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consuming and subject to human bias. The challenge encourages the
development of innovative, data-driven methods to facilitate early and

Keywords accurate identification of ASD. The research proposes a Multi-Model
Autism Spectrum Disorder (ASD), Ensemble Approach Using Deep and traditional learning for ASD
classification, ensemble learning, classification (MME-ASD) model. The MME-ASD model encompasses
deep learning, machine learning, three traditional machine learning (ML) and two deep learning (DL)
weighted majority voting. algorithms that perform according to a weighted majority voting

strategy. The five learning paradigms are Random Forest (RF), Decision
Tree (DT), Neural Networks (NN), Convolutional Neural Networks
(CNN), and Deep Recurrent Neural Networks (DRNN), which are
utilized to enhance classification accuracy and generalization. An
ensemble evaluation method is proposed to complete this study and
assess the efficiency of the proposed MME-ASD model. The MME-ASD
model acquires complementary properties by using numeric and
textual data from a publicly available dataset of ASD, which includes
information on 704 adults, both with and without a diagnosis. Initially,
during the evaluation phase, the performance of the standalone
traditional ML and DL algorithms was assessed across several train-test
ratios. Subsequently, the proposed MME-ASD ensemble was evaluated
with a 60-40 split to ensure compatibility with the baseline models.
Finally, a 3-fold cross-validation experiment was conducted to assess
the robustness and generalization of the proposed MME-ASD model.
The experimental outcomes reveal that the MME-ASD model
outperforms individual learners for both cross-validation and train-
test assessments. It records evaluation metrics of accuracy 99.57%,
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precision 99.48%, and recall 98.94% across the 3-fold cross-validation
experiments. The findings verify that incorporating deep and
traditional learning models in an ensemble framework can significantly
enhance the classification of ASD, offering a dependable and scalable
computational model to aid clinical specialists in the initial diagnosis of
ASD.

1. Introduction

Autism spectrum disorder, often known as ASD, is a neurodevelopmental condition in which a person's
relationships and communication with other people are impaired throughout the remainder of their life. Autism
is considered a "behavioral disorder” even though it may be diagnosed at any age [1]. Autism symptoms often
appear during the first two years of a person's life. ASD makes it difficult for a person to utilize their linguistic,
communicative, cognitive, and social abilities. Recent research, such as [2], in the field of behavioral sciences has
explored the potential of utilizing intelligent computer technologies based on Machine Learning (ML) to reduce
the time required for testing or enhance diagnostic sensitivity, specificity, and accuracy.

In recent years, ASD has been explored by social and computational information scientists, making use of
cutting-edge technologies such as Deep Learning (DL) and ML [3]. Their goal is to improve the diagnostic
timeliness, accuracy, and efficiency of the test. The field of study known as ML employs ingenious methods to
uncover hidden, valuable patterns, which may then be used to improve decision-making processes [4]. The
performance of instruments may be improved with the assistance of ML, enhancing their adaptability to new data
and reducing the algorithm's need for fewer lines of code. Moreover, the identification of objective biomarkers
that may aid in the diagnosis and treatment of brain-based diseases such as ASD is the major purpose of research
conducted in the field of psychiatric neuroimaging [5]. The use of data-intensive ML techniques to examine the
replicability of brain activity patterns across newer and more precise datasets is an exciting new development.

The degree of social, communication, and sensorimotor deficiencies may vary widely among people who have
ASD, which is linked with a spectrum of phenotypes [6]. Diagnostic tools for ASD look at a person's typical social
behaviors as well as their linguistic abilities. However, research in the field of neuroscience may assist in bridging
the gap between an accurate mapping of the complexity of the spectrum of behavioral changes associated with
autism and their brain patterns [7].

Studies using non-invasive imaging techniques of the brain have led to advances in our understanding of the
neural bases of brain-based disorders and the behaviors associated with them. One such disorder is ASD, which is
characterized by deficits in social interaction and communication [8]. Rapid advancements in DL have enabled the
integration of various types of data, including data with multiple modalities [9]. DL has been shown to be useful
in the treatment of medical issues in a number of recent studies [10]. For instance, a fusion of latent feature
representations that were generated from MRI and PET data has been used as a diagnostic tool for Alzheimer's
disease [11], [12]. Learning difficult patterns, such as functional connectivity, is a strong suit of DL, suggesting that
the technique might be useful for diagnostic purposes [13].

ASD is defined by pervasive difficulties in social communication and interaction, in addition to confined and
repetitive patterns of behavior, interests, or activities. It is currently unclear what causes ASD, but some
researchers have a hypothesis that the structure of the brain carries information that is important to the disorder
[14]. The data include volumetric measurements and the structure of the cerebellar vermis [15], regional
thicknesses taken using surface-based morphometry [16], the volumes of gray and white matter maps [17],
volumetric and geometric properties extracted from chosen cortical sites, and morphometric features of selected
areas of interest [18]. A few studies have revealed accuracy that is relatively high, ranging from 76% to 90%. These
investigations, on the other hand, included performance evaluations of classifiers on small datasets, typically
comprising fewer than 50 people [19]. Furthermore, the existing corpus of research has not yet yielded the
development of reliable algorithms or demonstrated out-of-sample performance.

