find many great models with minimal effort 

required on the user’s part while also achieving strong performance across variety of datasets. The model’s 

performance is listed using standard evaluation measures, and its robustness and resilience are confirmed 

using cross-validation accuracy and overfitting analysis. Compared to existing studies that rely on single 

classifiers or limited preprocessing, the approach integrates dimensionality reduction, class balancing,  

and advanced ensemble learning into an integrated pipeline. Additionally, the black-box constraint noted in 

earlier research is addressed by the incorporation of SHAP-based explainability, which makes the suggested 

method more appropriate for practical medical applications. Proposed research also performs a systematic 

comparative analysis between an AutoML-based ensemble and a manually constructed stacking ensemble. 

This comparison demonstrates the trade-offs between expert-driven ensemble creation and automated  

model optimization. 
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Figure 1. Proposed framework for ASD detection using stacking ensemble model and AutoGluon 

 

 

3. METHOD  

3.1.  Dataset description  

 To ensure robust performance evaluation, two separate datasets are employed for  

assessing the proposed model. Dataset-I is from the University of Arkansas’s Department of Computer 

Science’s Autism Research at https://www.kaggle.com/datasets/uppulurimadhuri/dataset having 1985 

record and 28 features. Another dataset was developed by Dr. Fadi Fayez using a mobile app  

called ASDTests (ASDtests.com) to screen autism in toddlers and is available on Kaggle at 

https://www.kaggle.com/datasets/fabdelja/autism-screening-for-toddlers. The dataset contains 6075 record 

and 15 features. Both data set includes several factors that are associated with children’s ASD  

and final column indicates whether the individual would eventually exhibit ASD symptoms. For external 

cross validation 3 more data set including custom ASD children traits dataset: i) children at 

https://archive.ics.uci.edu/dataset/419/autistic+spectrum+disorder+screening+data+for+children, ii) adolescent 

at https://archive.ics.uci.edu/dataset/420/autistic+spectrum+disorder+screening+data+for+adolescent, and  

iii) adult at https://archive.ics.uci.edu/dataset/426/autism+screening+adult, were also used. 

 

3.2.  Data preprocessing 

This study utilized two independent datasets that support the generalizability and resilience of the 

proposed ASD detection framework. The first dataset contains attributes related to ASD traits whose target 

variable is → “ASD_traits” and the second dataset contain a combined autism screening dataset with class 

label → “Class”. Both datasets underwent the same preprocessing pipeline. This enables fair comparison and 

reproducibility of this work. Initially, the raw datasets were loaded and separated into feature matrices and 

their corresponding class labels. This study retained the non-target attributes as predictive features; the  

non-target labels were isolated for supervision. Before preprocessing, the dataset content was checked by 

studying the total number of features and instances. With both data sets made up of categorical and numerical 

attributes, the categorical features were turned into numerical codes using label encoding. This conversion 

allowed for the effective application of machine learning techniques while retaining their categorical nature.  

Non-numeric class labels were encoded in a similar manner. In order not lose any samples, mean imputation 

was done on all numerical features using a simple imputer. After imputation and encoding, the datasets were 

split into training and test subsets in an 80:20 stratified manner. In both subsets, stratification was applied to 
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ensure that the original class distribution is preserved, which is important in the case of ASD detection, as 

class imbalance is a common occurrence in such tasks. Standardization was then used in feature scaling to 

ensure that all feature distribution were treated equally in model training. 

 
3.3.  Dataset bias analysis 

 The bias analysis of dataset defined in Table 2 revealed noticeable variations across the all ASD 

datasets in terms of class distribution, demographic composition, and dataset size. Since datasets were 

questionnaire-based, a demographic bias assessment was conducted to evaluate the representativeness of the 

study population. Dataset-II contained the largest number of instances (6,075) and exhibited moderate class 

imbalance, whereas dataset-I showed the most balanced ASD class distribution and the highest entropy score, 

indicating greater class diversity. The children dataset showed a greater percentage of male participants, 

indicating possible demographic bias. Gender representation differed significantly amongst datasets. To 

address class imbalance, stratified sampling and SMOTE [20], [21] were used, and PCA decreased noise and 

redundant features to enhance model generalization. SHAP [22] was used to identify key features influencing 

ASD predictions, ensuring transparency, interpretability, and clinically meaningful decision-making. 

