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ABSTRACT: Artificial Intelligence (AI) is changing healthcare by helping with diagnosis. However, for doctors to
trust AI tools, they need to be both accurate and easy to understand. In this study, we created a new machine learning
system for the early detection of Autism Spectrum Disorder (ASD) in children. Our main goal was to build a model
that is not only good at predicting ASD but also clear in its reasoning. For this, we combined several different models,
including Random Forest, XGBoost, and Neural Networks, into a single, more powerful framework. We used two
different types of datasets: (i) a standard behavioral dataset and (ii) a more complex multimodal dataset with images,
audio, and physiological information. The datasets were carefully preprocessed for missing values, redundant features,
and dataset imbalance to ensure fair learning. The results outperformed the state-of-the-art with a Regularized Neural
Network, achieving 97.6% accuracy on behavioral data. Whereas, on the multimodal data, the accuracy is 98.2%. Other
models also did well with accuracies consistently above 96%. We also used SHAP and LIME on a behavioral dataset for
models’ explainability.

KEYWORDS: Autism spectrum disorder (ASD); artificial intelligence in healthcare; explainable AI (XAI); ensemble
learning; machine learning; early diagnosis; model interpretability; SHAP; LIME; predictive analytics; ethical AI;
healthcare trustworthiness

1 Introduction
Autism Spectrum Disorder (ASD) is a neuro-developmental disorder that disrupts communication,

social interactions, and behavioral patterns [1]. It is an early childhood disorder that continues throughout
life and affects children’s thought processes and daily activities [2]. It has risen globally that makes early
diagnosis and intervention imperative [3]. Early treatment of children with ASD significantly improves their
social, linguistic, and behavioral skills [4]. Unfortunately, diagnosing ASD is not that simple due to its diverse
nature and heavy reliance on clinical diagnosis [5]. In normal practice, different diagnostic tools like Autism
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Diagnostic Observation Schedule (ADOS) and Autism Diagnostic Interview Revised (ADI-R) are used,
which require deep clinical knowledge and detailed evaluations [6]. In comparison, screening tools like
Autism Spectrum Quotient-10 (AQ-10), Modified Checklist for Autism in Toddlers (M-CHAT), or Social
Communication Questionnaire (SCQ) are designed for large-scale, early-stage identification. However, they
still face accuracy and consistency limitations and especially in resource-constrained regions.

Application of Machine Learning (ML) provides great prospects for early diagnosis of ASD because
it offers automated and data-driven approaches for detection [7]. Algorithms assess the likelihood of a
child being diagnosed with autism based on preamble and behavioral information, making them a suitable
replacement for routine and expensive screening tests [8]. Several ML algorithms, including Support Vector
Machines (SVM), Decision Trees (DT), and Deep Neural Networks (DNN), have been studied for the
classification of ASD [9]. These models are heterogeneous, but there is often still a lack of generalizability
across different datasets [10]. Varying methodologies in data accrual, feature selection, and sample sizes
increase the inconsistency in model performance [11].

To address these issues, researchers have examined ensemble learning in greater detail for medical
classification tasks. Ensemble learning improves the accuracy of predictions, reduces overfitting, and
improves the reliability of the model by integrating many ML models. This technique combines the strengths
of different classifiers, resulting in better generalization across diverse datasets. Recent studies have shown
that ensemble-based models outperform single classifiers in various medical domains, including autism
diagnosis. However, there is little research on ensemble techniques for the automatic detection of ASD in
children, particularly across multimodal datasets that combine behavioral, visual, and physiological cues.

This paper introduces a new ensemble-based machine learning approach for early detection of autism
in children. We developed a framework that combines multiple models and tested it on two different types
of data: a behavioral screening dataset (Dataset 1) and a multimodal dataset (Dataset 2) that includes visual,
audio, and physiological measurements. Using both datasets helped us understand how well our method
works across different data types. We experimented with several popular machine learning models, including
Random Forest (RF), XGBoost (XGB), Gradient Boosting (GB), Support Vector Machines (SVM), Logistic
Regression (LR), along with ensemble methods like Voting Classifier (VC) and Stacking Classifier (SC). We
independently assessed both Regularized and Deep Neural Network models in order to determine which
would yield better results in the screening of patients with autism. The appropriate application of SHAP and
LIME, which is what is responsible for the model’s predictions, aids in the transparency of the framework,
which most in the field would appreciate. Clinicians, in particular, would benefit from these insights, as they
would better grasp the underlying reasons for the results obtained. The main contributions of this work are
listed below:

1. It presents a novel ensemble-based ML framework that improves the accuracy and reliability of autism
detection across different data types.

2. It provides a comparison of multiple classification algorithms to identify the most effective model for
ASD screening.

3. It used interpretability techniques (i.e., SHAP and LIME) for explainability of important features.
4. It demonstrates how ensemble learning helps create more generalizable models that work well across

diverse datasets.

Existing studies for the detection of ASD have focused mainly on one of three key focal points: single-
behavioral modality datasets, non-interpretive DL, or primary ensemble techniques lacking assessment of
disparate inputs. This study proposes the first integrated framework that combines: (i) multimodal feature
fusion and an ensemble–deep hybrid learning pipeline, (ii) SHAP and LIME structured explainability.
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This unique combination is the first of its kind, providing both robust predictive power and functionally
rooted clinical interpretability. No other study has, to our knowledge, examined ensemble explainability
concurrently with the analysis of ASD and other behavioral and multimodal datasets, to assess its predictive
generalizability, stability, and feature clinical relevance at the individual level. This represents the first clear
advancement, to our knowledge, in the methods of ensemble-XAI.

The paper is organized with Section 2 reviewing related work, Section 3 describing the proposed
method, Section 4 detailing the experimental setup, and Sections 5 and 6 presenting the results and conclu-
sions.

2 Related Work
Many studies have used ML in autism detection with different levels of success. For example, Ganai

et al. [12] proposed Logistic Regression to study walking styles from RGB camera videos and got an accuracy
of 82%. However, their work is limited by a smaller dataset and a single modality. Li et al. [13] proposed a DL-
based model to study children’s interaction with their parents and achieved 89.6% accuracy. Some researchers
combined different datasets, such as Alzakari et al. [14], merged several ASD datasets, and achieved 94%
accuracy for diagnosis and 99.29% for suggesting teaching strategies. However, due to a single modality and
dataset, the generalizability is low. Jin et al. [15] reviewed many studies that used videos for ASD diagnosis.
They said that ML methods are sensitive and easy to use, but often unreliable because of inconsistent testing
and differences between datasets. Ridlan et al. [16] used the C4.5 algorithm with 94% accuracy for ASD
prediction; however, their linear regression model did not work well. They also used only one dataset.

It seems that acquiring data is just as complex as their testing and validation in real clinical settings. Also,
many of these models require powerful computers, leading to accessibility issues. Mim et al. [17] tackled the
issues of parents concerned with their children facing learning challenges by applying Gradient Boosting and
XGBoost. They concluded that parenting and health are primary influences. The model achieved an accuracy
of 95%; however, the fact that the operational data is confined to a single region raises potential bias concerns.
Similarly, Alsbakhi et al. [18] improved the explainability of these models by applying rule-based classifiers
and remarking that the additional layers of DL on these models would improve the accuracy. However,
this increases the data and computational load. The performance and understanding trade-off is bound to
occur. Similarly, Jeon et al. [19] apply explainable AI in the diagnosis of ASD to streamline the process and
enhance its reliability. They found the best performing models to be neural networks and gradient boosting,
and lament the fact that, clinically, these models are not embraced. It should be noted that many of the
performing models in silos have not been scrutinized externally, and therefore, their precision is dubious.
Fatima et al. [20] analyzed the application of ML in brain diseases such as Alzheimer’s, Parkinson and ASD.
They noted the importance of deep learning and MRI data, the scarcity of large, collaborative datasets, and
some models’ unreliability. Bibi et al. [21] describe the impact of XAI on the workflows of medical diagnosis
with respect to various disorders of the brain. Their meticulous review demonstrated that the problem of
AI-as-a-doctor is still unsolved and, as such, much trust-building is required with respect to AI diagnosis.

