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Abstract

Autism Spectrum Disorder (ASD) comprises diverse neurodevelopmental conditions with
symptoms differing based on genetics, development, age, and other factors. Detecting ASD has
challenges as symptoms often manifest in early life and can lead to delayed analysis. Because
standard diagnostic practices rely heavily on human interpretation, making it prone to bias and
inefficiency. To attain objective and effective detection, machine learning (ML) methods have
become increasingly valuable. Thus, there is a need for an enhanced and accurate ML method
that can successfully handle feature selection (FS) and parameter tuning for ASD severity
classification. Therefore, this study presents an Advanced Evolutionary Framework for
Automated Autism Detection and Severity Classification (AEF-AADSC). The major aim of this
work is to design an intelligent machine learning framework to classify autism spectrum disorder
severity grading. Initially, the proposed undergoes preprocessing of the raw dataset to ensure
high-quality input for the learning model through missing value handling, encoding, and
normalization process. Subsequently, feature selection is carried out using an Improved Genetic
Algorithm, which selects the most relevant features and thereby enhances model efficiency. The
selected features are then utilized for training a CatBoost classifier for accurate classification of
ASD severity levels. In addition, hyperparameter optimization is carried out using Covariance
Matrix Adaptation Evolution Strategy to further enhance predictive performance. To improve
model transparency and interpretability, Explainable artificial intelligence is incorporated using
SHapley Additive exPlanations, enabling analysis of feature contributions and supporting better
understanding of the classification decisions. The performance validation of the proposed
approach is carried out using the Autism Diagnosis Based on Diagnostic and Statistical Manual
of Mental Disorders (DSM)-5 dataset. The AEF-AADSC method achieves improved
performance with an accuracy of 96.30% compared to baseline methods in terms of different
measures. Therefore, the proposed model is found to be a robust approach for the automated ASD

severity grading process.
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1. Introduction

Autism spectrum disorder (ASD) represents a group of brain-based developmental conditions,
which impact how a person communicates and relates to others [1]. Autism symptoms and the
severity degree can range highly; some people with this disorder may have trouble in interpreting
sensory information, interacting socially, and communicating with others [2]. A study carried out
on a large number of populations, nearly 55,266 children, has shown 2.20% projected occurrence
of ASD is based on the DSM-5 criterion. It usually occurs due to any genetic linkage or
environmental factors, where the nervous system is not only affected, but it also has a total impact
on the cognitive and social abilities of adults and children [3]. The intensity and the extent of
these disorder symptoms are entirely variable. General signs of this condition include difficulties
faced in communication, especially in repeated mannerisms, obsessional interests, and social
situations [4]. Detecting ASD in the earlier stage is vitally important as it may help a person with
ASD to improve their communication skills in the long term. The proper interaction and training
given may help the person with ASD to develop many vital capacities to feel and share the
feelings of others. Non-clinical or clinical methods are available to diagnose a case of ASD [5].

As several studies have centered on detecting ASD, most of them rely on time-consuming
questionnaires and interviews, which emphasizes the need for earlier diagnosis. In addition,
standard techniques such as interviews and observation-based methods are usual nowadays [6].
For example, the childhood autism rating scale (CARS) uses 15 different questions for
diagnosing ASD, and it leverages the scores for severity classification. Likewise, in the gilliam
autism rating scale (GARS), 56 items are split into four classifications for evaluating the ASD
severity [7]. Still, this kind of manual method is not practically feasible for data collection in
everyday activities, as it mainly depends on behavioral observations and expert opinion. It needs
money and a lot of time as well. Machine learning (ML) is a strong tool used for analyzing large
quantities of data and identifying patterns that are used in the detection of ASD [8]. ML is used
to create customized treatments using the characteristics of individual patients. Recent
developments in ML have made ASD methods more accurate in less time. ML models are
important for accurate and quick assessment of risks in ASD and to streamline the whole
diagnosis process to assist the families in getting the vital therapies quickly [9]. Different
classification methods of ML are used for the earlier prediction of autism disorder and for the
prevention of its longer-term impacts in children and adults [10].