Together, these techniques improve the robustness, fairness, and interpretability of the proposed ASD 

detection framework. 

 

 
Table 2. Dataset biasness analysis 

Dataset Instances Attributes ASD+ 

% 

ASD- 

% 

Male 

% 

Female 

% 

Mean 

age 

Missing 

% 

Imbalance 

ratio 

Entropy 

Dataset-II 6075 14 29.70 70.30 57.74 42.26 19.84 0.00 2.37 0.8775 
Dataset-I 1985 27 54.11 45.89 72.90 27.10 9.62 0.11 1.18 0.9951 

Adult 704 20 26.85 73.15 52.13 47.87 29.70 0.01 2.72 0.8393 
Children 292 20 48.29 51.71 71.23 28.77 6.35 0.07 1.07 0.9992 

Adolescent 104 20 60.58 39.42 48.08 51.92 14.13 0.00 1.54 0.9675 

 

 
3.4.  Feature selection  

 A cutting-edge technique in the field of XAI, SHAP [27] offers insightful information on the output 

of ML models. Although SHAP mainly concentrates on local explanations, one can gain global insights into 

the model by combining various explanations. This makes it easier to understand how the model behaves 

generally, including the characteristics that have the biggest impact and how they interact. To ascertain the 

influence of input features on the corresponding predictions, SHAP was applied to LightGBM, one of the 

base classifiers. In data.csv of 28 columns 15 features that exert the greatest influence were selected for 

developing our proposed model. The choice of features has an effect on how well different machine learning 

models perform when trained on datasets. Figure 2 represent the explanations generated using SHAP on 

dataset-I. The SHAP feature-importance results show that the model’s predictions are mainly determined by 

a small set of key variables. In the first analysis, Qchat_10_Score is the most significant feature, followed by 

ethnicity and sex, while individual assessment items (A1–A10) contribute at a moderate level. Factors related 

to family history, developmental conditions, and genetic disorders have relatively low impact. Figure 3 

represent the explanations generated using SHAP on dataset-II. In this dataset top 12 features exert the 

greatest influence were selected for developing our proposed model. In the second analysis, age is the most 

important predictor, while a few assessment attributes (A3-A10) have significant influence, and sex, family 

ASD history, and jaundice only have subtle effect. The results show that overall, the assessment scores and 

the age contribute primarily to the prediction process, and the demographic and clinical variables have a 

comparatively smaller prediction influence. 

 
3.5.  Hyperparameter optimization 

Machine learning algorithms are controlled by configuration variables known as hyperparameters. 

When there are many hyperparameters, manual hyperparameter search becomes unfeasible and frequently 

takes a long time. Therefore, to improve predictive performance and model robustness, 

RandomizedSearchCV integrated with 10-fold stratified cross-validation was employed for hyperparameter 

optimization [28]. In contrast to exhaustive grid search, randomized search is a hyperparameter tuning 

strategy that investigates random combinations of hyperparameters within predetermined distributions or 

ranges with less processing complexity. Moreover, the proposed framework is also made more practical by 

using the technique of randomized hyperparameter optimization and stratified validation, which allows for a 

compromise among predictive accuracy and computational efficiency. The optimized hyperparameters 
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obtained through this procedure were subsequently used to construct the proposed stacking ensemble, 

contributing to its strong generalization performance across unseen test data. 

 

 

  
  

Figure 2. Feature importance in dataset-I Figure 3. Feature importance in dataset-II 

 

 

3.6.  Model development  

 In this study, an artificial neural network (ANN)-based stacking ensemble framework was 

employed, integrating the predictions of three optimized base classifiers. These classifiers produce outputs 

after analyzing the input data, which are then used to create meta-features for the meta-classifier. The main 

objective is to expand the performance prediction of the model by utilizing the different strengths of different 

classifiers. The stacking ensemble model depicted in Figure 4, is a two-tier stacking ensemble in which  

3 base classifiers LigthGBM, RF and LR are trained on the original dataset to generate predictive 

probabilities for each input instance. 

 

 

 
 

Figure 4. Stacking ensemble model 

 

 

Consider the training dataset be represented as X = [x1, x2, …, xn] with labels Y = [y1, y2, ..., yn], 

where each 𝑥𝑖 is a feature vector and 𝑦𝑖 ∈ {0, 1} is the corresponding class label. For a given base classifier 

𝐶𝑗, the output probability for sample 𝑥𝑖 as in (1). 