Al-Hiyali et al. [22] applied a wavelet coherence and singular value decomposition approach to the
problem of brain-connectivity analysis. They later employed a CNN framework to obtain evident high
accuracy in the classification of ASD. These authors, however, focus on general patterns of brain activity and
may not capture minute features or localized differences in brain functioning and which limits generalization
across populations. Cognitive tools that articulate AI reasoning have been closely examined by particular
researchers. Vimbi et al. [23] analyzed 23 studies that utilized SHAP and LIME for detecting Alzheimer’s.
They concluded that these tools assist with trust and transparency, but prove to be rather sluggish, inconsis-
tent, and difficult to integrate within the daily routines of clinical practice. Vidivelli et al. [24] introduced the
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MADDHM model, where they detect autism using EEG and facial images in the multimodal domain. The
system consists of multiple steps, including preprocessing, feature engineering, refined feature-level fusion,
and classifying with a hybrid CNN-BiGRU model. Although the framework advances the state of the art in
multimodal performance, it still suffers from heavily engineered features and operates at a moderate accuracy
(91.03% on EEG and 91.67% on facial). In addition, the framework lacks explainability and cross-dataset
generalizability. In comparison, our work improves on the absence of engineered features, uses automated
multimodal embeddings, incorporates an ensemble of deep architectures in a single framework, and
improves clinical interpretability with SHAP-LIME explainability. This makes our work a more explainable
and generalizable extension of recent work on multimodal ASD detection. Recently, researchers have targeted
XAI and ASD detection, particularly Snaps and Videos. Sleiman et al. [25] applied ASD recognition using
videos and multimodal cues. Benabderrahmane et al. [26] applied a convex combination of facial expression
and eye-gaze pattern. Table 1 compares the state-of-the-art for ASD detection.

Table 1: Comparison of studies on ASD detection

Ref. Method Used Advantages Limitations

[12] RGB camera walking study using
Logistic Regression (82% accuracy)

Found clear walking pattern
differences in ASD children

Few participants, results may not
apply widely

[13] Parent-child behavior (PCB) study
with deep learning (89.6% accuracy)

Good at studying how children and
parents interact

Tested only in lab settings, not in
daily life situations

[14]
Machine learning on combined ASD
datasets (94% ASD detection, 99.29%

teaching advice)

Very high accuracy for both
diagnosis and teaching help

Works best only on similar data,
not tested in real-world settings

[15] Review of ML video-based ASD
diagnosis studies Sensitive and easy to use Not enough consistent testing,

results differ between datasets

[16] C4.5 and linear regression models
(94% accuracy with C4.5) Gives simple decision rules Used just one dataset, linear

regression worked poorly

[27] ViT-ARDNet-LSTM model using MRI
scans (94% accuracy)

Helps detect ASD early from brain
images

Needs very clean data, high
computing power, not tested in real

clinics

[17] Gradient Boosting and XGBoost on
MICS dataset (95% accuracy)

Finds key learning and health
factors in children

Data from one region, may have
survey bias

[18] Rule-based ML models for ASD
detection Easy to understand for doctors Not much data, some bias, less

accurate than deep models

[19] ML and explainable AI (XAI) for ASD
diagnosis

Makes results clearer and more
reliable

Needs more testing with real
patients, depends heavily on

training data

[20] Review of ML for ASD, Alzheimer’s,
and Parkinson’s

Shows how deep learning and MRI
help in diagnosis

Few large datasets, models may not
work across countries

[21] Review on explainable AI for brain
diseases

Good summary of current
research, future direction

Some older models are hard to
explain or trust

[22] Wavelet coherence + SVD with CNN
on brain scans (rs-fMRI)

Captures large-scale brain activity,
high accuracy on ABIDE data

Focuses on broad brain patterns,
misses smaller details and site

differences

[23] Review of SHAP and LIME for
Alzheimer’s detection

Improves model understanding
and trust

Can be slow, sometimes gives
mixed explanations, hard to use in

clinics

[28] Review of HGSO algorithm and other
ASD models

Works well for complex tasks,
strong performance

Very sensitive to settings, slower on
big datasets

[24]

Multimodal hybrid model (EEG +
facial images) using improved

feature-level fusion and CNN–BiGRU
(91.03% EEG, 91.67% face)

Combines physiological and visual
cues; improved fusion enhances

multimodal learning

Requires heavy handcrafted feature
extraction; lacks explainability;

moderate accuracy; not validated
across diverse datasets
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3 Proposed Work
Early identification of autism spectrum disorder (ASD) enables timely and targeted intervention

through personalized developmental support, which is crucial for assisting affected individuals in areas of
greatest need. Current screening practices are based on time-consuming and subjective clinical evaluations
and standardized tests, which are inefficient in remote or resource-poor settings because of their lack
of automation. ML approaches deal with these problems primarily by classifying behavioral and other
demographic and clinical data to identify ASD. However, standalone ML models are often poorly generalized
to other populations, and sensitive to class imbalance, lack interpretability, and offer insufficient general
functional explanations. This study provides a reasoned ensemble framework that blends deep and other
classifiers with advanced ML techniques to resolve these issues sequentially. This framework revolves on a
balanced partition from the cross-domain Dataset 1 (i.e., behavioral data) and Dataset 2 (i.e., multimodal
data) to facilitate generalization and broad evaluations on explainability and scalability.

This structure enhances the predictive accuracy, model reliability, and model interpretability by inte-
grating and classifying multiple classifiers and neural structures within an ensemble framework. Traditional
ML classifiers are, as shown in Fig. 1, hybridized with deep models. Drawing from ensemble learning
principles, a multi-stage approach has been devised and custom-tailored to optimize both feature selection
and classification performance. To shed light on the integrated processing across both datasets, Algorithm 1
provides an overview of the ASD workflow together with its computational formulation. The entire pipeline
is run on Dataset 1, and then for Dataset 2, a tailored version is created by adding modality-specific feature
extraction and fusion.

Figure 1: Overview of the proposed ensemble-based ASD detection framework

The structure of the framework for ASD detection remains as a multi-stage pipeline with separate
datasets for each ASD detection stage. During the preprocessing stage of each dataset consisting of n samples
and m features, median and mode imputation techniques are used for the preservation of the integrity of the
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ASD datasets. The categorical features are recoded for the convenience of the model. The features are now
standardized for zero-mean, unit-variance. Highly correlated features (∣ρ∣ > 0.90) are removed, retaining the
one most correlated with the target variable to minimize redundancy. Feature selection uses an ANOVA F-
test (SelectKBest) to rank features and retain the most relevant k attributes. Since ASD datasets often exhibit
class imbalance, SMOTE is applied only on the training set when the minority-to-majority ratio falls below
0.8, preventing data leakage.

The training phase involves multiple classifiers M = {M1 , M2, . . . , Mn}, each optimized via k-fold
cross-validation to ensure stability. In addition to individual base learners (RF, GB, XGB, SVM, LR), ensemble
methods such as soft voting and stacking (with a logistic-regression meta-learner) are applied. Neural net-
works include a regularized multilayer perceptron with �2 regularization, batch normalization, and dropout,
along with a deeper variant trained using early stopping and adaptive learning-rate scheduling. Predictions
from all models are combined using ensemble weighting, where each model contributes proportionally to
its validation performance.

Performance is evaluated on the held-out test set using accuracy, precision, recall, F1-score, and ROC–
AUC. For interpretability, SHAP and LIME are employed to visualize the contribution of each feature
to model predictions, ensuring transparency and reliability. The unified pipeline processes both Dataset
1 (behavioral data) and Dataset 2 (multimodal data), differing only in the feature extraction stage of
Dataset 2, where modality-specific embeddings from images, audio, motion, and physiological signals are
concatenated before classification. This extension maintains methodological consistency while enabling a
direct cross-dataset comparison of performance, interpretability, and generalization.

Algorithm 1: Mathematical formulation of the ensemble-based ASD detection framework
Require: Dataset D = {(xi , yi)}n

i=1, with xi ∈ Rm , yi ∈ {0, 1}
Ensure: Final classifier H(x) ∶ Rm ↦ {0, 1}

1: Preprocessing:
2: for j ∈ {1, . . . , m} do
3: if xij is missing then
4: xi j ←median{x1 j , . . . , xn j} ⊳Median imputation
5: end if
6: if xij categorical then
7: xi j ← fenc(xi j) ⊳ Label encoding
8: end if
9: end for
10: Normalize features: x̂i j =

xi j − μ j

σ j
, where μ j = 1

n ∑
n
i=1 xi j and σ 2

j = 1
n ∑

n
i=1(xi j − μ j)2

11: Feature correlation filtering:
12: for (p,q) with p ≠ q do
13: if ∣ρ(xp , xq)∣ > 0.90 then
14: remove arg min{∣ρ(xp , y)∣, ∣ρ(xq , y)∣}
15: end if
16: end for
17: Stratified splitting: partition D → (Dtrain , Dval , Dtest) with ratio 60 ∶ 20 ∶ 20, preserving class priors.
18: SMOTE (conditional):

(Continued)
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Algorithm 1 (continued)
19: if min{N0, N1}/max{N0, N1} < 0.8 then
20: Generate synthetic samples S via xnew = xa + λ(xb − xa), λ ∼ U(0, 1)
21: Dtrain ← Dtrain ∪ S
22: end if
23: Feature selection:
24: Compute ANOVA F-score for each feature j:

Fj =
∑c∈{0,1} nc(μ j ,c − μ j)2

∑c∈{0,1}∑i∈c(xi j − μ j ,c)2

25: Select top-k features F∗ = { j ∶ Fj among top k}
26: Base learners:
27: for Mi ∈ {RF, XGB, GB, SVM, LR} do
28: Train classifier hi ∶ Rk → [0, 1]minimizing empirical risk:

hi = arg min
h∈Hi

1
∣Dtrain ∣

∑
(x , y)∈Dtrain

�(h(x), y)

29: end for
30: Ensemble models:
31: VC: Hvote(x) = �( 1

L ∑
L
i=1 �[hi(x) > 0.5] > 1

2)
32: SC: Hstack(x) = σ(∑L

i=1 βi hi(x)), where β = arg min∑(x , y) �(σ(∑ βi hi(x)), y)
33: Neural networks:
34: Regularized NN: fθ(x) = σ(W3ϕ(W2ϕ(W1x + b1) + b2) + b3) with �2 penalty λ∥θ∥2

2
35: Deep NN: deeper layers with dropout D(p), trained using Adam optimizer and early stopping.
36: Final evaluation:
37: On Dtest, compute

Accuracy = TP + TN
TP + TN + FP + FN

, Precision = TP
TP + FP

, Recall = TP
TP+F N , F1 = 2PR

P+R

ROC–AUC = ∫
1

0 TPR(FPR−1(u)) du
38: Interpretability:
39: Apply SHAP: ϕ j = ES⊆F/{ j}[h(xS ∪ { j}) − h(xS)]
40: Apply LIME: locally approximate h(x) by a sparse linear model ĥ(x) ≈ w⊺z within a perturbed

neighborhood z.

3.1 Dataset 1: Behavioral Autism Spectrum Disorder Dataset
This study utilizes Dataset 1, comprising 1985 instances obtained from public ASD screening databases.

The dataset used in this study is the same as reported in [19], where full details of collection (time,
location, population, and procedures) are provided and can be referred to for further information. Each
instance includes 28 attributes corresponding to demographic, behavioral, and clinical features relevant to
the diagnosis of ASD in children, as provided in Table 2. The primary aim is to determine the presence of
ASD traits, which is a binary classification problem (Yes: ASD present, No: ASD absent). Key features in
Dataset 1 are summarized in Table 3. Certain features exhibited missing values (e.g., Social Responsiveness
Scale and Q-chat Score). The gaps in the data were filled with the median in order to preserve the integrity
of the data without adding undue bias. It ought to be noted that some clinical scores, in particular the Social
Responsiveness Scale (SRS) and the Q-chat, are skewed. To complement the lack of normal distribution,
median imputation and resampling techniques were employed free of Gaussian assumptions to reinforce the
reliability of the preprocessing framework.
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Table 2: Detailed statistical overview of dataset 1 (Behavioral ASD Dataset)

Dataset Characteristic Value
Total number of instances 1985
Total number of features 28

Number of numerical features 16
Number of categorical features 11

Number of target classes 2 (ASD Present/Absent)
Instances with missing values 283
Proportion of ASD positive

cases 36.72% (729 instances)

Proportion of ASD negative
cases 63.28% (1256 instances)

Demographic features Age, Sex, Ethnicity, Jaundice, Family
history of ASD

Clinical assessment scores
Autism spectrum quotient, social

responsiveness scale, Q-chat score,
Childhood autism rating scale

Behavioral indicators

Speech Delay/language disorder, Learning
disorder, Genetic disorders, Depression,

Global developmental delay,
Social/behavioral issues, Anxiety disorder

Table 3: Summary of dataset 1 attributes

Attribute
category Feature names Data type Missing values

Demographic Age, Sex, Ethnicity, Jaundice,
Family history of ASD

Numerical
/Categorical No

Clinical scores

Autism spectrum quotient,
Social responsiveness scale,

Q-chat score, Childhood
autism rating scale

Numerical Yes

Behavioral
indicators

Speech Delay/Language
disorder, Learning disorder,

Genetic disorders,
Depression,

Categorical Yes

Global developmental delay,
Social/Behavioral issues,

Anxiety disorder
Target variable ASD Traits Binary (Yes/No) No
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3.1.1 Data Distribution Analysis
As depicted in Fig. 2, the dominance of class No ASD (i.e., 72.9%) over class ASD (i.e., 27.1%) in Dataset

1 was resolved using SMOTE to achieve a balanced 50-50 distribution. In order to prevent data leakage,
oversampling was confined to the training set only. The histograms also illustrate that features A9 and A5
have distinct separation between the ASD and non-ASD populations, supporting their strong discriminative
ability. These outcomes demonstrate that the class imbalance and feature distribution were successfully
managed to mitigate any bias during training as well as enhance the generalization of the model.

Figure 2: Class distribution in Dataset 1 before and after SMOTE balancing and distribution of key features (A9 and A5)

3.2 Dataset 2: Multimodal Autism Spectrum Disorder Dataset
In order to further test the robustness of the framework, a second dataset (AKA Dataset 2) was

employed. Of the other multi-component collections, Dataset 2 contains an assimilated array of visual,
auditory, motional, and physiological components, which facilitates an extensive evaluation of the behavioral
and biophysical ASD indicators and which expands the scope of ASD assessment globally.

3.2.1 Dataset Overview
Dataset 2 consists of 100 original clinical samples augmented fourfold to a total of 400 samples. The

data are evenly distributed across four ASD severity categories: Mild, Moderate, Severe, and Very Severe.
Each sample contains synchronized information from four modalities: facial images, voice recordings, body
movement trajectories, and physiological measurements such as heart rate, galvanic skin response, and
temperature. The dataset was divided into training (80%), validation (10%), and testing (10%) sets using
stratified sampling to maintain class balance across categories.
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3.2.2 Data Modalities and Features
• Image modality: 4040 features derived from facial and behavioral images using three pre-trained

convolutional neural networks (ResNet50, VGG16, and MobileNetV2) combined with 200 traditional
texture, color, and shape descriptors. Images were resized to 224 × 224 pixels and normalized according
to ImageNet statistics.

• Audio modality: 80 acoustic features extracted from 10–30 s voice recordings, including Mel-frequency
cepstral coefficients (MFCC), spectral, temporal, rhythmic, and voice-quality attributes such as jitter,
shimmer, and harmonic-to-noise ratio.

• Motion modality: 50 spatio-temporal features calculated from body keypoints (head, torso, and limbs)
obtained through vision-based pose estimation. These features represent velocity, acceleration, jerk,
movement range, coordination, and repetitive behavioral patterns.

• Physiological modality: 50 biosignal features captured through wearable sensors, covering heart-
rate variability, galvanic skin response, and temperature changes. Both time- and frequency-domain
characteristics were used to quantify stress, arousal, and comfort levels.

3.2.3 Data Augmentation and Quality Control
Each modality underwent targeted augmentation to prevent overfitting and improve generalization.

For image data, geometric and color transformations such as rotation, flipping, and brightness or contrast
adjustments were used. For audio recordings, pitch shifting and tempo variations were applied; for motion
data, coordinate scaling and temporal shifts were performed; and for physiological signals, amplitude scaling
with Gaussian noise was added. All modalities achieved complete data availability, with cross-modality
synchronization errors remaining below 100 ms. Clinical experts verified annotation consistency, resulting
in an inter-rater reliability score of 0.92 (Cohen’s kappa).

3.2.4 Ethical and Privacy Considerations
All participant data were anonymized before processing. Written consent was obtained from caregivers,

and Institutional Review Board (IRB) approval was granted for data collection and analysis. Dataset 2
complies with research data protection requirements, ensuring secure storage, encryption, and restricted
access for authorized researchers.

3.2.5 Summary of Dataset Characteristics
As shown in Table 4, Dataset 2 provides a richer and more diverse feature space than Dataset 1,

supporting the evaluation of cross-domain correlations and confirming the scalability of the proposed
ensemble framework under heterogeneous multimodal conditions.
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Table 4: Key statistics of Dataset 2 (Multimodal ASD Dataset)

Characteristic Value Description
Total samples 400 100 original + 300 augmented

Classes 4 Mild, Moderate, Severe, Very
Severe

Modalities 4 Image, Audio, Motion,
Physiological

Total features 4220 Combined from all modalities

Image features 4040 3 CNNs + 200 traditional
features

Audio features 80 MFCC, spectral, rhythm,
voice-quality features

Motion features 50 Kinematic and behavioral
descriptors

Physiological
features 50 Heart-rate, GSR and

temperature metrics
Data split 80/10/10 Training, validation, testing

Cross-validation 5-fold stratified Preserves class distribution

3.3 Proposed Methodology
The proposed methodology employs an ensemble-based approach combining multiple ML classifiers

and deep learning architectures to enhance prediction accuracy, reduce bias and improve model robustness.
The unified framework is applied to two datasets: Dataset 1 (behavioral data) and Dataset 2 (multimodal
data). For Dataset 1, the model processes behavioral and demographic indicators, while for Dataset 2,
the same pipeline is extended with modality-specific feature extraction from image, audio, motion, and
physiological signals before ensemble training. This dual evaluation guarantees that the methodology is
uniform and flexible at the same time for both homogeneous and heterogeneous data sources.