In recent years, there have been studies that have investigated the screening of ASD based on ML and clinical
diagnostic criteria. Thabtah et al. [20] introduced a screening model for ASD based on ML adaptation and DSM-5.
Their study focused on the classification of ASD using ML, and the pros and cons were discussed. The authors also
highlighted a common issue that has plagued past screening tools, namely that there may be inconsistencies with
screening tools that use the DSM-1V criteria instead of the newer DSM-5 guidelines. A different study [21] used
classification methods for the detection of ASD. The main aim was to identify ASD and distinguish its severity
levels. This approach proposed a Neural Network (NN) to combine fuzzy techniques and Support Vector Machine
(SVM) for studying students' behaviors and social interactions, through the WEKA tool.

The authors of [22] presented an optimal behavioral feature set approach for detecting autism in a separate
work. It is a study that features 21 features from an ASD diagnostic data set from the University of California,
Irvine (UCI) Machine Learning Repository. A binary firefly feature selection wrapper was used to select the most
informative features from the swarm intelligence. The hypothesis was tested to determine whether the
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classification accuracy of an ML model would still hold true for a small subset of features. The results indicated
that 10 of the 21 features could be used to differentiate ASD cases from non-ASD cases, while 11 were not very
useful. The proposed method was tested on the proposed dataset, achieving an accuracy of 92.12%-97.95%,
comparable to that obtained with the full dataset.

A minimal set of behavioral features to aid in the diagnosis of autism was explored by Kosmicki et al. [23]. The
authors used machine learning methods in the analysis of clinical evaluations of ASD in their study. Selected
behavioral indicators were explored in children with autism-like characteristics using the Autism Diagnostic
Observation Schedule (ADOS), which is comprised of four modules of the instrument. Eight different ML methods
were tested, and the score-sheet data of 4,540 people were collected. The results revealed that 9 out of 28
behaviors in Module 2 and 12 out of 28 behaviors in Module 3 were sufficient to predict the risk of ASD with
98.27% and 97.66% accuracy, respectively.

Luongo et al. [24] used imitation learning with the help of ML classifiers for the identification of individuals
with autism. The research objective was to investigate the issues related to discriminative testing conditions and
kinematic characteristics. The sample consisted of 16 people with Autism Spectrum Condition (ASC) who
participated in various hand movement activities. The researchers examined 40 kinematic features for eight
imitation conditions using ML techniques. The results showed that ML methods can be valuable tools for
processing high-dimensional movement data and for autism diagnosis with a small number of samples. The other
thing is that the RIPPER classifier obtained different sensitivity rates with the AQ-Adolescent dataset: 87.30%
with Va, 80.95% with CHI, 80.95% with IG, 84.13% with correlation-based selection, 84.13% with CFS, and
80.00% without feature selection.

The use of ML, DL, and ensemble models based on various sources of data, including EEG, MR], facial images,
health records, and behavioral screening data, has become a growing trend in recent studies on the classification
of ASD between 2023 and 2025. There are still some unmet needs, however. First, most studies have been on a
specific model type and/or a single data modality, limiting generalization. Second, many ensemble learning
studies aggregate classifiers that are similar in nature but do not explicitly state what each learner does. Third, a
few studies have focused on incorporating traditional ML and DL learners in a single weighted voting pipeline for
structured ASD screening data, using the validation method. This study addresses this gap by proposing MME-
ASD, which combines the RF, DT, NN, CNN, and DRNN by weighted majority voting based on the validation process
and testing the model by train-test split and 3-fold cross-validation.

Although ensemble learning and weighted voting are already proven techniques, this is not an assertion of a
new voting theory. Instead, the novelty is that the specific embedding of the various traditional ML and DL
learners: RF, DT, NN, CNN, and DRNN is combined into a single ASD screening model by applying the validation-
based weighted majority voting. This combination aims to leverage complementary learning behaviors in
structured ASD screening data, where tree-based models capture rule-based feature interactions and neural
models capture nonlinear, complex patterns. Hence, the primary contribution of this work is the pragmatic
ensemble design, comparative assessment, and validation of this heterogeneous classification of the ASD model.

This paper primarily focuses on determining the most appropriate form of Al to use when dealing with ASD.
Five traditional and deep ML algorithms were chosen for testing on the Autistic Screening Adult Dataset: RF, DT,
NN, DRNN, and CNN. Moreover, the paper proposed a new Multi-Model Ensemble Approach for ASD classification
(MME-ASD), which combines the five traditional and DL algorithms as a suggested ensemble architecture via
weighted majority voting. Three diverse experiments were conducted on the ASD dataset: the first uses traditional
standalone and deep ML algorithms with different train-split ratios. The second evaluates the proposed MME-ASD
ensemble with a 60-40 split to ensure compatibility with the baseline models. Finally, a 3-fold cross-validation
experiment was applied to reflect the robustness and generalization ability of the proposed ensemble. All
conducted experiments are evaluated using a well-known evaluation system of measurement, namely accuracy,
recall, precision, and F1-score, with an additional error rate metric used in the first experiment to reflect the error
rate between the baseline traditional and DL algorithms and the proposed model.

MME-ASD is a novel methodology in three ways. First, it has a heterogeneous ensemble structure, which uses
shallow ensemble tree-based learners, a standard NN, and deep neural architectures in one pipeline for ASD
screening. Second, the model adopts the approach of validation-based weighting, that is, the amount of
contribution that a learner makes is based on his or her validation performance, not the equal weight of the voter.
Third, the framework applies both standalone learners and the final ensemble across different train-test splits
and 3-fold cross-validation to assess the stability, robustness, and generalization of the proposed model. So the
novelty does not reside just in the voting mechanism but in the all-in-one weighting and validation process
specifically developed for the classification of ASD.