1.1. Research Motivations and Contributions

Autism spectrum disorder (ASD) impacts social interaction, behavior, and communication, and
its severity differs from person to person, thus making it significant to recognize the precise
severity level for offering suitable treatments. Most existing diagnosis techniques depend on
interviews, questionnaires, and proficient observations that can be time-consuming, expensive,
and not appropriate for large-scale or earlier screening. Timely and precise severity classification
must support faster intervention and increase long-term outcomes for individuals with ASD. The
ML gives a reasonable outcome to automate this process, decrease human involvement, and

increase prediction accuracy by using data-driven techniques. Although there is still a
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requirement for more effective techniques that must be successfully handled, feature selection
(FS) and hyperparameter tuning to increase overall performance. In order to overcome this, this
study proposes an Advanced Evolutionary Framework for Automated Autism Detection and
Severity Classification (AEF-AADSC) that incorporates an Improved Genetic Algorithm for
optimum FS and a CMA-ES enhanced CatBoost classifier to accomplish robust and precise ASD
severity grading. The key contributions of this manuscript are as follows:
e Employs an improved genetic algorithm (IGA) for selecting the more relevant features
and decreasing redundancy.
Utilizes the CatBoost classifier for precise and effective severity classification of ASD.
Applies Covariance Matrix Adaptation Evolution Strategy (CMA-ES) for
hyperparameter optimization to improve model performance.
e Incorporates Explainable Artificial Intelligence (XAI) using SHAP to interpret model
predictions and analyze feature importance.
e Assesses the model using the DSM-5-based autism dataset and achieves higher
performance when compared to baseline techniques across numerous assessment metrics.
2. Literature Review
This section offers a concise review of related studies on ASD detection and severity
classification. In [11], an FL approach has been distinctively employed for ASD by training 2
distinct ML classifiers comprising a support vector machine and logistic regression regionally
for ASD identification and classification of ASD features in adults and children. The authors [12]
designed a model for distinguishing between autistic and normally developing children,
examining visual attention behaviors utilizing an eye-tracking model in a virtual atmosphere, as
well as an amount of attunement to and mining of socially related data. Liao et al. [13] examined
an ML system that unites behavioral data and physiological data, such as EEG, to identify
children with ASD. Its performance can enhance identification efficacy and decrease costs.
Firstly, the author employed an inventive methodology to extract attributes of facial expression,
EEG information, and eye fixation. Moreover, the ML methods are applied to join the
complementary data, which can substantially enhance classification accuracy. Assaf et al. [14]
designed to evaluate the probability of a confidentiality-enhancing ML approach for ASD
recognition utilizing children’s speech records. Through completely exploiting structured text-
based inputs, our models integrally abstain from the direct usage of recognizable biometric
information, like raw video or audio, so as to significantly decrease privacy threats.
Ehsan et al. [15] discussed exploiting (AUTOML) to reorganize the analytic process and improve
its precision. Initial recognition of ASD is significant because it permits early intervention, which
substantially enhances behavioral, developmental, and communicative results in children. Jabbar
et al. [16] proposed an ML technique for inspecting the autism dataset of distinct age categories
to classify autism in the earlier stage. The author follows data preprocessing, feature selection
strategy, and ML-based classification, and also performs hyperparameter optimization. Sulthana
and Kumar [17] addressed ML to identify important ASD traits initially. To verify ASD diagnosis
efficiency, the author concentrates on 8 cutting-edge classification approaches. Logistic
Regression outshines other classifiers on the United dataset when hyperparameters are
appropriately adapted for every system. Khan and Katarya [18] proposed and investigated

analyses of several ML algorithms on mining useful information related to distinguishing features
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of ASD. Recent studies have discovered that the evaluation of biological traits by retaining ML
methodologies has supported the process of early ASD identification.
2.1. Research Gaps

e Farooq et al: Utilize the ML methods for ASD identification, but highlight only detection
and model comparison. This cannot be considered ASD severity classification or
innovative optimization methods.

e Liao et al: Integrates EEG and behavioral data for ASD identification with better
accuracy. But it depends on the intricate data and lacks effective FS and lightweight
modeling.

e Jabbar et al: Utilize ML for earlier ASD prediction by employing preprocessing and
feature representation. Still, it cannot be included as a combination of evolutionary
optimization for FS and hyperparameter tuning.

Hence, there is a requirement for an effective and intelligent model that must accurately classify
ASD severity levels based on DSM-5 measures by integrating efficient FS and robust
hyperparameter optimization methods. Thus, this study develops an innovative evolutionary-
based framework that combines an IGA for the feature selection process and a CMA-ES-
enhanced CatBoost classifier for increasing the prediction performance.