 

𝑃𝑖𝑗 = 𝑃(𝑦𝑖 = 1|𝑥𝑖 ; 𝜃𝑗) (1) 

 

Where 𝜃𝑗 are the learned parameters of classifier 𝐶𝑗. The probability estimates from all m base classifiers 

form a meta-feature vector, as in (2). 

 

𝑥𝑖
𝑚𝑒𝑡𝑎 = [𝑃𝑖1], 𝑃𝑖2, … , 𝑃𝑖𝑚 (2) 

 

An ANN [29] acts as the meta-classifier, learning a mapping: fmeta: Xmeta → Y. The ANN architecture 

consists of two hidden layers (64 and 64 neurons, rectified linear unit (ReLU) activation), an input layer  
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(size m), and a sigmoid output layer. The final prediction for a sample 𝑥𝑖 is: 𝑦̂𝑚𝑒𝑡𝑎 = 𝐶𝑚𝑒𝑡𝑎(𝑥𝑖
𝑚𝑒𝑡𝑎) or, as a 

probability estimate, as in (3). 

 

𝑝̂𝑚𝑒𝑡𝑎 = 𝑃(𝑦𝑖 = 1|𝑥𝑖
𝑚𝑒𝑡𝑎;  𝜃𝑚𝑒𝑡𝑎) (3) 

 

 By synthesizing predictions from multiple heterogeneous models and leveraging the non-linear 

learning capacity of the ANN, the proposed ensemble aims to improve accuracy, robustness, and 

generalization. Adam optimizer was used with its binary cross entropy as the loss function, a batch size of 20, 

default learning rate of 0.001, and trained for 50 epochs. AutoGluon, which is an AutoML framework was 

also used to create an ASD predictive model. The framework preprocesses the dataset for missing values and 

encoding of categorical variables, optimizes hyperparameters, and builds ensembles of diverse base learners. 

Its weighted ensembling strategies like WeightedEnsemble_L2 are used to stack gradient boosted trees, 

LightGBM, and RF to form a powerful predictor. The benefit of AutoGluon is that it can find good models 

with little human intervention and performs well on various datasets. Weighted ensemble prediction can be 

expressed as in (4). 

 

𝑦̂ = ∑(𝑖 = 1 𝑡𝑜 𝑀) 𝑤𝑖 ∙ 𝑓𝑖(𝑥) (4) 

 

Where 𝑀 indicates the total count of base learners. The i-th model’s prediction is represented by 𝑓𝑖(𝑥). The 

weight for the i-th model is 𝑤𝑖  and thus, ∑ = 1𝑀 𝑤𝑖 = 1𝑖 . AutoGluon optimizes weights for the models to 

minimize the validation loss, ensuring a greater contribution from stronger models. 

 

 

4. RESULTS AND DISCUSSION 

4.1.  Classification performance 

The proposed methodology was assessed using two standard datasets to assess its effectiveness and 

robustness. A number of evaluation metrics have been employed to assess the efficacy of the proposed model 

i.e., accuracy, precision, recall, sensitivity, specificity, F1-score, and area under the curve (AUC)-score. 

According to the experimental results, the suggested model successfully balances sensitivity and specificity, 

guaranteeing accurate ASD identification while lowering false-positive and false-negative predictions. 

Tables 3 and 4 show comparative performance of stacking + ANN meta model with various 

machine learning classifiers for dataset-I and dataset-II, as illustrated in Figure 5. The outcome shows that the 

proposed stacking + ANN meta classifier has the best performance for both datasets. For dataset-I, it 

achieved a high accuracy of 99.50%, a high sensitivity of 99.53%, a high specificity of 99.45%, and a 

receiver operating characteristic-AUC of 99.95%, which signifies its high accuracy in classification. The 

model showed better performance than all machine learning models with 97.20% accuracy, 95.84% 

sensitivity, 97.78% specificity, and 99.74% ROC-AUC on dataset-II.  