2. Methodology

In developing the MME-ASD model, we employ an ensemble evaluation methodology that organizes the work into
several phases: data preparation, data preprocessing, data splitting, ML and DL modeling, initial evaluation,
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ensemble, prediction, and final evaluation, as shown in Figure 1. These phases ensure that all processes are carried
out correctly. If something goes wrong during one of these phases, that phase can be repeated without affecting
the current phases, ensuring the SAD prediction requirement is met.

The development methodology of MME-ASD begins with a thorough data preparation and data preprocessing
phase to guarantee that the input data set is clean, consistent, and appropriate for multi-model learning. Data
Preparation comprises the collection of features related to ASD, formatting the data, and dividing the input
variables from the class label of ASD. The missing values were imputed using the mean for numerical values and
the mode for categorical values. Label Encoding was used to encode binary categorical attributes (gender,
jaundice, autism history, previous app usage) while One-Hot Encoding was applied to multi-class categorical
attributes (ethnicity, country of residence, relation). Min-Max scaling was used to normalize the numerical
attributes, such as age and screening score, between 0 and 1. The class distribution was analyzed beforehand and
was found adequate, and no oversampling or under-sampling technique was employed. Imputation values,
encoding mappings, and scaling parameters were fitted from the training data or training fold, and then applied
to testing or validation data during train-test and cross-validation experiments, respectively. This pre-processing
pipeline ensured uniform input quality across all models in the ensemble and enhanced prediction reliability and
generalizability.

The second step is data splitting and modeling, which consists of splitting the processed dataset into separate
training, validation and testing sets- usually based on 30:70 to 70:30. Individual ML and DL models, namely
Random Forest (RF), Decision Tree (DT), Neural Networks (NN), Convolutional Neural Networks (CNN), and Deep
Recurrent Neural Networks (DRNN), are developed with the use of the training subset. Both models are trained
on separate data, focusing on unique representations. The ML models are trained on the relationship between
tabular features, whereas the DL models learn more complex nonlinear and sequential patterns. Following
training, the validation set is initially evaluated using performance metrics such as accuracy, F1-score, recall, and
AUC to assess the performance of different model types.

The last step will be to compile, forecast, and conclude the analysis. In the ensemble process, the results of the
five base models are fused using weighted majority voting, with each model contributing according to its
validation performance. This incorporation makes it stronger because the strengths of the other mitigate the
weaknesses of one model. The ensemble then makes predictions on unknown test data, generating the final ASD
classification outcomes. The last evaluation step is a quantitative comparison of the ensemble’s performance with
that of individual models, and the conclusion is that the MME-ASD framework has better predictive capability,
reliability, and stability in detecting ASD.

Load and Prapaer
Autism Spectrum Disorder (ASD)
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Fig. 1 The overall process of the ensemble evaluation methodology
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2.1 Dataset

The Autism Screening Adult (ASA) dataset used in this study was from the University of California, Irvine (UCI)
ML Repository. It is a classification and prediction dataset produced by Fadi Fayez Thabtah [26] as part of a project
taking place at Manukau Institute of Technology. The dataset was submitted to UCI on 24 December 2017 and had
a high degree of online access via the UCI platform. There are 704 adult records and 21 attributes in the ASA
dataset. These attributes encompass demographic, behavioral, and screening-related. Specifically, the data
includes ten items from an Autism-Spectrum Quotient (AQ) screening, age, gender, ethnicity, history of jaundice,
autism in family, country of residence, use of screening application previously, screening score, age description,
familial relationship, and the final ASD class label. Hence, in this study, 704 samples of 21 attributes are used. To
ensure consistency, the previously mentioned value of 1100 instances was removed [26].

ASA is a structured medical and behavioral dataset intended to facilitate the diagnosis of autism in adults
using demographic, medical, and behavioral signs. It has 11 attributes, which are a mixture of categorical and
numerical features, describing the background of each individual and their results during the test. The patient
sample is between 17 and 64 years old, which is a broad range of adults that can be applied to ASD screening. It
also considers gender (Male or Female) and ethnicity, encompassing the vast number of various racial groups into
White-European, South Asian, Hispanic, Asian, Middle Eastern, and others. This variance has been useful in
ensuring that predictive models built on this dataset can be applied across diverse demographic profiles.

Clinical and behavioral indicators linked to ASD are also incorporated in the dataset. The Jaundice attribute
captures the presence or absence of a yellowing of the skin or the eyes- an early-life medical disorder that is
occasionally investigated as a developmental relationship. The Autism attribute indicates whether the individual
has been diagnosed with ASD in the past, which is a powerful reference attribute for classifying their health
condition. Also, the Usedappbefore field will include information about the patient who previously used the ASD
screening application, indicating that she has been exposed to diagnostic instruments earlier. The result attribute
is a numerical value ranging from 0 to 10 and is usually based on self-assessment responses that measure
behavioral and cognitive characteristics of autism.

Other characteristics are Relation, specifying who took the test (self, a medical worker, a relative), which
provides context for the reliability of the answers. The Agedesc field is a nominal indicator that the respondents
are aged 18 years or older, which aligns with adult screening standards. The last characteristic is the target
variable, ClassASD, which indicates whether the person is diagnosed with ASD (Yes/No) based on measures of
analytical and functional connectivity. All in all, this data is an excellent mix of personal, social, and behavioral
variables that can be used to train and test ML and DL models to identify ASD with high accuracy.