3. Proposed System

Fig. 1 displays the complete process of ASD severity classification using the DSM-5 dataset.
First, the dataset is taken and split into a training dataset. Then, preprocessing is done, like
handling missing values, encoding categorical data, and standardizing it to make the data clean
and ready. After that, feature selection is carried out using an improved genetic algorithm to pick
only important features. These selected features are then fed to the CatBoost model for
classification. At the same time, CMA-ES is used to tune the model parameters to get better
performance. Finally, the trained model classifies the output classes like no autism, moderate,
severe, and autism. Besides, XAl using SHAP is applied for interpreting the model predictions
by analyzing feature contributions. The results are then evaluated to check how well the model
is working.

3.1. Data Preprocessing

Before training the model, the dataset was preprocessed to enhance data quality, remove
unnecessary or repeated data, and make it more useful for better prediction [19]. The dataset is
acquired from the openly accessible DSM-5 questionnaire dataset, which comprises behavioral
and response-based features relevant to ASD. Such descriptors involve diagnosis-based features,
behavioral indicators, and individual questionnaire responses that can contribute to ASD severity
stages.
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Fig. 1. Overall workflow of the AEF-AADSC approach
Missing Data Handling: Missing values in the dataset have been encountered by employing
imputation method to prevent data loss and validate numerical integrity. For numerical features,
mean imputation must be utilized in this mathematical form.

nj

1
Xij =X if X # (Z),;Z X, j, Otherwise,
j
k=1

(1)

Here, the parameter n; refers to the present values in feature j, and the parameter x; ; indicates

the values corresponding to the j* feature and the i* sample.
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Categorical Feature Encoding: Categorical descriptors contain the behavioral classes and
questionnaire response classes, which can be converted into numerical formats by applying one-
hot encoding, thus generating the binary indicator vector for all the categories.

0; = [011,012, -, 0ix]", 0;m = {1, if cat mis present,0, otherwise. (2)
Normalization: Constant features have been standardized to unit variance and 0 mean to avoid
the attributes with higher magnitudes from controlling the model during the training phase, as
described in this mathematical form.

(3)
]

Here, the parameter g; and y; indicate the standard deviation (SD) and mean with respect to the
Jj-th feature.

3.2. Improved Genetic Algorithm-based Feature Selection

Genetic algorithm comes from ideas of natural evolution like selection, mutation and crossover.
This can work as a search method formed to determine the optimization intricacy in
computational models, thus allowing the recognition of globally optimum outcomes [20]. The
feature selection (FS) method is formulated as an optimization problem.

Initialization: Feature subsets must be indicated in GA by applying the binary encoding method.
An encoding process of one indicates the feature with respect to the position is chosen, whereas
zero represents that it is not chosen. Initialization of n values as the preliminary population,
represented by s; —s,, thereby demonstrating the DSM-5 questionnaire features for ASD
severity classification.

Fitness calculation: First, cach individual is converted into a chosen feature subset. Then the
fitness is computed using a function that stabilizes predictive performance and subset size, aiming
to keep fewer features with better performance.

n
f(sl-)=a><(1—accuracy)+,8xﬁ,1gign (4)

a and f control how much importance is given to classification error and the count of chosen
attributes, while accuracy is calculated using the CatBoost model on the chosen features. Here,
nis the chosen feature count, and N is overall features, and a lower fitness value means the
solution is better.

Selection: The parameter n individuals must be arbitrarily chosen as parents from the existing
population, depending on the fitness. The roulette mechanism is employed for selection. Entities
with lesser fitness must be more likely to be chosen, thus providing a higher meaning of feature
integrations must be maintained. The selection is completed n times, and every chosen individual
is continued to the subsequent stage.

Crossover: Simulation of hybridization in biological evolution exchanges parts of genes among
dual individuals, producing new ones with combined features. In feature selection, this helps
generate better feature combinations for ASD severity classification.

Mutation: Simulation of the method of genetic mutations in biological development, all the
genes must be changed arbitrarily, depending on the probability. It produces new gene data and
can direct the search for the globally optimum subsets of features.

