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Abstract: The lifelong neurodevelopmental disorder known as Encephalitic Disintegration Morbidity Speculations (EDMS)
usually shows up in early childhood and presents as behavioral, linguistic, and social difficulties. Advanced machine learning
approaches are used in this study, and AdaBoost continuously performs better in improving the accuracy of EDMS prediction. The
best prediction strategy that works for a wide range of age groups is created when Principal Component Analysis (PCA) and
AdaBoost are combined. This research emphasizes the need for early EDMS detection by focusing on the crucial 2—4-month period
after a kid is born. In early EDMS diagnosis, especially in children, the suggested ensemble-based model consistently performs
better than baseline machine learning techniques, exhibiting superior diagnostic accuracy, precision, recall, and F1-Score. These
results show promise for early interventions and improved outcomes for affected individuals and their families, and they represent
a major advancement in the improvement of EDMS diagnostic tools. This research provides promise for reducing the long-term
effects of this complex neurodevelopmental disorder and improving the quality of life for individuals with EDMS by supporting
early detection and intervention techniques.

IndexTerms - Encephalitic Disintegration Morbidity Speculations (EDMS), neurodevelopmental disorder, AdaBoost, data
imbalance, Ensemble—based model, Principal Component Analysis (PCA).

INTRODUCTION

Encephalitic Disintegration Morbidity Speculations (EDMS) is a neurodevelopmental illness that affects people's behaviour
and communication considerably. People with EDMS have a unique diversity of cognitive capacities. Around one in 160 children
worldwide are estimated to have EDMS, but unfortunately, those who have the condition frequently face prejudice and social
stigma. To improve early detection and intervention, computer scientists and healthcare professionals have worked together to
design screening procedures and apply cutting-edge machine learning algorithms. Specifically, this research focuses on integrating
feature selection strategies, data balancing approaches such as the Synthetic Minority Over-sampling Technique (SMOTE), and
machine learning classifiers to create a state-of-the-art EDMS detection model. The ultimate objective is to improve the quality of
life for people impacted by this complex neurodevelopmental disorder by deepening our understanding of EDMS and utilizing
machine learning's potential for early detection.

1.1.1 The Intricacy of EDMS

Encephalitic Disintegration Morbidity Speculations (EDMS) are complicated in many ways, beginning with their extensive
cognitive capacities. Some people with EDMS have 1Qs below 70 and mental deficiencies, some have 1Qs between 71 and 85, and
a significant percentage have 1Qs between average and above average. This wide range of cognitive abilities emphasizes the
complex and varied nature of this neurodevelopmental disorder, highlighting the fact that no two people with EDMS have the same
strengths and limitations in their cognitive abilities. A wide range of obstacles confront people with EDMS, including as learning
disabilities that impede their ability to succeed academically, mental health conditions like anxiety and despair, and physical
restrictions that limit their ability to interact with the outside world. The WHO estimates that EDMS affects one in 160 children
worldwide. This highlights the critical need for thorough study, creative interventions, and international collaboration to
comprehend this intricate neurodevelopmental condition and improve the lives of those impacted.
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1.1.2 Research Objectives

This work intends to improve the use of modern machine learning approaches for the early detection of Encephalitic
Disintegration Morbidity Speculations (EDMS), particularly in pediatric cases. To achieve accurate prediction, the research will
compare machine learning methods in detail and use the Synthetic Minority Over-Sampling Technique (SMOTE) [6] to solve data
imbalance in EDMS datasets. The main innovation is an ensemble-based model that improves the accuracy of EDMS identification
by combining Principal Component Analysis (PCA) with AdaBoost, with a focus on the critical 2-4 months postpartum period. In
the end, impacted childrenand their families will benefit from this model's superior performance over traditional approaches, which
offers the possibility of better early detection and intervention in EDMS while maintaining academic integrity.