2.2 Algorithms

The combination of five algorithms in the MME-ASD model, including DT, RF, NN, CNN, and DRNN, is based on the
idea of uniting the complementary learning properties to reach efficient and accurate ASD detection. All of the
algorithms have their own analytical advantages, which, when combined via ensemble, improve the overall
performance of the system and generalization. Conventional ML models such as DT and RF are highly
interpretable and can be used to analyze structured tabular data, identify nonlinear relationships and interactions
between features without a lot of parameter optimization. The DT has easy-to-understand rule-based decision
boundaries, whereas the RF, being a collection of many trees, minimizes overfitting and increases predictive
stability.

Conversely, the ASD screening dataset is tabular, but CNN and DRNN were used to investigate if DL models
could detect higher-order relationships between screening items and demographic variables. The CNN was not
employed for image-based spatial learning, but rather the tabular feature vector was fed into one dimension as an
input sequence, enabling the convolutional filters to learn local interactions between neighboring encoded
features. The DRNN was also not designed to accurately simulate a real sequence of signals over time, but rather
to determine if there's a dependency structure between successive responses in a screened sequence. This
drawback, however, has been recognised and in some cases, CNN and DRNN may not be theoretically optimal for
tabular datasets where there is no natural spatial or temporal structure. Thus, their inclusion is warranted
empirically by comparing with the traditional ML models and the final MME-ASD ensemb]e.

The MME-ASD model has the advantage of having the diversity and complementarity of ML and DL paradigms.
The ensemble method mitigates the flaws of individual learning algorithms, such as overfitting in DTs, parameter
sensitivity in NNs, and constrained memory in CNNs, while inheriting the strengths of the others. Such a multi-
model design will be used to ensure that the dynamic and static components of ASD-related features are well
represented, resulting in a more accurate, stable, and generalizable diagnostic model for autism detection in
adults.
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2.2.1 Random Forest

Random Forest (RF) is an ensemble classification method, a supervised classification method that constructs an
ensemble of independent DTs. Randomly selected samples and features are used to create each tree, and all the
trees have a similar distribution. The final prediction is a combination of the individual tree's predictions. RF also
takes into account the interactions between variables and uses the best split at each node to enhance classification
accuracy [27]. ARF classifier is an aggregator of a family of classifiers called h(x | 8,), h(x | 8,), ... h(x | 6;), where
kis the number of trees that have been selected at random from a model vector, and h is a classification tree, which
means each 6, has been selected at random from the vector of parameters. The algorithms for each tree will
function in the same manner as those for conventional DTs, with the data being partitioned according to the value
of the feature. When the results are aggregated in the manner given in Equation 1, the final output may be
produced:

SG) = Z wic () 0

2.2.2 Decision Tree

Decision trees (DT)s are utilized for a variety of applications, including machine learning, image analysis, and
pattern recognition, because they are effective for classification and decision-making. A DT is a collection of nodes
connected together and arranged in a rooted tree where the top node is called the “root” and has no incoming
edges. The mathematical model of the DT is shown below in Equation 2.

(6, y) = (x1,x2%3,...x,Y) (2)

A DT may take the form of a leaf node with a class label or a test node with two or more children of a subtree.
The test node will test the instance and lead the instance to a subtree for each possible outcome, depending on the
attribute values. The classification process starts from the root node down to the other tree nodes. If the root is a
test node, then the next subtree to be followed is determined by the outcome of the test. This continues until the
leaf node is reached, in which case the leaf label is the prediction of the class of the instance.

The divide and conquer approach is a typical method for building DTs. If all the instances in a dataset are of
the same class, the tree will turn into the leaf with the same class label. If not, an appropriate test is chosen which
has the ability to give different results for at least two occasions. The data is then split based upon these results
and the same process is repeated in each split.

Geometrically, a collection of x attributes is an x-dimensional feature space, and each instance is a point in this
space. If we divide the instances based on the result of the test, it is the same as setting a decision boundary in this
space. In many DT systems, there are tests where only one attribute, A, is used. For example, A = c could be tested
for a nominal attribute, and x = t could be tested for a numerical attribute. These single-attribute tests create
hyperplanes that are orthogonal to the attribute being tested. So, DTs using just one attribute test partition the
feature space into hyperrectangular regions and each hyperrectangular region is linked to a class [28].

2.2.3 Neural Network

Neural networks (NN) are a type of computational model that is inspired by how the human brain learns and
processes information. They are artificial units that are interconnected, and sometimes referred to as “neurons”
or “parameters,” which enable the model to learn patterns and adapt itself to new inputs. Every nerve cell has a
single input, processes a function and generates an output. This output is then given as input to neurons in the
next layer for further processing. This is repeated layer by layer until the information comes to the last layer,
which generates the prediction or decision of the model.