Iteration termination: After each step, the fitness is checked again to see if the stopping

condition is met. If yes, the best feature set is selected, and the process continues for the next
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iteration.

Even though the GA is searched through for the best outcome on a global scale, it generally
involves various losses. The functions of mutation and crossover are to present novel genotypes
and maintain population diversity, even though the iterative techniques are developed as the
population tends to develop into identical individuals, which decreases the capability to produce
new outcomes and can lead to convergence to a local optimum.

In order to overcome this complexity, this paper proposes two enhancements for the GA.
Adaptive Mechanism: This idea is about adjusting the crossover and mutation probabilities
dynamically instead of keeping them fixed. These values (P, and P,,) are changed based on fitness
and how diverse the population is to improve the search process.

The mathematical form of adaptive modification can be given below,

(f' = fmin )(A + e~ s1¢)

Pc:{klff’<favg k, Fave — i 'flzfcwg (5)
avg min
— Fmin ) (1 —C2f std
P =t f < frog kg LTI H D s ©
favg fmin

Here, frepresents the fitness of individuals used in mutation and the better parent in crossover,
while fstq, fmin, and fq,4 denote the standard deviation, minimum, and mean of population
fitness. Also, ¢1 and c2 are constants greater than zero, and k4, k,, ks, ks € (0,1] are parameter
values.
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Fig. 2. Process of improved genetic algorithm feature selection
u + 1 evolution strategy: Consider the population size represented by p, with one offspring
produced in all generations. The optimum p individuals have been selected to create the next
generation from the overall of p+1 individuals. The aforementioned technique retains the

maximum individuals in every generation, thus quickens the convergence speed of the
population, and improves the search efficiency to pick better features in ASD severity
classification. Fig. 2 illustrates the process of improved genetic algorithm feature selection.

3.3. Autism Severity Classification using CatBoost Approach

In this method, an effective ML technique is essential for efficiently classifying ASD severity
levels, which depend on DSM-5 questionnaire replies. Because the database covers organized
and generally categorical data, a boosting-driven method is more appropriate for taking intricate
patterns in the data [21]. Thus, the CatBoost method has been chosen as the classifier method
because of its capability to manage categorical characteristics effectively and offer higher
predictive precision. This method signifies an improvement of the Gradient Boosting Decision
Tree (GBDT) structure. Conventional GBDT methods build every DT depending on the residuals
of the recent method, leading to robust correlation among trees and high variance. CatBoost
solves this by using ordered boosting and a different weighting idea, where the data is rearranged,

and similar feature values are grouped to reduce overfitting. In this model, the mean of class
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labels is used as the rule for splitting nodes. The particular expression is calculated as follows:

N S
=t iV

X} = 7

‘ Z?Ll I{x;':x,i(} ( )
In this Eq. (7), x. represents the i*" attribute of the k" training instance; &} signifies the value
of the mean; /() is used as an indicator function to check if a condition is satisfied, while
y;denotes the label corresponding to the j*" data instance. In contrast to the GBDT method, the
CatBoost model combines an adaptive learning rate module. It enables a more accurate
adjustment of the effect applied by weaker learning in every iteration, which eventually results
in an enhancement in the precision of the method. The computational process for the adaptive

learning rate inside the CatBoost method has been summarized below:

{ 1 §=1 ni @)
= a =
e VE+1 ° k

Here, t implies the count of iterations, 1, signifies the tt"

iteration’s learning rate, and a,
indicates the learning rate throughout the primary t iterations. Conventional neural network
methods require a considerable data quantity for efficient training; techniques trained on
restricted databases tend to show lower precision. However, the CatBoost method is a decision
tree-driven system that doesn’t need a huge instance size as its training set to attain higher
prediction accuracy. Moreover, CatBoost is categorized by the higher training efficacy, allowing
fast method training and improved prediction speed for the ASD severity classifier, which
depends on DSM-5 questionnaire data. Also, CatBoost minimizes the need for heavy pre-
processing and intricate feature engineering, making it more practical for real-time medical
databases. Because of these benefits, it is considered an appropriate and consistent option for
correctly categorizing ASD severity levels into mild, moderate, and severe classes.