 

 

Table 3. Performance comparison of machine learning models on dataset–I 
Model Accuracy Precision Recall Sensitivity Specificity False 

negative rate 

F1-score AUC 

Stacking + ANN meta 

(proposed model) 

99.50 99.53 99.53 99.53 99.45 0.47 99.53 99.95 

LightGBM 99.24 99.07 99.53 99.53 98.90 0.47 99.30 99.98 

XGBoost 99.24 99.53 99.07 99.07 99.45 0.93 99.30 99.97 

CatBoost 99.24 99.53 99.07 99.07 99.45 0.93 99.30 99.98 
RF 98.74 99.07 98.60 98.60 98.90 1.40 98.83 99.97 

LR 96.98 97.65 96.74 96.74 97.25 3.26 97.20 98.13 

 

 

Table 4. Performance comparison of machine learning models on dataset–II 
Model Accuracy Precision Recall Sensitivity Specificity False 

negative rate 

F1-score AUC 

Stacking + ANN meta 

(proposed model) 

97.20 94.79 95.84 95.84 97.78 4.16 95.32 99.74 

LightGBM 96.95 93.09 96.95 96.95 96.96 3.05 94.98 99.67 

CatBoost 96.79 92.59 96.95 96.95 96.72 3.05 94.72 99.48 

XGBoost 96.54 91.64 97.23 97.23 96.25 2.77 94.35 99.58 
RF 96.21 91.12 96.68 96.68 96.02 3.32 93.82 99.35 

LR 90.37 79.19 91.69 91.69 89.81 8.31 84.98 95.61 
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Figure 5. Comparison of machine learning models for ASD detection 
 
 

Figure 6 shows a comparison of the ROC curves, confirming the discriminative ability of the 

proposed model across both datasets. Moreover, the proposed framework was consistently better than 

AutoGluon [17] on both datasets as summarized in Table 5. Figure 7 further depicts this comparison, 

demonstrating the strength, reliability, and effectiveness of the framework for ASD prediction. 
 

 

 
 

Figure 6. ROC curve comparison of ASD detection models 
 
 

Table 5. Performance comparison of machine learning models on dataset–I and dataset-II 
Dataset Model Accuracy (%) Precision (%) Recall (%) F1-score (%) ROC-AUC (%) 

Dataset-I Stacking + ANN meta  99.50 99.53 99.53 99.53 99.95 

 AutoGluon 98.74 96.80 98.60 97.70 99.72 
Dataset-II Stacking + ANN meta  97.20 94.79 95.84 95.32 99.74 

 AutoGluon 82.63 68.38 77.29 72.56 89.46 
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Figure 7. Performance comparison of proposed stacking + ANN meta model and AutoGluon  

 

 
In ASD screening, sensitivity and false negative rates are especially crucial in because the clinical 

effects of misclassification go beyond traditional performance indicators. A false negative prediction may 

delay diagnosis and early intervention, potentially affecting developmental and behavioral outcomes, while a 

false positive prediction can lead to unnecessary clinical evaluations, increased healthcare costs, and 

psychological burden on families. The proposed stacking + ANN meta model is capable of attaining high 

sensitivity values of 99.53% for dataset-I and 95.84% for dataset-II, which shows that it has high capability 

to correctly identify the ASD cases. Additionally, the model had low false negative rates of 0.47% and 4.16% 

on dataset-I and dataset-II, respectively, reducing the risk of missed ASD diagnoses.  

The overall accuracy (97.20%) and AUC (99.74%) of the proposed stacking ensemble was the 

highest, but the false negative rate (4.16%) was slightly higher than that of extreme gradient boosting 

(XGBoost) (2.77%) and LightGBM/categorical boosting (CatBoost) (3.05%). This means that there is a 

slight compromise in the overall classification accuracy and the number of missed cases of ASD. 

However, the model achieved a good sensitivity of 95.84% which means that it identified most of the 

cases of ASD, with better overall predictive performance. Combined with its high accuracy and  

ROC-AUC scores, these results demonstrate the clinical utility of the framework as a dependable  

decision-support tool for early ASD screening, where maximizing case detection while reducing 

diagnostic errors is of paramount importance. 

Table 6 compares recent ASD detection models developed using tabular datasets and ensemble or 

stacking-based learning techniques. Most existing studies report accuracy values between 86% and 99%; 

however their diagnostic reliability is limited by the absence of comprehensive evaluation criteria including 

precision, recall, F1-score, and AUC. While some ensemble systems achieve great accuracy, they often rely 

on traditional voting or homogeneous learners and do not fully utilize meta-learning strategies.  