An alternative way to view a NN is as a single, large function that takes inputs and produces an output. The
intermediary processes performed by the multiple layers of neurons are typically unseen and happily automated.
The mathematics behind them is both fascinating and intricate, and it merits more examination [29-31]. A
nonlinear neuron is shown in Equation 3:

0=f(u)=f(2ni=lwix,-)+b=f(WTx+b) (3)
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2.2.4 Deep Recurrent Neural Networks

Deep Recurrent Neural Networks (DRNN) is based on the notion that a deep, hierarchical model may represent
certain functions exponentially more effectively than a shallow one. Recent theoretical findings support this
assumption. For instance, it demonstrated that a deep sum-product network may require exponentially fewer
units than a shallow one to describe the same function. In addition, an abundance of empirical evidence supports
this concept [32-34]. We assume that the same rationale should apply to RNN based on these results, as shown in
Figure 2.

Ty r@ h,
Input ,Ah‘_\ hA > Output
‘eatures 2 \Zj U P
z :é > h,

@ Result

Fig. 2 DRNN architecture

According to Hermans and Schrauwen [35], DRNN, a form of RNN with several stacked hidden layers, is shown
to naturally adopt a temporal hierarchy, with higher layers capturing interpretations aggregated over longer
spans of text, while lower layers capture only short-term interactions between words. According to earlier studies,
such hierarchies, when applied to sentences in natural languages, have the potential to better represent the multi-
scale language effects characteristic of natural languages. As a result of the recent achievements of deep
architectures in general and DRNN in particular, we investigate the possibility of using deep bidirectional RNNs,
referred to as deep RNNs from here on, for the task of opinion expression extraction. We demonstrate that such
models outperform traditional shallow (uni- and bidirectional) RNNs and earlier CRF-based state-of-the-art
baselines, including the semiCRF model, in detecting DSE and ESE. This is the case for both types of errors.

2.2.5 Convolutional Neural Networks

A CNN is a type of NN with one or more Convolutional Layers. Other layers, such as nonlinear activation layers,
pooling layers, and fully connected layers, can be added to create a deeper CNN architecture. While there are
plenty of situations where CNNs are useful, there are also extra aspects to keep in mind during training. CNN
convolutional filters are trained using backpropagation, with different structures depending on the specific task
to be solved. In the case of face recognition, for instance, one filter might be trained to recognize edges, and the
other might be trained to recognize patterns associated with eyes. Such filters are not manually created; instead,
their values are learned during training [36].

Mathematically, a convolution is a function that is produced from two given functions via the process of
integration. It illustrates how the shape of the second function influences the form of the first. The following is the
convolution formula:

Fr® £ | f@gle-odr 4)

In the convolutional layer, several filters are applied to the input data. This is done by taking the dot product
of each filter element with each value from the input receptive field and then adding the sum of the results. The
weighted sum is then used as part of the representation used for the next layer. There are three parameters that
are most important for each convolution operation: Stride, Filter size, and Zero padding. The stride is the number
of positions the filter is stepped per iteration. For instance, if stride=1, then the filter advances one step at a time
prior to computing the value of the next output. The size of the filter (also known as the receptive field) should be
the same for all filters in the same convolution. To size the original input matrix, zero padding is used to add rows
and columns around the original input matrix [37].

The CNN architecture used in this work is shown in Figure 3. To prevent overfitting, our model consists of
several layers that are each separated from the next by a dropout layer. These layers include a MaxPooling layer,
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a Flatten layer, two convolutional layers, and a Dropout layer. It is important to note that we used two
convolutional layers that were separated by a dropout layer. This design has been proven to be enough and
sufficient to provide the greatest results with nearly no overfitting difficulties, as will be shown and explained in
the part devoted to the findings.

Conv2D  MaxPooling Dropout Dropout Dense =~ Output:
Input — —> — —> —» Flatten — — 1= YES
(126,3.3) (222) (0.25) (0,25) (64,RELU) =ile

Fig. 3 CNN architecture

2.3 The MME-ASD Model

Ensemble learning is an appealing and powerful ML paradigm that fuses the predictions of several base learners
to enhance the overall performance, generalization, and robustness. In contrast to relying on a single base learner,
the ensemble architecture aggregates homogenous or heterogeneous learners, such as DT and NN, to capture
comparable data instances. Such an approach minimizes variance and bias and often outperforms individual base
learners across domains such as medical [38] and cybersecurity [39].

This work proposed a Multi-Model Ensemble for ASD Classification (MME-ASD) model. The MME-ASD is an
ensemble model that combines the strengths of DL and traditional ML to achieve robust, precise predictions on
the ASD dataset. As demonstrated in Figure 3, the current study comprises three main branches: traditional ML
models, including RF, DT, and NN. The DL models, namely DRNN and CNN, and the proposed MME-ASD ensemble.
For each branch, the models are trained independently on benchmark preprocessed ASD datasets to learn the
dataset patterns. However, for the MME-ASD ensemble, models will produce a prediction probability, which in
turn is fused through a Weighted Majority Voting (WMV).

WMV is a combination strategy that assigns the best weights to each model based on its evaluation metrics.
This method reflects a hybrid ensemble strategy that enhances generalization, mitigates model bias, and
guarantees elegant performance across diverse ASD data patterns. WMV is one of the most effective ensemble
combination strategies, in which each model’s output contributes to the final decision based on its binding
reliability or weight. Hence, the final prediction is determined by adding the weighted votes of all learners, and
the winning class is the one that records the highest score [40].

The mathematical model of the MME-ASD consists of five base models k € {RF, DT, NN, CNN, D RNN} that
output a class label hy(x) € {0, 1} with a probability py(x) € [0,1]. The model processes x sample and produces the
v € {0, 1} label. Within the process, it assigns non-negative weights wy in which it results in a normalized Y}, wy-
1.