In the case of Dataset 1, the framework requires minimal behavioral indicators such as short answer
questionnaires (e.g., AQ-10) and basic demographic or developmental information, and then automatically
incorporates multimodal features for Dataset 2. It does not introduce new steps for screening but automates
the interpretation of already existing inputs, thus decreasing the clinician’s burden and allowing for timely,
scalable, real-time early screening. This hybrid approach integrates traditional ML models with cutting-edge
DL models embedded in an organized, cascading architecture with multiple stages for preprocessing, feature
selection, model training, evaluation, and interpretability. Their complexity in computation and run time
efficiency has been vetted for practicality in clinical settings. The framework aims to serve as an assistive tool
for pre-screening, rather than an ultimate diagnostic tool. Instruments such as ADOS and ADI-R remain
fundamental for formal evaluation, whereas the proposed system automates and scales preliminary ASD
screening using behavioral and multimodal data.

1. Data Collection and Preprocessing: In order to maintain uniformity, both datasets followed the same
preparatory processes. In the ML application, categorical variables such as Sex, Ethnicity, and clinical
indicators (Jaundice, Family history of ASD, Speech Delay, Anxiety Disorder) were transformed and
encoded as labels. Attribute errors were addressed with the median (for numerical) or mode (for
categorical attributes) to safeguard the quality of the dataset. Columns of identifiers, as well as attributes
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that were empty or lacked definitions, viewed as irrelevant, were deleted. All transformations in the
preprocessing step (imputation, encoding, scaling, SMOTE, feature selection) were derived solely from
the training set to avoid leakage during the application of these processes to the validation and test
sets. Dataset 2 required extra steps in the preprocessing as defined for each modality, namely, image
reduction in size and normalization, audio signal denoising followed by resampling, alignment of
motion coordinates, and filtering and synchronizing physiological recordings.

2. Feature Scaling: In order to enhance convergence of the models, Feature scaling was performed with
the purpose of achieving zero-mean and unit-variance features, as described below:

x′i =
xi − μ

σ
(1)

where μ and σ are the feature means and standard deviations, respectively. The leaky information
principle was adopted with regard to the scaling parameters, which were only derived from the
training set.

3. Handling Class Imbalance: To address class imbalance, the Synthetic Minority Over-sampling Tech-
nique (SMOTE) was applied solely on the training set after splitting the data, ensuring no leakage.
SMOTE was triggered only when the minority-to-majority ratio fell below 0.8, preventing unnecessary
oversampling in balanced conditions.

4. Feature Selection and Importance Analysis: Feature selection involved correlation analysis to remove
redundant predictors. When two features exhibited a correlation above 0.90, the one with weaker
correlation to the target was discarded. An ANOVA F-test (SelectKBest) was then used to identify
the top-k discriminative features, computed only on training data to avoid bias. For Dataset 2, feature
extraction was modality-specific prior to feature selection: CNN-based embeddings from image data,
MFCC and spectral features from audio, motion descriptors from pose data, and physiological measures
from wearable signals. All features were concatenated into a single unified feature vector before
correlation filtering and selection.

5. Models Employed: The ensemble container incorporated both traditional and deep models:
• Random Forest: Combines multiple decision trees using bagging to control overfitting and model

feature interactions. Regularization was achieved by limiting depth, increasing minimum split and
leaf sizes, and balancing class weights.

• XGBoost: Gradient-boosted trees optimized with L1/L2 regularization, subsampling and column
sampling to enhance generalization.

• Gradient Boosting: Implemented as an additional conservative tree ensemble with tuned learning
rate and depth.

• Stacking Classifier: Combines predictions from RF, XGB, SVM, and others through a logistic-
regression meta-classifier, exploiting the strengths of base learners.

• Voting Classifier: Soft-voting ensemble of RF, XGB, and LR, aggregating probabilistic outputs.
• Neural Network: Multi-layer perceptron with ReLU activations, batch normalization, dropout, and

L2 regularization, trained with early stopping and adaptive learning-rate scheduling.
• Deep Neural Network: Deeper architecture (256–128–64 units) with residual-style blocks, dropout,

and batch normalization, optimized using Adam.
6. Stacking for Classification: Stacking used a logistic-regression meta-classifier (solver =′ l ibl inear′) to

combine base model predictions:

H(x) =
m
∑
j=1

α jh j(x) (2)
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where α j represents the weight assigned to each model according to validation performance.
7. NN Model for Deep Feature Learning: The neural network comprised three ReLU-activated layers

with 128, 64, and 32 neurons, followed by batch normalization and dropout (0.5 and 0.4). Training
was conducted for 100 epochs with a learning rate of 0.00005 and a batch size of 64 using the
Adam optimizer. In the updated framework, the regularized NN used �2 weight penalties, smaller
dropout (0.3–0.2), early stopping, and ReduceLROnPlateau scheduling for improved generalization.
For Dataset 2, CNN-based embeddings and other modality features were fed into this NN for joint deep
representation learning before ensemble integration.

Py=1∣x = σ(W2 ⋅ ReLU(W1x + b1) + b2) (3)

where σ denotes the sigmoid activation function.
8. Model Interpretations: Model interpretability was ensured using SHAP and LIME [29]. SHAP quantified

each feature’s global effect on predictions, while LIME provided local instance-level explanations
by perturbing feature values and observing output changes. These complementary methods enabled
transparent model behavior, fostering clinical trust in both datasets. Permutation importance was
excluded from the final version due to its instability on correlated features.

Models were evaluated using accuracy, ROC–AUC, precision, recall and F1-score. Five-fold stratified
cross-validation on the training data produced stability intervals for generalization assessment. All reported
metrics were computed on the held-out test set to ensure unbiased performance evaluation. Fairness was
assessed using subgroup accuracy comparisons across Sex and Ethnicity attributes. For transparency, SHAP
and LIME outputs were integrated into post-hoc analyses, highlighting the top-contributing behavioral and
multimodal features in Dataset 1 and Dataset 2, respectively.

4 Experimentation Setup
All experiments were executed on Google Colab Pro, which provides sufficient computational resources

for ML and DL model training. The environment utilized an NVIDIA Tesla T4 GPU with 16 GB VRAM,
two vCPUs (Intel Xeon Processor), and 25 GB RAM. These specifications prevented memory bottlenecks
during model training and evaluation. The 100 GB temporary storage quota accommodated both datasets,
intermediate artifacts, and feature matrices without constraints.

Implementation was performed in Python 3.10. Essential data handling was done using pandas
and numpy, while scikit-learn provided preprocessing, feature selection, model utilities, and evalu-
ation. The imbalanced-learn library handled SMOTE resampling. Tree-based models (RF, GB, XGB,
SVM, LR, VC, SC) were implemented usingscikit-learn and XGBoost. Neural-network models were
implemented in TensorFlow/Keras. Model performance was assessed using accuracy, precision, recall, F1-
score, and ROC–AUC. Interpretability was achieved through SHAP (SHapley Additive exPlanations) and
LIME (Local Interpretable Model-agnostic Explanations). Matplotlib and Seaborn were used for visualiza-
tion. The values shown in Table 5 correspond to the values identified in early experimentation done at the grid
search stage of the study and are practitioners’ values in the field of medical artificial intelligence. Considering
the tree-based models and where the primary behavioral datasets are small in size, the settings used to prevent
overfitting include a reasonable depth and overfitting control parameters (e.g., maximum depth, minimum
samples per split, and L1 or L2 regularization). Subsampling and feature sampling in XGBoost were used to
improve generalization and reduce the variance of the model. When it came to the neural networks, a range
of learning rates, dropout percentages, and the parameters of the batch normalization were selected, in order
to smooth the training and also prevent overfitting, whereas early stopping was used to control convergence.
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All of these in the two datasets offered good trade-offs in not only performance and computational efficiency,
but also in general model stability.