 
 

Table 6. Comparative study with existing studies 
Reference Accuracy (%) Precision (%) Recall (%) F1-score (%) AUC (%) Specificity (%) 

[1] 97.20 – – – – – 

[2] 98.30 98.10 98.40 98.25 – – 

[3] 96.85 – 95.70 – 97.10 – 

[4] 97.90 – – – – – 

[5] 98.18 – – 68.75 – 98.16 

[7] 99.15 98.77 99.38 99.07 – – 
Proposed model 99.50 99.53 99.53 99.53 99.95 99.45 

 

 
The performance comparison of the various meta-learners depicted in Table 7 indicated that 

stacking with ANN meta-learner exhibited excellent performance with high accuracy (99.50%), high 

precision (99.53%), high F1-score (99.30%), best cross-validation mean (99.71%), and least standard 

deviation (0.39%), which demonstrated high stability and generalization. The recall (99.53%) and the same 

accuracy (99.24%) of the stacking with XGBoost meta-learner were slightly worse in the cross-validation but 

its F1-score (99.30%) was better. The stacking with gradient boosting meta-learner had a little lower 

accuracy (98.99%) and a bigger overfitting gap (0.0101), although achieving the greatest AUC (99.98%). 

Overall, the ANN-based meta-learner was the recommended for detection framework since it offered the best 

overall balance of robustness, generalization, and predictive performance. 
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Table 7. Meta learner performance comparison 
Meta learner Accuracy 

(%) 
Precision 

(%) 
Recall 

(%) 
F1-score 

(%) 
AUC 
(%) 

CV mean 
(%) 

CV Std 
(%) 

Overfit gap 

Stacking + ANN Meta 99.50 99.53 99.53 99.53 99.98 99.71 0.39 0.0056 
Stacking + XGBoost Meta 99.24 99.07 99.53 99.30 99.97 99.30 0.51 0.0076 
Stacking + gradient 
boosting meta 

98.99 99.07 99.07 99.07 99.98 99.19 0.79 0.0101 

 

 

4.2.  External validation 

To evaluate the generalization capability of the proposed framework, a leave-one-dataset-out 

external cross-validation strategy was conducted using four ASD datasets, including children, adolescent, 

adult, and custom dataset-I. In each iteration, one dataset was used exclusively for testing, while the 

remaining datasets were combined for training, ensuring evaluation on completely unseen data distributions 

without retraining. The main dataset-I was used to train the model, and it was tested on untested external 

datasets without retraining. External validation performance of the proposed ASD detection model on three 

independent age-group datasets: adult, child, and adolescent are described in Table 8. In order to determine 

the model’s robustness and practical usefulness, external validation assesses the model’s capacity to 

generalize to unseen data. The adult dataset achieved the highest overall performance, with an accuracy of 

97.59% and an AUC of 99.73%. The model also obtained strong precision (95.74%), recall (95.24%), and 

F1-score (95.49%), indicating a balanced and reliable classification capability. For the child dataset, the 

model achieved an accuracy of 93.84% and an AUC of 99.05%. The precision value of 96.95% indicates that 

the majority of positive predictions were correct, while the recall of 90.07% shows that most ASD cases were 

successfully detected. The F1-score of 93.38% confirms the overall effectiveness of the model on child data. 

The adolescent dataset produced comparatively lower results, with an accuracy of 85.58% and an AUC of 

98.30%. Although precision remained very high at 98.00%, the recall decreased to 77.78%, resulting in an 

F1-score of 86.73%. This suggests that while the model makes highly accurate positive predictions for 

adolescents, it misses a larger proportion of ASD cases compared with the Adult and Child datasets. The 

lower performance may be attributed to age-specific behavioral variations, dataset imbalance, or differences 

in feature distributions. Regarding computational efficiency, the training time increased from 39.29 seconds 

for the adult dataset to 51.66 seconds for the adolescent dataset. Despite this increase, the training times is 

still feasible for real-world deployment. Overall, the external validation results demonstrate that the proposed 

framework generalizes effectively across different age groups, maintaining 92.34% average accuracy and 

average AUC values above 99.03% for all datasets. The robustness and generalization capabilities of the 

suggested ASD detection model are confirmed by the high performance on the adult and child datasets and 

the acceptable results on the adolescent dataset. 