The predicted output of each k model is evaluated according to the WMV calculated score using:

S(x) = Z Wi e (%) (5)
k

The decision of a prediction run cycle by the five algorithms is made based on Equation 6.

900 = [sm =53 wk] ©)
k

Where the normalized weights, threshold is 0.5.

A validation-based practical weight setting assigns a voting weight to each model in the ensemble process,
based on equation 7, which is proportional to the model's performance on a validation dataset. Once all the base
models k € {RF, DT, NN, CNN, DRNN} are trained, their performance is checked with the help of an adopted
performance measure like F1-score or accuracy. The products of the resultant values are then scaled to ensure
that all weights are equal, so that stronger models would produce a greater contribution to the final decision in
the ensemble as compared to weaker ones. This weighted approach to data helps make the ensemble more reliable
and avoids cases where one model dominates the prediction.

metric . . . .
Wy==——%, metricy € evaluation metric of Section 2.4 (7)
Xjmetricj
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The following algorithm shows the complete processing steps of the proposed MME-ASD model. The MME-
ASD algorithm consists of three major stages during the ensemble cycle. Every base learner k €
(RF, DT, NN, CNN, DRNN) is trained on the training data individually and therefore captures various base learning
patterns. Their validation performance is assessed using a reliability measure, F1-score, or accuracy, and those
scores are normalized to weights wk, which assign each model a contribution to the final ensemble decision.
During the Inference stage, a new sample x is provided, and each trained model gives a binary vote or probability
output, a weighted sum S(x) = X, wy hy is calculated. The ensemble defines the sample as ASD when S(x) is
larger than some fixed parameter 7 = 0.5 )} k w k, which means that stronger models have a higher impact and
weaker ones a smaller one. Lastly, at the management-per-stage level, the training time of an ensemble equals the
sum of the training times of the five models, and the inference time increases linearly with the number of models,
O(IM]), even in the presence of multi-model aggregation.

Algorithm: MME-ASD

Input: Preprocessed ASD dataset D, base learners M = {RF, DT, NN, CNN, DRNN}, threshold t = 0.5
Output: Final ASD class prediction y

1. Split D into training set Dtrain and testing set Dtest.
2. Split Dtrain into training subset Dtr and validation subset Dval.
3. For each model min M do:
3.1 Train m using Dtr.
3.2 Predict validation labels using Dval.
3.3 Compute validation performance score Sm.
4. Normalize model weights using:
wm =Sm / ZSm
5. Retrain each model m using the full Dtrain.
6. For each test sample x in Dtest do:
6.1 Obtain prediction pm(x) from each model m.
6.2 Compute weighted voting score:
V(x) =X wm pm(x)
6.3 If V(x) 2 T, assign y = ASD.
6.4 Otherwise, assign y = Non-ASD.
7. Evaluate final predictions using accuracy, precision, recall, and F1-score.

2.4 Evaluation Metrics

The performance of the chosen classification algorithms used in the experiments is measured and compared using
three evaluation metrics: error, accuracy, precision, and recall [8].
e Accuracy. The percentage of properly classified samples out of the total number of samples is called
accuracy. The formula for calculating the accuracy is shown in Equation 8.

(TP + TN)
(TP + TN + FP + FN)

(8)

Accuracy =

e Precision. Precision is defined as the percentage of correctly anticipated and computed samples, as
shown in Equation 9.

(TP)

Precision = TV 9

e Recall. True positive (TP) rate refers to the number of positive tuples that are correctly recognized
when using recall or sensitivity. The formula for calculating the recall is shown in Equation 10.

R Il = (TP 10
ccal = FE T N (10)

o) UTH M Penerbit




J. of Soft Computing and Data Mining Vol. 7 No. 2 (2026) p. 371-387 380

e F1-score. Fl-score is a performance measure that is applied to determine the accuracy of a
classification model, which is achieved by the combination of precision and recall into one value. It is
especially applicable in situations where the dataset is uneven (i.e., one class is much smaller than
the other, e.g., ASD positive cases). F1-score is the harmonic mean of precision and recall; therefore,
a high Fl-score indicates a low number of false positives and false negatives. The formula for
calculating the F1-score is shown in Equation 11.

(Precision + Recall)
F1=2x — 1
(Precision X Recall)

3. Results and Discussion

This section presents the experimental results obtained by applying both traditional and deep ML models, as well
as the proposed MME-ASD ensemble classification framework. To assess models’ stability, robustness, and
generalization, different training-testing split ratios were employed. Benchmark evaluation metrics such as
accuracy, precision, recall, and error rate are provided to highlight the strengths and weaknesses of each modeling
approach. Moreover, the effect of the proposed ensemble on cross-validation is discussed, which reflects overall
ensemble reliability and performance.

3.1 Results of ML and DL Models

This subsection presents the performance of individual traditional and deep ML models, namely, RF, DT, NN, CNN,
and DRNN. Each of the later models was trained and evaluated on multiple train-test split ratios (i.e., 30-70, 40-
60, 50-50, 60-40, and 70-30) to assess their ability to capture class-pattern relationships. Table 2 shows the
performance for each model in different split ratios. Table 1 shows the performance comparison of traditional and
DL models across different train-test splits. According to the results in Table 1, the 30-70 split appears to have
yielded the most favorable outcomes. By way of comparison, it is quite easy to see that CNN has surpassed all
other classifiers, and DRNN comes in second.