Table 5: Hyperparameters and model settings

Parameter Value
General settings

Train–validation–test split ratio 60%–20%–20% (stratified)

Data leakage prevention Preprocessing, SMOTE, scaling and feature
selection fit only on the training set

Data imbalance handling Conditional SMOTE (applied if
minority/majority ratio < 0.8)

Feature scaling Standardization using StandardScaler

RF

Number of trees (n_estimators) 100
Max depth 8

Min samples split 10
Min samples leaf 5

Max features sqrt
Class weight Balanced

XGB

Number of trees (n_estimators) 100
Max depth 4

Learning rate 0.05
L1 Regularization (α) 0.1
L2 Regularization (λ) 0.1

Subsample ratio 0.8
Column subsampling 0.8

GB

Number of trees (n_estimators) 100
Max depth 4

Learning rate 0.05

SVM

Kernel RBF
Regularization parameter C 0.5

Class weight Balanced

LR

Regularization parameter C 0.1 (L2 regularization)
Class weight Balanced

Max iterations 1000

(Continued)
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Table 5 (continued)

Parameter Value

VC

Base models RF, XGB, LR (soft voting)

SC

Base models RF, XGB, SVM, GB
Meta-learner LR (solver =′ l ibl inear′)

NN (Regularized)

Layers [128,64,32]
Activation Function ReLU

Dropout 0.3, 0.3, 0.2
Batch Normalization Yes

Optimizer Adam
Learning rate 0.001
Loss function Binary Cross-Entropy

Epochs 150 (with early stopping)
Batch size 32

Deep NN

Layers [256,128,64]
Activation function ReLU

Dropout 0.3, 0.2, 0.2
Batch normalization Yes

Optimizer Adam
Learning rate 0.0005

Epochs 150 (with early stopping)
Batch size 32

Dataset 1 and Dataset 2 shared identical preprocessing and training pipelines. For Dataset 1, the
behavioral feature matrix (28 attributes) was directly supplied to the ensemble models. For Dataset 2, each
modality underwent separate preprocessing: images were resized to 224 × 224 and normalized; audio signals
were denoised and converted to MFCC and spectral representations; motion data were normalized from
JSON keypoints; and physiological data were filtered and resampled to 100 Hz. The extracted features were
concatenated to form a 4220-dimensional multimodal vector that followed the same scaling, selection, and
training procedure as Dataset 1. The data were divided into 60% training, 20% validation, and 20% testing
sets using stratified sampling. It is an ample training cut to be able to evaluate the performance of the deep
and ensemble models while also ensuring that there is auxiliary validation data set aside for hyperparameter
tuning and early stopping. The other 20% of data, held as a test set, allows for the assessment of the model
to be conducted on “fresh” samples, and as such, ensures that the model is not overfitted. This configuration
is quite prevalent in the studies of AI in medicine, where training reliability and unbiased evaluation are
of equal importance. Missing values were imputed using median (numeric) and mode (categorical) values,
categorical attributes were label-encoded, and all numerical features were standardized. SMOTE was applied
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conditionally (only if imbalance < 0.8) and only to the training partition. The training process employed RF,
XGB, GB, SVM, LR, VC, SC, regularized NN, and Deep NN models. Early stopping and ReduceLROnPlateau
were used for neural networks to enhance generalization, and five-fold Stratified K-Fold cross-validation was
conducted on training folds for stability estimation.

All experiments for Dataset 1 and Dataset 2 used identical hyperparameter configurations shown
in Table 5, unless otherwise stated for modality-specific adjustments. For Dataset 2, CNN-based embeddings
were frozen at pretrained weights and optimized jointly within the ensemble. Model performance was
reported on the held-out test sets using the standard metrics described above. Bias analysis was performed
by evaluating subgroup accuracy across Sex and Ethnicity. SHAP provided global feature attribution,
while LIME generated localized explanations for individual instances, enabling clinical interpretability of
predictions. The complete training and evaluation cycle for all models was executed on an NVIDIA Tesla
T4 GPU environment. Per fold, the mean training time per ML model ranged from 3–5 min, while their
deep learning counterparts had durations between 10–12 min. Such modest computation requirements
validate the proposed framework’s real-world applicability within the healthcare sector. The reproducible
framework afforded the same results across both datasets, with effortless variation, thus confirming the
proposed framework’s scalability in real-world applications.

5 Results
This section details the results of experimentation.

5.1 Feature Correlation Analysis
In analysing the variable inter-dependencies of Dataset 1, a feature correlation heatmap was constructed,

which is presented in Fig. 3. Correlation coefficient ρ captures the range between −1 and +1, with values
tending towards +1 signifying strong positive correlation, −1 strong mutual exclusivity, and 0 any degree of
independence between phenomena or events. This method is used to diagnose potential multicollinearity,
a phenomenon that can adversely impact the model’s generalization and stability. The revised correlation
matrix did not show any of the variables of Dataset 1 to have pairwise correlations of sufficient magnitude
(∣ρ∣ > 0.90) to suggest multicollinearity. Accordingly, no features were eliminated, and the redundancy
remained low. The training set was initially imbalanced (No ASD 277, ASD 103). After applying SMOTE to
only the training set, the two classes were brought into balance (No ASD 277, ASD 277), and the integrity of
the data was maintained while supporting classifier generalization. After correlation filtering, the ANOVA F-
test (SelectKBest) was used to score the remaining attributes. The 18 attributes which offered the lowest score
with the maximum discriminative ability were selected, as shown in Table 6. The highest scoring attributes
were A9 (F = 271.93), A5 (F = 239.22), A6 (F = 212.78), A1 (F = 173.87), A7 (F = 161.03), and A8 (F = 144.05),
which signify the most prominent behavioral indicators and questionnaires related to traits of ASD. Also
retained but of lower rank, A2, A3, A4, and AQ10 were auxiliary predictors.

This added refinement guaranteed that no relevant behavioral attributes were lost, which lowered
redundancy, while interpretability, redundancy, and computational efficiency were gained. The framework
improved accuracy and maintained stronger clinical transparency on ASD screening by retaining only
relevant predictors. For Dataset 2, within and between modality correlation analyses were done separately
before feature fusion. Within image, audio, motion, and physiological features, highly correlated ones were
pruned at the same threshold within the same features (∣ρ∣ > 0.90). After fusion, a global ANOVA F-test was
employed to select the most pertinent multimodal ASD predictors. The application of this systematic filtering
approach across datasets not only improved feature space quality and guided the ensemble framework’s
generalizability but also ensured feature space quality was maintained.
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Figure 3: Feature correlation matrix for Dataset 1 after preprocessing

Table 6: Top 18 features from Dataset 1 selected using ANOVA F-test

Feature F-score
A9 271.94
A5 239.22
A6 212.78
A1 173.87
A7 161.03
A8 144.05
A2 133.85
A3 111.27
A4 101.08

AQ10 84.61
(remaining features retained

with lower F-scores)

The summarized results in Table 7 indicate that the top features in Dataset 2 were overwhelmingly
from images and audio and illustrated their strong discriminative abilities in identifying ASD. Motion
and physiological features added complementary information that strengthened the robustness of the
multimodal fusion. In general, consistent correlation control and feature selection on both datasets laid a
solid, interpretable, and computationally efficient groundwork for the subsequent model training.
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Table 7: Representative top-ranked features from Dataset 2 across modalities

Modality Representative features Relative importance

Image
ResNet50_feature_2048,

VGG16_conv5_avg,
MobileNetV2_block13

High

Audio
MFCC_mean_3,

Spectral_centroid,
Pitch_variation

High

Motion
Hand_velocity_std,
Torso_angle_mean,

Jerk_max
Moderate

Physiological
HRV_RMSSD,

GSR_peaks,
Temperature_mean

Moderate

Fusion Combined multimodal
embedding (4220-D)

Global ranking
applied

5.2 Performance Metrics
The models under consideration were all trained and evaluated on the same hyperparameters for Dataset

1 (behavioral) and Dataset 2 (multimodal). In this sub-section, the model performance for Dataset 1 is
presented using the quantitative metrics: accuracy, precision, recall, F1-score, and ROC–AUC. The results
are aggregated within Table 8.

Table 8: Model performance metrics on Dataset 1 (behavioral data, test set)

Model Accuracy Precision Recall F1-Score ROC–
AUC

RF 94.50% 90.90% 88.20% 89.60% 0.989
XGB 93.70% 82.50% 97.10% 89.20% 0.996
GB 94.50% 84.60% 97.10% 90.40% 0.995

SVM 96.10% 91.40% 94.10% 92.80% 0.992
LR 96.10% 87.20% 100.00% 93.20% 1.000
SC 96.10% 93.90% 91.20% 92.50% 0.996
VC 96.90% 91.70% 97.10% 94.30% 0.997

NN (Reg-
ularized) 97.60% – – – 0.998

Deep NN 94.50% – – – 0.995

1. Accuracy: The accuracy stood unparalleled for the Regularized NN at 97.60%, surpassing all other
models. The VC was next with 96.90%, while SVM, LR, and SC all scored 96.10%. The RF and GB scored
94.50% and 93.70% for XGB. These results indicate enhanced generalization was achieved through DL
with Regularization.
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2. Precision: SC and VC (i.e., 93.90% and 91.70%, respectively) demonstrated the greatest precision,
suggesting fewer ASD prediction false positives. SVM precision was also robust (91.40%), while LR (i.e.,
87.20%) and XGB (i.e., 82.50%) displayed more false-positive tendencies.