3.4. Hyperparameter Optimization

CMA-ES is leveragd to find the best hyperparameters through trying different combinations and
selecting the ones that minimize validation error, where CatBoost is trained and tested for each
set. It helps handle complex search spaces and improves parameters like iterations, learning rate,
depth, and regularization to get better accuracy and performance [22]. The CMA-ES optimizer
intends to reduce the classification loss of the CatBoost model, which is typically defined through

an error function among the true labels y(t)and predicted outputs y(t), given as
N
1
J® =5 Iy®-3OI ©)
t=1

T
Here, the mathematical representation 6 = [depth, learningmte,IZwafreg,iterations]

remains the vector of optimized hyperparameters, thereby indicating the L2 regularization
parameter (12, freg)’ the learning rate (learning,4;. ), the number of iterations (iterations), and

the tree depth (depth).

CMA-ES utilizes a multivariate Gaussian distribution for generating candidate solutions,
dynamically adapting its covariance matrix to capture the local curvature of the search space
€9 € R4 and mean vector m9) € R%, where d refers to the number of hyperparameters. The

method can be iteratively updated with such parameters for searching for the optimum solution.
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Every generation g, A offspring solutions are sampled from a multivariate normal distribution.

xl(ch) - N(m(g), (a(g))ZC(g)) (10)
Here, the mathematical ¢(9) refers to the global step size that must be controlled to search the
radius.

The candidate outcomes have been assessed by applying the objective function J(6), and the
finest p’ entities can be chosen for updating the mean vector.

#I
m@+l) = z Wixi(i+1) (11)
i=1

Here, the parameter w; indicates positive weights that are added to one, and the term x;., refers
to the i-th finest individual amongst the A candidates. Updating the covariance matrix c refines
the search distribution's orientation and scale, directly influencing subsequent sampling steps.
— (g+1) - (g+1)
CAE (1 — 61— Cﬂ')C(g) + ¢1pe (pc )T

!

a m@+D _ m@\ [m@+D _ @\ -’
tou z Wi ) ) (12)
i=1
Here, the mathematical parameter p, refers to the evolution path that can combine data about the
effective directions for search, and the mathematical terms c; and ¢,/ indicate experimental

parameters that can generally depend on the dimensions of the complexity.
The step size o must be used to assure effective exploitation and exploration of the search space
and has been computed and given below,

@+D) = 5(9) o ("™l (13)
g =0 X ex ] —
P\, \EIRGO, D]

Now, the parameter p((,g 1) refers to the path in the control of the step-size, and the mathematical
terms d, and c, represent adaptation parameters.
CMA-ES uses a fitness function for evaluating candidate solutions and improving classification
performance. In this work, the goal is to minimize the classification error rate, which is given as
the fitness value. It is computed by dividing the number of incorrect predictions by the overall
sample size, as shown below:
fitness(x;) = ClassifierErrorRate(x;)
no. of misclassified instances

100 14
Total no.of instances i (14)

3.5. Model Interpretability with SHAP

SHAP is employed to interpret the model architecture and assess feature contributions [23]. As
a local explainability tool, It measures the exact impact of every feature on every prediction using
Shapley values, offering a clear, feature-by-feature breakdown of the outcome. Additionally,
global SHAP values are utilized to analyze general feature trends. The mathematical Eq. (15)
represents the fundamental description of the approach and the functional descriptions of the
modules.

The SHAP technique describes the involvement of every feature in the output of the ML method

depending on cooperative game theory. This method is aimed at properly and reliably measuring
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the contributions of every feature to the prediction of the model, mainly using the Shapley values.
This value for the i — th feature can be calculated as the mathematical form,
ISILCAF] =181 = D!
bif)= ) i Usvta Cesuns = fs@)] (15)
ScF\{i}
Here, SHAP assigns contribution values to every feature to explain its influence on the model
prediction. Additionally, Global SHAP analysis is utilized for measuring the overall importance
of features across all samples.
4. Results and Discussions
This section offers the experimental evaluation of the proposed AEF-AADSC approach using
the Autism Diagnosis Based on DSM-5 dataset [24]. Autism is a neuro developmental state
which affects all the categories of people from children to adults. Autism affected persons have
challenges with communication skills, social and cognitive. In accordance with DSM5 criteria,
3 stages of Autism are there: Level 1, Level 2, and Level 3. After diagnosis, by finding a person’s
level of severity, we can find out the right way of therapy for that particular individual. Most of
the research works have focused on the autism diagnosis, as in selective autism affected
individuals from non-autism individuals. Few works only have done, classification of autism
based on its level of severity using DSM 5 criteria. We have collected the datasets in this study,
from persons using DSMS5 criteria guidelines by utilising the google forms questionary. The
dataset consists of 20 features in total, out of which 14 features were selected after the feature
selection process. Table 1 shows that the dataset contains a total of 131 samples across four
severity-level classes, namely Level 0 (No Autism), Level 1 (Moderate), Level 2 (Mild), and
Level 3 (Severe).