Table 1 [nitial results of individual ML and DL models

Data split Algorithm  Accuracy  Precision Recall (%) F1-score

(%) (%) (%) (%)

RF 96.20 97 95 95.99

DT 95.10 97 96 96.50

30-70 NN 89.10 88 88 88.00
CNN 99.53 98.39 100 99.19

DRNN 99.06 98.43 99.33 98.88

RF 95.70 95 95 95.00

DT 94.30 95 94 94.50

40-60 NN 88.28 86 86 86.00
CNN 98.58 97.6 99 98.30

DRNN 97.16 96 97.28 96.64

RF 94.39 93 94 93.50

DT 93.68 94 95 94.50

50-50 NN 88.15 85 86 85.50
CNN 97.73 96.65 97.79 97.22

DRNN 97.16 96.46 96.46 96.46

RF 94.30 92 95 93.48

DT 93.59 96 94 94.99

60-40 NN 88.10 82 85 83.47
CNN 98.35 97.8 98.1 97.95

DRNN 97.64 97.1 97.1 97.10
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RF 94.20 91 98 94.37

DT 93.50 93 92 92.50

70-30 NN 87.80 85 87 85.99
CNN 96.55 95.4 96 95.70

DRNN 96.96 95.95 96.55 96.25

The relatively small, structured data set may raise concerns about overfitting, given the high accuracy of the
proposed MME-ASD model. To reduce this risk, the model was tested using a 60-40 split and 3-fold cross-
validation. The result of the 3-fold cross-validation has also been presented with 99.57% accuracy, which is quite
similar to the hold-out test result (99.65%). This means it is not the result of a specific favorable split. Moreover,
to prevent data leakage, the processing parameters were used on the training data/training fold only. This is
acknowledged as a weakness, as the current study did not test the model on an independent, external ASD dataset.
In the future, the model will be tested externally with different ASD data sets from different populations to
increase the model's generalizability. The CNN's confusion matrix for the split of 30/70 was selected as the best
split and is shown in Figure 4. The CNN's performance is displayed in Figure 5. The confusion matrix provides
direct counts of true positives, false positives, true negatives, and false negatives. The total of these variables
equals 30% of the total 704 observations in the data set.

Confusion Matrix

Actuals

Predictions

Fig. 4 CNN confusion matrix

A graphical depiction of the CNN accuracy and loss is shown in Figure 5. The figure shows the classifier's
accuracy and loss (error) during both the training phase (blue line) and the testing phase (orange line). Compared
with alternative models such as RF or DT, it is clear that CNN has achieved a very high level of performance while
experiencing no overfitting whatsoever.
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Fig. 5 CNN accuracy and loss

3.2 Results of the MME-ASD Model

This subsection presents the results obtained by implementing the proposed MME-ASD ensemble model in Python
using relevant ML and DL packages. The MME-ASD model design amalgamates the capabilities of traditional and
DL models to get the best predictions of the ASD dataset. Firstly, the proposed MME-ASD was evaluated using a
60-40 training -testing split. Secondly, a 3-fold cross-validation was conducted to ensure robust performance
prediction and minimize bias from random data partitioning. The selection of a 3-fold cross-validation was due to
a compromise between computational complexity and accuracy in assessing performance, given that the proposed
MME-ASD framework combines five different classifiers (ML and DL). The number of models needed for each fold
would increase significantly with more-folds strategies like 5-fold or 10-fold cross-validation, thus adding
significantly to computational complexity and run time. Furthermore, studies on ML for ASD disorders, including
[24] and [37] highlighted effective validation processes without compromising the predictive assessment. Table
2 presents a performance comparison of the proposed MME-ASD across a training-testing split, 3-fold cross-
validation, and the overall traditional and deep ML models. Table 2 shows the evaluation performance of the
proposed MME-ASD ensemble using a 60-40 train-test split and 3-fold cross-validation, compared with
traditional and DL models.

Table 2 The results of the MME-ASD and baseline models

Evaluation method Accuracy (%) Precision (%) Recall (%) F1 score (%)
RF 94.9 93.6 95.4 94.49
DT 94 95 94.2 94.60
NN 88.3 85.2 86.4 85.80
CNN 98.14 97.4 98 97.70
DRNN 97.6 96.8 97.3 97.05
MME-ASD 60-40 split 99.65 98.70 100 99.35
MME-ASD 3-fold cross-validation 99.57 99.48 98.94 99.21

Table 2 shows that under a 60-40 split, the proposed MME-ASD ensemble achieved superior accuracy
(99.65%), recall (1.0), precision (98.70%), and F1-score (99.21%). These values indicate that the MME-ASD model
performs excellently on the held-out test dataset, achieving perfect recall, suggesting that all positive patterns in
the test dataset are correctly identified.

On the other hand, when the proposed ensemble model was evaluated on a 3-fold cross-validation, it
performed well, with consistent results, achieving high evaluation metrics of 99.57%, 99.48%, 99.94%, and
99.21% for accuracy, precision, recall, and F1-score, respectively. There is a slight reduction in the results
compared with a 60-40 split, and this reduction is expected, as the cross-validation method provides a more
general and comprehensive estimate of the model's behavior by testing the model on multiple folds of the dataset.
Nevertheless, the drop in performance was minimal, less than 0.1% in accuracy, corroborating that the model is
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stable and not overfitting. Moreover, Table 2 shows the overall performance of traditional and deep ML models.
Results show that both CNN and DRNN achieved high accuracy metrics of 98.14% and 97.6%, respectively,
outperforming traditional ML models like RF and DT. As the NN represents a conceptually high-performance
model, it achieves a relatively lower 99.3% accuracy, perhaps due to its limitations in depth and capacity
compared with CNN and DRNN models.