 

 

Table 8. External validation results on independent age-group datasets 
Test dataset Accuracy (%) AUC (%) Precision (%) Recall (%) F1-score (%) Train time (s) 

Adult 97.59 99.73 95.74 95.24 95.49 39.29 

Child 93.84 99.05 96.95 90.07 93.38 45.63 

Adolescent 85.58 98.30 98.00 77.78 86.73 51.66 

 

 

4.3.  Learning curves and overfitting analysis 

The generalization ability of the proposed ASD recognition framework was analyzed using learning 

curve and overfitting methods. According to the analysis results shown by the learning curve, an incremental 

enhancement in the performance on validation is obtained with an increase in the number of samples used for 

training. With 87 training samples, the accuracy on validation reached 87.91%, while 95.51% accuracy was 

achieved with 873 training samples. Simultaneously, the standard deviation of validation accuracy decreased 

from 1.75 to 0.97, suggesting enhanced stability and reduced sensitivity to data variations. The convergence 

of training and validation performance at larger sample sizes confirms that the model learned meaningful 

ASD-related patterns rather than memorizing the training data. 

The overfitting assessment further supports the robustness of the proposed framework. The model 

achieved a training accuracy of 94.99%, while the average cross-validation accuracy was 93.04%, resulting 

in an overfitting gap of only 1.94%. Such a small gap indicates excellent generalization and suggests that the 

model does not suffer from significant overfitting. The incorporation of SHAP-based feature selection, PCA 

dimensionality reduction, SMOTE-based class balancing, dropout regularization in the neural network meta-

learner, and early stopping collectively contributed to controlling model complexity and improving 

generalization performance. 
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4.4.  Fold-wise variance analysis and reproducibility assessment 

To assess model stability and reproducibility, a fold-wise variance analysis was presented using 

five-fold cross-validation as depicted in Figure 8. The values of the accuracy obtained from each fold were 

found to be 91.78%, 92.69%, 92.66%, 93.12%, and 94.95% respectively, resulting in a mean cross-validation 

accuracy value of 93.04%, having a standard deviation of 1.05%. Such a low standard deviation clearly 

implies consistency in performance regardless of the train-test data split and shows that the proposed 

framework is not very sensitive to any particular choice of training and testing data. 

This narrow band of variance in terms of accuracy between various folds highlights the consistency 

and reliability of the stacking ensemble design. The presence of low variance, along with the small gap in 

overfitting, indicates high levels of reproducibility of results. Such observations suggest that the proposed 

framework generalizes well on ASD-related datasets and is therefore fit for implementation in practical 

screening applications. 
 

 

 
 

Figure 8. Learning curve and variance analysis 
 

 

5. CONCLUSION 

The proposed stacking ensemble with an ANN meta-classifier, SHAP feature selection, and data 

balancing outperformed traditional machine learning models and AutoGluon on various ASD datasets. The 

model had good predictive accuracy, sensitivity, specificity, and AUC showed high level of generalization 

through cross validation, overfitting test and external validation. Early diagnosis allows early intervention 

through behavioral therapy and other educational and therapeutic methods, which improve the growth and 

standard of living for autistic individuals and their families. Another advantage is that the system requires 

only structured tabulated data input, making it cost-effective and implementable even in settings that do not 

have access to advanced imaging technology and specialized knowledge. Future research will focus on 

optimizing efficiency for practical deployment in low-resource healthcare environments. Although no 

significant age- or gender-related bias was observed, missing socio-economic data and demographic 

differences may still affect model performance. Future studies should concentrate on verifying the suggested 

framework using bigger and more varied datasets. Additional objective biomarkers may further enhance 

screening performance through multimodal learning approaches. Advanced dimensionality reduction 

techniques such as autoencoders and alternative imbalance-handling methods including adaptive synthetic 

sampling approach (ADASYN) and cost-sensitive learning may also improve feature representation and 

model robustness. Furthermore, integrating fuzzy logic, optimization algorithms, reinforcement learning, and 

natural language processing can improve model performance, support adaptive decision-making, and 

generate clear clinical reports to assist healthcare professionals. Collectively, these directions offer  

promising opportunities for enhancing the fairness, adaptability, and clinical applicability of AI-assisted ASD 

screening systems. 
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