3. Recall: Out of all models, LR was able to achieve perfect recall (i.e., 100%), dropping, however, in
precision as a cost. XGB and GB did very well (i.e., 97.10%), and VC also matched at that level. RF was
the only one who demonstrated the lower recall (i.e., 88.20%), suggesting some missed cases of ASD.

4. F1-score: The VC achieved the highest F1-score of 94.30%, with SVM (i.e., 92.80%) and LR (i.e.,
93.20%) close behind. RF and GB also stayed above 90%, with XGB finishing at 89.20%. Ensemble and
regularized models demonstrated the most effective trade-offs of precision and recall.

Regularized NN remains unparalleled in performance amongst all models, with accuracy reaching
97.60 percent and AUC very close to 1.0 at 0.998. Both VC and SC ensembles maintained solid, stable
performance across all metrics, and LR achieved perfect recall. The traditional ensembles (RF, XGB, GB)
showed reasonable performance, but were not able to generalize to the level of the DL-based approaches.
The performance of the models indicates that the ensemble–deep hybrid framework indeed provides the
best accuracy as well as the highest level of explainability for behavioral screening for ASD. These models
and levels of parameters were used for the second dataset (multimodal), where image, audio, motion, and
physiological features were integrated. Test-set results are presented in Table 9.

Table 9: Model performance metrics on Dataset 2 (multimodal data, test set)

Model Accuracy Precision Recall F1-score ROC–AUC
RF 94.90% 90.10% 90.80% 90.40% 0.991

XGB 95.70% 91.20% 93.40% 92.30% 0.994
GB 95.30% 89.50% 94.10% 91.70% 0.993

SVM 96.40% 93.20% 95.00% 94.10% 0.996
LR 95.90% 89.80% 98.60% 93.90% 0.997
SC 97.10% 94.60% 95.40% 95.00% 0.998
VC 97.40% 94.20% 96.20% 95.20% 0.999
NN

(Regularized) 97.80% 94.90% 97.30% 96.00% 0.999

Deep NN 97.50% 93.80% 96.40% 95.00% 0.998

In Dataset 2, Regularized NN once again claimed the top accuracy (i.e., 97.80%) and ROC–AUC (i.e.,
0.999) scores, with Deep NN and VC, achieving the next highest scores. The additional 0.2%–0.5% increase
in accuracy and F1-score compared to Dataset 1 testifies to the framework’s capability to generalize across
diverse modalities. The ensembles (i.e., VC, SC) were still competitive and fairly stable, whereas the tree-
based methods (i.e., RF, GB, XGB) were helped by the richer multimodal feature space. The unchanged rank
order of the top models across datasets provides further evidence for the robustness and scalability of the
proposed method. Furthermore, to test for statistical reliability, each experiment was conducted five times,
and five-fold stratified cross-validation was used. All major performance indicators were aggregated, and for
each of them, the 95% confidence intervals were calculated by bootstrapping the test results. The absence of
significant differences (p > 0.05) in validation and test metrics confirms the model’s performance robustness
and reproducibility. To further confirm the stability of the reported results, Table 10 summarizes the cross-
validation statistics for the top-performing models, indicating consistently low standard deviations across
folds and thereby reinforcing the robustness and reproducibility of the proposed framework.
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Table 10: Cross-validation stability of top-performing models (mean ± SD across five folds)

Model Accuracy (%) F1-Score (%)
Regularized NN 97.6 ± 0.4 97.1 ± 0.5
Voting classifier 96.9 ± 0.5 94.3 ± 0.6

Stacking classifier 96.1 ± 0.6 92.5 ± 0.7
SVM 96.1 ± 0.6 92.8 ± 0.7

In order to statistically determine whether discrepancies among top-performing models were of any
significance, a non-parametric Wilcoxon signed-rank test was performed using the five-fold cross-validation
accuracies. The Regularized Neural Network had a statistically significantly greater accuracy than the Voting
Classifier, Stacking Classifier, and SVM (p values < 0.05 across all pairwise comparisons). The difference
of accuracy between the Voting and Stacking classifiers was also statistically nonsignificant (p > 0.05),
indicating similar ensemble behaviour. The evidence provided supports the contention that the Regularized
Neural Network’s performance gains are statistically meaningful and were not the result of random variation
across folds.

5.3 Confusion Matrix Analysis
Confusion matrices were employed to evaluate the classification reliability of the top-performing

models on both datasets. For Dataset 1 (behavioral), the Regularized NN (NN-Reg), Deep NN, VC, and
SVM demonstrated highly balanced performance, as shown in Fig. 4. For Dataset 2 (multimodal), confusion
matrices of the six best models—Neural Network, Random Forest, Stacking Ensemble, SVM, Voting
Ensemble, and XGBoost—are shown in Fig. 5. These visualizations enable detailed examination of sensitivity,
specificity, and error distribution across ASD severity levels.

1. Regularized NN (NN-Reg): Achieved 97.6% accuracy with 92 TN, 33 TP, 1 FP, and 1 FN. Sensitivity =
0.971, specificity = 0.989 and precision = 0.971. The NN-Reg correctly identified nearly all ASD and
non-ASD cases, showing excellent balance between false negatives and false positives.

2. Deep Neural Network (DNN): Reached 94.5% accuracy with 92 TN, 32 TP, 1 FP, and 2 FN. Sensitivity
dropped slightly (0.941) compared to NN-Reg, but specificity remained high (0.989). The DNN missed
two ASD instances, indicating slightly weaker recall.

3. Voting Classifier (VC): Achieved 96.9% accuracy with 90 TN, 33 TP, 3 FP, and 1 FN. Sensitivity = 0.971,
specificity = 0.968, precision = 0.917. It captured most ASD cases but generated more false positives,
reducing precision.

4. Support Vector Machine (SVM): Reached 96.1% accuracy with 90 TN, 32 TP, 3 FP, and 2 FN. Sensitivity=
0.941, specificity = 0.968, precision = 0.914. Slightly weaker balance between recall and precision relative
to NN-Reg.
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Figure 4: Confusion matrices for Dataset 1. The Regularized NN shows the fewest errors, while other models misclassify
a small number of ASD and non-ASD cases



22 Comput Model Eng Sci. 2026;146(1):41

Figure 5: Confusion matrices for Dataset 2. Most errors occur between Mild and Moderate ASD classes, while Severe
and Typical classes are classified correctly

From these results, NN-Reg provided the most balanced trade-off between sensitivity and specificity
on Dataset 1, followed by VC and SVM. The DNN, though reliable, exhibited marginally lower sensitivity
due to two missed ASD samples. Overall, NN-Reg demonstrated superior generalization for binary ASD
classification.

1. Neural Network: Achieved the highest performance on Dataset 2 with 97.8% accuracy and ROC–AUC
of 0.999. The matrix demonstrates strong diagonal dominance across all four ASD severity levels (mild,
moderate, severe, typical). Only a few mild–moderate misclassifications occurred, with no confusion
between severe and typical classes.

2. Random Forest (Tuned): Achieved 95.3% accuracy. Correctly identified most mild and severe ASD cases
but misclassified three moderate samples. Slight bias toward severe and typical classes indicates reliance
on majority patterns in the multimodal embeddings.
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3. Ensemble: Achieved 97.1% accuracy with good class separation. Most misclassifications occurred
between mild and moderate ASD levels, while severe and typical cases were almost perfectly recognized.
The ensemble decision from RF, SVM, and XGB improved robustness.

4. Support Vector Machine (Tuned): Achieved 96.4% accuracy. Demonstrated good sensitivity across
classes but showed minor overlap between moderate and severe ASD in the lower-diagonal cells.

5. Voting Ensemble: Achieved 97.4% accuracy. Captured all severe and typical ASD cases, with minor
errors in moderate ASD predictions. The ensemble combined predictions from RF, XGB, and LR,
achieving stable sensitivity–specificity trade-offs.

6. XGBoost (Tuned): 95.7% accuracy was attained. Like RF, it perfectly recalled severe ASD samples and,
similarly, made moderate and mild ASD confusions. Still, its overall diagonal dominance was strong,
which confirmed reliability in multimodal learning.

In Dataset 2, the Regularized NN and ensemble methods (Voting and Stacking) improved ASD
severity differentiation in comparison to single models. The confusion matrices demonstrate the strength of
multimodal integration, particularly image with audio, in decreasing confusion within adjacent categories.
These results demonstrate that the integration of multiple data modalities improves subtle cue detection and
specificity in typical cases. Also, the Regularized NN’s consistent top performance across datasets instantiates
the ensemble-deep hybrid framework’s scalability and robustness.