The confusion matrix of the MME-ASD model with the 30/70 data split (optimal split for CNN) is shown in
figure 6. The confusion matrix is a chart that displays the numbers of true positives, false positives, true negatives
and false negatives. These outcomes add up to 30% of all 704 outcomes in the data set.

Confusion Matrix

Actuals

Predictions

Fig. 6 MME-ASD confusion matrix

Figure 7 shows the MME-ASD classifier's accuracy and loss (error) during training (blue line) and testing
(orange line). Compared with alternative models such as RF, DT, or CNN, the MME-ASD model has achieved a very
high level of performance with no overfitting.
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Fig. 7 MME-ASD accuracy and loss

The profound observations demonstrate that the DL architecture can capture sophisticated feature
representations compared to traditional ML models, resulting in superior accuracy and recall. However, compared
with our proposed MME-ASD ensemble, DRNN and CNN were recording high performance by a significant margin,
with the MME-ASD ensemble achieving over 99.5% accuracy with near-perfect recall. These results indicate that
the proposed MME-ASD is efficiently leveraging the complementary strengths of the constituted learners, fusing
the generalization ability of traditional ML models with the high-performance learning of deep models.
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Ensemble-based techniques for the classification of ASD have been studied in the past. For instance,
Arunkumar and Surendran [40] used an ensemble ML and max-voting approach for the diagnosis of ASD, and
Zhang-James et al. [41] used an ensemble classification approach using neuroimaging features for the diagnosis
of ASD. The deep ensemble model and transformer-based ensemble model for ASD prediction have also been
explored in recent studies, using facial images and health registry data. Most of the current literature is limited to
either traditional ML or DL-based approaches, or to particular types of data, such as MR], facial images, or registry
data. This has been contrasted with the proposed MME-ASD model, which fuses classifiers from traditional and
DL techniques by employing weighted majority voting on structured ASD screening data to enhance the stability
and generalizability of the model's classification. Table 3 shows the higher classification accuracy rate of the
proposed MME-ASD framework than several recent ASD classification studies. The results showed that using a
multi-model ensemble based on the validation process (weighted majority voting) based on heterogeneous
models (ML and DL) enhances predictive robustness and classification accuracy on structured ASD screening data.

Table 3 The results of the MME-ASD and state-of-the-art models

Study Method Dataset/Input Best Accuracy
(%)

Vaishali and Sasikala ML with feature selection ASD behavioral dataset 97.95
[22]

Kosmicki et al. [23] ML with ADOS behavioral features ASD behavioral data 98.27
Mashudi et al. [7] ML classification approach Adult ASD dataset 96.00
Luongo et al. [24] ML classifiers with motion analysis Kinematic ASD data 87.30
Twala and Molloy [27] Ensemble classifiers ASD therapy prediction 97.00
Proposed MME-ASD RF + DT + NN + CNN + DRNN with Adult ASD screening 99.65

WMV dataset

The results of the proposed MME-ASD model were compared to the previous studies of ASD classification as
further proof of the effectiveness of the model. Using ML with feature selection, Vaishali and Sasikala [22] obtained
a range of accuracy from 92.12% to 97.95%. Selected behavioral features from ADOS modules were used by
Kosmicki et al. [23] to get 98.27% and 97.66% accuracy. The value of combining classifiers was also highlighted
by Twala and Molloy [27], who investigated ensemble-based ASD prediction. By comparison to these studies, the
proposed MME-ASD was the most accurate model with a 99.65% accuracy for a 60-40 split and 99.57% accuracy
for a 3-fold cross-validation. This improvement suggests that the performance of the classification of ASD can be
improved using traditional ML and DL models by combining them based on weighted majority voting.

4. Conclusions and Future Work

Autism spectrum disorder (ASD) is a common neurodevelopmental illness that is defined by widespread issues
throughout early infancy, including limited, repetitive interests and behaviors. This study proposed a new
ensemble approach, MME-ASD, that integrates both traditional and deep ML models for ASD classification, using
the CRISP-DM framework to achieve the objective. The constituent classifiers of the proposed MME-ASD ensemble
are RF, DT, NN, DRNN, and CNN, which are combined using a weighted majority voting framework. To assess the
proposed ensemble, three diverse experiments have been conducted; the first uses different train-test splits with
both traditional and deep ML models as standalone classifiers. The second implements the proposed MME-ASD
ensemble of a 60-40 split. The last was implemented on a 3-fold cross-validation. The experimental results show
the superiority of the proposed MME-ASD compared with both traditional and deep ML models, in which the MME-
ASD achieved the best performance of 99.65%, 98.70%, and 99.35% for accuracy, precision, and F1-score,
respectively, and perfect recall under a 60-40 split. Also, it shows high performance under 3-fold cross-validation,
achieving 99.57% accuracy. These results demonstrated that the proposed model exhibits robust classification
behavior with stable outputs across different conditions. In the near future, authors will focus on enhancing model
interpretability and minimizing computational overhead for real-time testing. Moreover, new learning
mechanisms will be explored to further improve prediction on the ASD dataset.
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