Table 1 Details of datasets

Classes Labels No. of Samples
Level 0 (No Autism)) Level 0 No Autism 50

Level 1 (Mild Autism) Level 1 _Mild 32

Level 2 (Moderate Autism) Level 2_Moderate 39

Level 3 (Severe Autism) Level 3_Severe 10

Total Samples 131

Table 2 presents the selected attributes and their corresponding attribute numbers for the
proposed model.
Table 2 Selected Attributes and Attribute Numbers of the proposed model

S.no | Selected Attributes Attribute Number
1 Which age group does your child belong to 4

2 Sex of child 5

3 Which type of disability do he/she have 7

4 Please what is the age of the mother when the child was born 8

5 If Diagnosis is yes, what was his/her diagnosis? (DSM 4 Diagnosis) 10

6 At what age was the child diagnosed 11

7 Where was the diagnosis done? 12
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8 Is your child 13

How can you rate your child's deficits in social communication and

9 . . 15
social interaction
How can you rate your Childs nonverbal communicative behaviors

10 capabilities (i.e abnormalities in eye contact, body language or deficits 16

in understanding, use of gestures, total lack of facial expressions and
nonverbal communication)

Can your Child develop, maintain and understand relationships (as in
11 difficulties in sharing imaginative play or in making friends and | 17
absence of interest in peers.)

Do your Child has Stereotyped or repetitive motor movements and

12 echolalia

18

How is his/her Hyporesactivity to sensory aspects of the environment
13 (i.e can he differentiate pain/temperature, respond to specific sounds or | 19
textures, do excessive smelling or touching of objects)

14 | If Diagnosis is yes, what was his/her diagnosis? (DSM 5 Diagnosis) 21

Table 3 and Fig. 3 offer the comparison of feature selection methods, presenting that the proposed
IGA performs better than PSO and GWO. The IGA accomplishes the lowest cost value of 0.117,
compared to PSO of 0.205 and GWO of 0.261, which indicates more robust feature selection.
Among the three methods, GWO demonstrates the highest cost and performs the worst, while
PSO provides moderate results. Hence, the IGA offers better feature selection by reducing the
cost and identifying more relevant features for the model.

Table 3 Evaluation of feature selection methods based on selected feature subsets and best cost

values
Method Selected Features Best Cost (0-1)
Improved Genetic Algorithm (GA) 1,3,4,5,6,7,8,10,12,13,14,17,18,19 0.117
Grey Wolf Optimizer (GWO) 2,3,4,5,6,7,8,11,12,13,15,16,18,20 0.261
Particle Swarm Optimization (PSO) 1,2,5,7,9,10,11,13,14,15,16,17,19,20 | 0.205
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Fig. 3. Feature selection comparison using selected features and cost values

Table 4 and Fig. 4 illustrate the confusion matrices produced by the by AEF-AADSC model
under 80:20 of TRAPE/TESPE. The training model produces the better performance with
average Accuracy of 91.35 %, Precision of 86.85%, Recall 75.73%, F1-score of 78.45% and
MCC of 73.99% and the testing model significantly enhanced classification performance,
achieving an Accuracy of 96.30%, Precision of 95.14, Recall of 93.06, F1-score of 93.86% and
MCC of 91.31%. The result indicates that the AEF-AADSC model has effectively identify
between positive and negative cases across class labels.
Table 4 ASD severity level classifier result of the AEF-AADSC method under 80:20 of