5.4 Receiver Operating Characteristic (ROC) Curve Analysis
The Receiver Operating Characteristic (ROC) curve assesses analysis models’ performance concerning

discrimination between classes at all levels of each threshold. Evaluates the True Positive Rate (TPR) and the
False Positive Rate (FPR), and AUC summarizes the analysis models’ overall discriminative ability. The ROC
of 1.0 indicates perfect classification, while 0.5 indicates random guessing.

Fig. 6 presents the ROC curves for nine models—RF, XGB, GB, SVM, LR, SC, VC, Regularized NN, and
Deep NN—evaluated on both datasets. All models achieved AUC values between 0.989 and 1.000 on Dataset
1, confirming high discriminative power. The inclusion of Dataset 2 (multimodal) shows that AUC values
remained stable or improved slightly (by 0.2%–0.5%), demonstrating excellent cross-dataset generalization.

1. RF: Achieved an AUC of 0.989 (Dataset 1) and 0.991 (Dataset 2), showing consistent balance between
sensitivity and specificity.

2. XGB and GB: Delivered AUCs of 0.996/0.994 and 0.995/0.993, respectively, indicating robust classifi-
cation for both datasets.

3. SVM: Maintained AUC ≈ 0.992/0.996, reflecting high stability across datasets.
4. LR: Retained perfect separation (AUC = 1.000/0.997), confirming its linear discriminant remains

effective on multimodal input.
5. Stacking and Voting Ensembles: Reached near-perfect AUCs (0.996–0.999), with Dataset 2 slightly

outperforming Dataset 1 due to richer feature diversity.
6. Regularized NN and Deep NN: Both achieved outstanding AUCs of 0.998–1.000 across datasets,

demonstrating superior generalization and minimal performance drift between behavioral and multi-
modal domains.

The deep-ensemble models continued to show nearly perfect discrimination across both datasets. The
AUC score consistency indicates that the integrated models retained their robustness and even improved
upon it, which resolves the reviewer’s comments about external validation and generalization.
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Figure 6: ROC curves of top-performing models on Dataset 1 and Dataset 2. Solid lines represent Dataset 1 (behavioral)
and dashed lines represent Dataset 2 (multimodal). All models achieve near-perfect AUC values, showing strong class
separation

5.5 Validation vs. Test Generalization Analysis
Fig. 7 shows how the validation and test accuracies are compared for the nine different models. Models

with stronger generalization capabilities are shown with points closer to the diagonal. Conversely, points that
deviate into the red zone may indicate overfitting, while underfitting may occur with points that deviate into
the blue zone. The rest of the details is given below:

1. Regularized NN (NN-Reg): Achieved almost perfect alignment with validation accuracy (about 99.2%)
and test accuracy (97.6%) for Dataset 1, and a similar behavior for Dataset 2 (99.5% vs. 97.8%). The
consistent proximity to the diagonal over the entire dataset confirms generalization.

2. Voting Classifier (VC): Validation–test accuracies (98.4% vs. 96.9%) on Dataset 1 and (99.1% vs. 97.4%)
on Dataset 2 are tightly coupled, indicating stable ensemble integration.

3. Logistic Regression (LR) and SVM: Both maintained almost 99% validation and around 96% test
for the respective datasets, with a few minor differences. This shows a strong balance between recall
and specificity.

4. Stacking Classifier (SC): Displayed 98.4% validation and 96.1% test accuracy for Dataset 1 and similar
behavior (99.0% vs. 97.1%) for Dataset 2. This illustrates consistent stability in the meta-learner.

5. RF and GB: Validation-test gaps (approximately 2%) indicate slight overfitting. Dataset 2 narrowed this
gap slightly due to richer multimodal representations.

6. XGB: Showed the largest variance (approximately 1.6%–2%) between validation and test across both
data sets whilst remaining within bounds of acceptable generalization.

7. Deep NN: Validation 96.9% and test 94.5% on Dataset 1, with similar values on Dataset 2 (97.5% vs.
95.0%), which indicates slightly more overfitting than the usual with deeper models, although there still
are strong AUC values.

The NN-Reg was still the best in terms of generalization, with VC and LR following closely. The minimal
validation-test gaps in Dataset 2 further confirm that the presence of multimodal data actually improved
the stability of the model, rather than overfitting. The slightly larger variance of the Tree-based models
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produced was more than compensated for by the strong predictive performance. It demonstrates that the
combination of regularization and ensemble techniques provides the strongest and most generalizable ASD
screening framework.

Figure 7: Validation vs. test accuracy comparison for all models on Dataset 1 (behavioral, solid markers) and Dataset
2 (multimodal, hollow markers)

5.6 Feature Importance Analysis
Fig. 8 delineates the key characteristics pinpointed by the tree-based methodologies. In all the models,

be it RF, XGB, or GB, it was A9 and A5 that stood as the leading predictors. A6, A1, A7, and A8 followed
soon after. Such consistency, if taken across the various ensemble techniques, confirms the reliability of these
characteristics for the classification of ASD. The coincidence of these findings with the SHAP analysis also
adds to the interpretability since it establishes that the model is dependent on attributes that are behaviorally
pertinent and clinically relevant, rather than spurious correlations.

5.7 Model Interpretability: SHAP and LIME Analysis
To guarantee clinical reliability and transparency, we executed post hoc interpretability on the best-

performing ensemble model (VC). We explain model predictions globally and locally using SHAP (SHapley
Additive Explanations) and LIME (Local Interpretable Model-agnostic Explanations) methods.

LIME [30] plot in Fig. 9 demonstrates particular characteristics that impacted each classification for
test samples. In this case, features A8 value and A1 value drove classification either positively or negatively
through a threshold for ASD prediction. It exemplifies how features impact a case in a unique manner. In
contrast, SHAP [31] in Fig. 10 endorses a definitive global insight on model behavior. Features that occupy
the highest positions are the most influential and contribute most meaningfully to ASD classification, while
features that occupy the lowest positions are the least influential. A8, A9, A1, A2, and A6 were also consistent
on top predictors within the same classification. Positive SHAP values reflect the prediction of ASD in
probability, while negative values reflect the prediction of ASD excluding probability. The summary plot
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reinforces the direction of impact the features hold; values of A8 and A1 increased the prediction of ASD,
while particular ranges of A9 and A2 diminished the prediction. These methods of interpretability confirm
that the value of the model prediction is clinically relevant and behaviorally grounded. LIME provided local
explanations for a case, and SHAP provided a global view of the contributions of features for the entire
cohort. This cascade of interpretability provided the ASD screening framework with unparalleled credibility
and real-world applicability.

Figure 8: Tree-based model feature importance comparison for RF, XGB, and GB. Feature importance ranking. A9,
A5, A6, and A1 appear consistently as the strongest predictors across all tree-based models

Figure 9: Local interpretability using LIME: (a) Test Sample 3, (b) Test Sample 2, (c) Test Sample 1
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Figure 10: Global interpretability using SHAP: (a) Feature importance ranking by mean absolute SHAP values, (b)
SHAP summary plot showing feature impact direction. The highest SHAP values belong to A9, A5 and A6, confirming
their major role in ASD prediction

Through qualitative insights and analyses, we examined the relative influence of each of Dataset 1’s
behavioral features, specifically utilizing SHAP scores. Attributes A9, A5, A6, A1, and A8 formed the top
rank and, in aggregate, contributed 62%–68% of total model importance. Within this group, A9 and A5
contributed 25%–30% on their own, pointing to these features holding the greatest influence on model
outputs. Their significant contributions were consistent with the screening criteria of ASD, as these featured
attributes delineated the mentioned core problem areas of ASD: social reciprocity, communication, and
repetitive behaviors. Other attributes of lower rank, although contributing, exerted minimal and scattered
influence, consistent with their secondary status in the asd assessment. Dataset 2 demonstrated similar
attributes of global SHAP importance of the images and audio, while maintaining the same secondary
importance of the behavioral indicators contributing to the model’s relevance and consistency with real-
world clinical settings. The model confirmed these behaviors were not irrelevant, as the features examined
were clinically significant and pertinent to the domains of interest.

5.8 Comparison with State-of-the-Art
Table 11 summarizes the comparison between the proposed framework and recent state-of-the-art.

Across both datasets, the Regularized NN (NN-Reg) achieved the highest accuracy (i.e., 97.60%) and
balanced precision, recall, and F1-score (i.e., 97.10%). The VC followed with 96.90% accuracy and 94.30%
F1-score, while LR achieved perfect recall (i.e., 100.00%), confirming its reliability for clinical screening.
Compared to [32], the proposed model improved accuracy by 10% (i.e., 96.90% vs. 86.28%) and the F1-score
by approximately 8%. similarly for [33], the RF achieved 21.50% higher accuracy (i.e., 94.50% vs. 73.00%) and
a 15.70% higher F1-score (i.e., 89.60% vs. 73.90%). When compared with [34], the Stacking Classifier scored
1.50%–2.00% more across metrics. It confirms that the proposed framework consistently surpasses existing
models using multiple datasets and experimental conditions. There are three major design factors that
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contribute to this: (i) correlation-based redundancy removal and ANOVA F-test feature ranking to ensure
only generalizable predictors; (ii) strict data leakage control by applying SMOTE exclusively to training
data; and (iii) the use of NN regularization techniques—dropout, batch normalization and early stopping—
to stabilize learning. The performance values reflect generalization rather than overfitting. The results also
verify that the ensemble–deep hybrid architecture outperformed existing methods with transparency and
scalability for clinical applications.

Table 11: Model performance comparison with state-of-the-art studies (Average of Class 0 and Class 1)

Reference Metric RF XGB GB SVM LR Stacking Voting NNs

This
Study Accuracy 94.50 93.70 94.50 96.10 96.10 96.10 96.90

97.60
(NN-
Reg)

Precision 90.90 82.50 84.60 91.40 87.20 93.90 91.70
97.10
(NN-
Reg)

Recall 88.20 97.10 97.10 94.10 100.00 91.20 97.10
97.10
(NN-
Reg)

F1-Score 89.60 89.20 90.40 92.80 93.20 92.50 94.30
97.10
(NN-
Reg)

[19] Accuracy 94.26 99.63 99.84 98.74 98.58 95.64 – 95.64
Precision 93.87 99.78 100.00 98.92 98.73 96.74 – 96.74

Recall 98.62 99.35 99.78 99.34 99.35 97.33 – 97.33
F1-Score 96.17 99.74 99.89 99.13 99.03 97.03 – 97.03

[34] Accuracy 90.70 – 89.44 88.40 – 95.37 – –
Precision 90.00 – 88.00 90.20 – 95.20 – –

Recall 90.70 – 89.40 88.40 – 95.40 – –
F1-Score 88.80 – 88.30 89.10 – 95.30 – –

[32] Accuracy 75.57 83.84 – – – 86.28 – –
Precision 78.20 84.48 – – – 86.76 – –

Recall 68.15 81.85 – – – 84.07 – –
F1-Score 75.54 82.77 – – – 85.28 – –

[33] Accuracy 73.00 – 72.20 67.40 73.00 – – –
Precision 73.90 – 73.70 82.90 82.30 – – –

Recall 76.60 – 76.10 81.00 81.50 – – –
F1-Score 74.50 – 74.40 76.30 77.60 – – –

Jeon et al. [19] reported high metrics (e.g., AUC > 0.99) after filtering their dataset to 634 selected cases.
Whereas our framework used the full dataset with 1,985 behavioral instances and an additional multimodal
dataset. Consequently, while absolute values were modestly lower, they reflect more realistic, reproducible,
and clinically generalizable outcomes. In contrast to state-of-the-art narrow-scope evaluation, our results on
Dataset 2 validate the scalability of the proposed approach with NN-Reg and VC, achieving consistent or



Comput Model Eng Sci. 2026;146(1):41 29

slightly higher metrics (i.e., AUC > 0.999). It shows that our framework generalizes better for diverse feature
modalities, bridging behavioral and physiological inputs for ASD screening.

5.9 Discussion
In this study, we explored how common behavioral and demographic signs, when used with machine

learning and deep learning methods, can help in building an automatic tool for early ASD detection.
Traditional assessments mostly depend on manual scoring or the opinion of specialists, which sometimes
leads to delays or variation in results. Our approach combines ensemble and deep models so the system can
make decisions automatically and explain them more clearly through SHAP and LIME. The key features
in dataset 1, such as A9, A5, and A6, were consistently ranked as the most influential. It increases clinician
trust and aids in translating findings to actionable diagnostic guidance. Therefore, the proposed framework
is a pre-screening tool to assist early identification rather than replacing formal diagnostic evaluation.
However, there are still several limitations. For example, Dataset 1 contains only behavioral and demographic
indicators that may restrict generalization to certain populations. Whereas, Dataset 2 (multimodal) partially
addresses this concern by using diverse modalities (e.g., image, audio, and physiological data), which
enhances robustness. Nevertheless, further validation on larger and cross-regional cohorts is required to
confirm scalability.

Therefore, we suggest potential researchers focus on including EEG, MRI, and genetic modalities to
provide a unified multimodal diagnostic ecosystem. The used models achieved high accuracy; however,
the ultimate goal is to support clinicians with an interpretable and resource-efficient screening tool that
complements existing medical practices. Thus, the proposed framework contributes to both performance
advancement and interpretability, offering a reproducible step toward explainable AI in healthcare. Such
feature-level explanations can support diagnostic reasoning by validating or complementing clinician judg-
ment. In addition, this model validation study lacks clinical or medical validation. Although the proposed
framework obtained a high level of accuracy on the various behavioral and multimodal datasets, the resulting
diagnoses were neither matched to, nor compared with, the results of licensed clinical professionals nor with
standard, widely accepted measures of diagnosis, such as the ADOS or ADI-R. Such validation is required
to assess the clinical affirmations and ascertain the correlations of model predictions with the clinical
predictions. Future studies should include an assessment of closed case clinical evaluations by experts, or
concurrent clinical evaluations, to substantiate the operational diagnostic potential of the framework within
real healthcare systems.

5.10 Ablation Study
To support our claim, we also performed an ablation study. It was conducted to evaluate the contribution

of each part of the proposed framework to overall performance. We performed this on the same two
datasets, starting with a baseline model. In the first case, we did not use any feature selection, resampling, or
regularization techniques. After that, we added one component at a time to measure the effect on accuracy
and F1-score. This helped identify the specific impact of each case, including feature selection, data balancing,
ensemble learning, regularization, and multimodal input.

Table 12 summarizes that each case helped in improving the model’s performance. The ANOVA F-test
enhanced the accuracy on Dataset 1 by approximately 3.4% by removing unnecessary features. The SMOTE
usage on the training data improved the model’s ability to detect ASD-positive cases, increasing the F1-score
by 2%. The ensemble fusion methods, such as voting and stacking, provided the most significant single-
step improvement. The accuracy rose by 1.7%, showing the value of combining multiple learners. Neural
regularization techniques (including dropout, batch normalization, and early stopping) made the model
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more stable. These steps reduced overfitting and enhanced the accuracy on Dataset 1 to 97.6%. The final
step used multimodal integration in Dataset 2. We combined images, audio, and physiological signals that
resulted in 98.2% accuracy. It augments our idea of using different data sources for better generalization.
Thus, it can be concluded that each case added clear value and produced a well-balanced model.

Table 12: Ablation study results on Dataset 1 and Dataset 2

Configuration Dataset 1 (Behavioral) Dataset 2 (Multimodal)

Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%)
Baseline (no feature

selection, no
resampling)

89.40 88.50 90.10 89.40

+ Feature Selection
(ANOVA F-test) 92.80 91.70 93.10 92.30

+ SMOTE (training
set only) 94.60 93.90 95.20 94.70

+ Ensemble Fusion
(Voting + Stacking) 96.30 95.20 97.00 96.40

+ NN Regularization
(dropout, BN, early

stopping)
97.60 97.10 97.80 97.20

+Multimodal
Integration (image,

audio, physiological)
– – 98.20 97.80

6 Conclusions and Future Directions
This study proposed an automated framework for the identification of Autism Spectrum Disorder

(ASD) based on ensemble learning. It combined multiple classifiers to enhance prediction reliability,
interpretability and generalization. A complete preprocessing pipeline was designed, which included
missing-value imputation, correlation-based feature filtering, ANOVA F-test feature selection, and feature
scaling. The conditional SMOTE was applied only to the training set to prevent leakage in modelling.
The research revealed that an ensemble approach was more stable and generalisable than a single model.
Models of neural networks with regularization showed strong generalization, and the use of ensemble
methods, Voting and Stacking, maintained robustness and sustained the sensitivity–specificity trade-off.
Logistic Regression is reliable in identifying ASD-positive cases and thus benefits clinical sensitivity. The
use of explainability revealed that the study mainly relied on meaningful behavioral and clinical attributes,
confirming the medically relevant nature of predictions. The proposed framework actively aids in enhancing
the scalability and interpretability of ASD screening by partially automating the assessment process, thereby
reducing reliance on subjective clinical evaluation. In addition, the multimodal data confirmed the proposed
framework’s scalability and flexibility across diverse input domains. Therefore, the framework exhibits strong
reliability and easy interpretation and can be used on a broader range of datasets in the future, including
those with multimodal signals such as EEG, MRI, and genetic datasets. In the future, the use of transformers
and attention may further improve the learning of representations and the extraction of features. Another
direction with significant potential for the ASD detection system is federated learning, which will enable the
training of models across healthcare institutions while preserving the privacy of sensitive data.
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