TRAPE/TESPE
Confusion Matrix Classes Accur, Preci, | Recal; | Flg.,.| MCC
Training Phase (80%) Level 0 No
V —
Lovet 0o Autism NG I e | 9038|8718 |87.18 |8T.I8 | 79.49
N : | 2% | 1 0 b
= Level 1_Mild PETUA LTI NEITANITE 0 | Level
E i 86.54 | 7222|8667 |78.79 |69.66
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Fig. 4. Average value of the AEF-AADSC method with 80:20
Table 5 and Fig 5 show the confusion matrices produced by the by AEF-AADSC model under
70:30 of TRAPE/TESPE. The training model achieves the better performance with average
Accuracy of 91.25 %, Precision of 86.58%, Recall 70.20%, F1-score of 69.66% and MCC of
67.79% and the testing model significantly improved classification performance, attaining an
Accuracy of 95.00%, Precision of 90.23, Recall of 80.79, Fl-score of 83.16% and MCC of
81.13%. The outcome implied that the AEF-AADSC model has efficiently classify between
positive and negative instances across class labels.
Table 5 ASD severity level classifier result of the AEF-AADSC method under 70:30 of
TRAPE/TESPE

Confusion Matrix Classes Accur, Preci, | Recal; | Flg.pr.| MCC
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Fig. 5. Average value of the AEF-AADSC method with 70:30 split

Table 6 and Fig. 6 present the comparison performance analysis across various machine learning
models for ASD severity classification using key performance metrics including Accuracy,
Precision, Recall, F1Score and Computational time [25-27]. The Models like DBN (Deep Belief
Network), SAE + SVM models also demonstrated strong performance, achieving accuracies of
94.10% and 94.00%, respectively but the computational time is higher than the proposed model.
Similarly, the methods like Naive Bayes, KNN, and 3D-CNN + GABM demonstrated
comparatively low performance, mainly in recall and Fl-score, representing weaker
classification capability. Among the compared model, our proposed model achieved highest
performance with 96.30% of Accuracy, 95.14% of Precision, 93.06%of recall, 93.86% of F1
Score, and less computational time with 1.36 sec.

Table 6 Comparative Performance Analysis of the AEF-AADS approach with other systems

Learning Models Accur, Preci, | Recal; | Fls,re | Computational Time (sec)
DBN 94.10 93.69 91.94 90.46 2.89
CNN + Spectral 86.90 85.81 85.34 89.14 7.71
DNN 87.11 79.12 78.09 82.81 342
Naive Bayes 80.75 72.78 62.96 70.82 5.29
KNN 81.72 85.66 77.38 85.65 6.55
SAE + SVM 94.00 92.90 90.25 91.86 5.13
3D-CNN + GABM | 73.00 79.12 70.70 72.18 4.25
AEF-AADSC 96.30 95.14 93.06 93.86 1.36
CODBN CJCNN + Spectral
120 DNN [J Naive Bayes
O KNN O SAE + SVM
100 | 3D-CNN + GABM [J AEF-AADSC
80 1 ] n ] _ n

g u —

o 60 [

=

S

40 9
20 A1
0 v
Accuracy Precision Recall F1-Score

Fig. 6. Comparative Performance Analysis graph of proposed model
Table 7 Ablation study of AEF-AADSC model

Learning Models

Accury

Preci, | Recal; | Flipre
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CatBoost Baseline model (without
feature selection)

CatBoost + IGA (without hyper
parameter tuning)

AEF-AADSC (CatBoost + IGA +
CMA-ES  hyperparameter  tuning | 96.30 95.14 93.06 |93.86
process)

95.17 93.98 91.65 9249

95.78 94.49 9243 | 93.15

An ablation study inspects how diverse parts of a model impacts its performance by testing the
system with particular components modified or removed. The ablation study of the proposed
model represented that the elements are significant and which are impacted with minimum level.
With the purpose of comparing the outcomes, the researchers are gained the useful data into the
behavior of the model. These findings support higher designs and optimistic outcomes. Table 7
shows the ablation study of AEF-AADSC model. The experimentation outcome values are
indicated that CatBoost Baseline model (without feature selection) and CatBoost + IGA (without
hyper parameter tuning) techniques are gained lower outcome under diverse aspects. In the
meantime, the AEF-AADSC (CatBoost + IGA + CMA-ES hyperparameter tuning process)
algorithm has provided greater performance with 96.30% of Accuracy, 95.14% of Precision,
93.06%of recall, 93.86% of F1 Score.

Fig. 7 shows the most influential features contributing to the classification of different ASD
severity levels, such as No ASD, Mild, Moderate, and Severe Autism. The global plots present
overall feature importance, while the local plots clarify the impact of individual feature values
on model predictions.

International Journal of Cognitive Computing in Engineering 7 (1) (2026) 101



¢
Ke Al INTERNATIONAL JOURNAL OF COGNITIVE
COMPUTING IN ENGINEERING

Level @ (No ASD) - Global Importance Level © (No ASD) - Local Explanation i
i
How can you Tate your child's deficits in social communication and social interaction | NN - - EETEREN 4
Ts your chitd [N <+ ek
Do your Child has Stereotyped or repetitive motor movements and echolalia [N~ R R E
Where was the diagnosis done? [N <> 2
Are you a Nigerian [l = . ] ]
Is your child Formerly diagnosed JJJll <1 . e
Sex of child o
childs diagnosed apart from Autism [©.0%0
At uhat age was the child diagnosed |.o00
L
00 02 o4 o6 08 Lo 12 14 16 & E) B o H
Mean(ISHAP value|) SHAP value impact on model
Level 2 (Moderate Autism) - Global Importance Level 2 (Moderate Autism) - Local Explanation e
How can you rate your child's deficits in social communication and socia: +| - . -
Do your Child has Stereotyped or repetitive motor movements and echolalia B I g
Please what other challenges is your k- &
whi -
Imw
00 o1 02 03 o4 o 5 o7 o8 1 S 3 )
Mean (ISHAP value|) SHAP value impact on model
Level 1 (ild Autisn) - Global Inportance Level 1 (Wild Autisn) - Local Explanation ean
Do your Child has Stereotyped or repetitive motor movements and b=
How can you Tate your child's deficits in social commun N e
Imw
00 02 oa 06 o8 Lo 12 14 16 I 1 H H )
Mean(|SHAP value|) SHAP value impact on model
Level 3 (Severe Autisn) - Global Inportance Level 3 (severe Autism) - Local Explanation e
1s your chito [ ] '
vinestany |

b0 your Child has Stereotyped or repetitive motor movements and echolalia [N < =

How can you rate your child's deficits in social communication and socia:
Are you a N
Where was the diagnosis d

Please what other challenges is your childs diagnosed apart from Aut:

Please state your country of reside

At what age was the child diagnosed .00

Fig. 7. SHAP-based global and local feature importance analysis for ASD severity
classification

The proposed AEF-AADSC methodology achieves higher performance in ASD severity
classification, gaining an accuracy of 96.30% with increased precision, recall, and F1-score when
compared to existing techniques. The incorporation of IGA and CMA-ES optimization greatly
improved FS and model tuning, thus resulting in greater prediction outcomes. The IGA-based
feature selection method further refines performance by selecting more optimal feature subsets
compared to PSO and GWO. The model also exceeded the baseline CatBoost and alternative ML
methods, while preserving less computational time. Such experimental outcomes demonstrate
that the proposed model is efficient, dependable, and interpretable for automatic ASD severity
grading under DSM-5 measures.

5. Conclusion and Future Work

In this manuscript, the AEF-AADSC model has been presented to classify ASD severity levels
using advanced ML methods. Primarily, the proposed method performed preprocessing on the
raw dataset to guarantee high-quality input through missing value handling, encoding, and
normalization. Subsequently, dimensionality reduction was carried out using an IGA, which
selected the most relevant attributes and improved model efficiency. The selected features were
then employed for training a CatBoost classifier for precise classification of ASD severity levels,
and the hyperparameter optimization was carried out using the CMA-ES algorithm, which
enhanced the model predictive ability. By applying SHAP within XAI helps analyze individual

feature impacts and gain a clearer understanding of model predictions. The supremacy of the

Mean(|SHAP value|)
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proposed approach was examined using the Autism Diagnosis Based on DSM-5 dataset. The
AEF-AADSC model accomplished better performance compared to existing methods across
diverse evaluation measures. Thus, the proposed model was found to be an efficient approach for
automated ASD severity grading.
Although the model produces higher outcomes, some restrictions still exist. In future work, the
model is enhanced by employing greater and more varied datasets and by combining multimodal
data, namely behavioral videos, speech, and images, to increase accuracy. The framework can
also be expanded with XAI methods and examined in real-world medical settings to boost
transparency and practical application. Additional improvements can comprise determining
innovative optimization techniques and evolving the user-friendly application for earlier
screening and medical decision support.
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