1.1.3 Scope and significance of the study

Encephalitic Disintegration Morbidity Speculations (EDMS) is a neurodevelopmental condition that usually appears in
early childhood. The main goal of this work is to improve the accuracy of EDMS identification by utilizing sophisticated
machine-learning technigues. Through a thorough comparative analysis of multiple machine learning
algorithms, the research aims to determine which algorithm produces the best results consistently. Additionally, the Synthetic
Minority Over-Sampling Technique (SMOTE) is employed to address the ongoing problem of data imbalance in EDMS datasets.
One noteworthy development is the creation of an ensemble-based predictive model that makes use of Principal Component
Analysis (PCA)[7] and AdaBoost to greatly increase the accuracy of EDMS detection, especially in the critical window of 2-4
months after childbirth, allowing for early identification and intervention. In addition to expanding our knowledge of EDMS and
machine learning, this research has the potential to transform early EDMS diagnosis and care, minimizing the long-term effects on
patients and their families.

LITERATURE SURVEY

The research conducted by Taban Eslami, Vahid Mirjalili, Alvis Fong, Angela R. Laird, and Fahad Saeed [3] presents "ASD-
DiagNet," an innovative approach for the accurate diagnosis of autismspectrumdisorder (ASD), with a particular focus on pediatric
patients. This method exclusively utilizes fMRI data and employs a sophisticated joint learning technique to optimize feature
extraction. Furthermore, it incorporates a distinctive data augmentation strategy, leading to remarkable improvements in
classification accuracy and efficiency, streamlining analysis processes, and significantly reducing execution time.

Thabtah et al. [1] used Information Gain (IG) and Chi-Squared (CHI) approaches to develop feature subsets specifically
designed for adults and adolescents in a different study. Logistic regression (LR) was then used to integrate these subgroups into
the diagnosis procedure for autism spectrum disorder (ASD). By introducing forward feature selection and under-sampling methods,
the study improved the accuracy of ASD diagnosis for people and advanced the development of diagnostic methodologies related
to ASD. This study is a reflection of the continuous efforts to improve ASD diagnosis by utilizing cutting-edge data analysis and
feature engineering methods.

The paper by Firuz Kamalov and Fadi Thabtah[2] discusses Autism Spectrum Disorder (ASD) and the requirement for
effective screening instruments. Diagnoses with ASD are rising, which frequently causes examinations to be postponed. They
present Variable Analysis (Va), a computational intelligence technique that minimizes feature correlations while identifying
important aspects of ASD screening tools. Using machine learning techniques, they assess Va's performance using various criteria,
including predicted accuracy, sensitivity, and specificity. The findings are encouraging: Va preserves predictive accuracy while
lowering the quantity of screening items required for adults, teenagers, and toddlers. This strategy emphasizes the use of intelligent
techniques and machine learning to boost ASD screening precision and efficiency while providing simplified, user-friendly ASD
screening instruments for early identification and better results.

Sankar K. Pal and Sushmita Mitra [4] present a novel neural network model for fuzzy pattern classification in their study,
"Multilayer Perceptron, Fuzzy Sets, and Classification." This novel model tackles the problems posed by imprecise or ambiguous
data. It includes uncertainty into the classification process efficiently by using linguistic input representation and basing output
judgments on class membership values. The study highlights the potential advantages of merging neural network-based
categorization with fuzzy notions and indicates that process efficiency might be greatly increased by implementing parallel
hardware.

Reem Ahmed Bharathiq [5] and colleagues discuss the difficulties in diagnosing autism spectrum disorder (ASD), a
complicated neurodevelopmental disorder that affects about 1% of the population, in their work on autism spectrum disorder (ASD)
diagnosis using structural MRI and machine learning. By examining structural MR data, they investigate how machine learning
might enhance diagnosis. Their research shows the potential of machine learning (ML) in improving our knowledge of autism
spectrum disorders (ASD) and creating tailored diagnostic tools for medical professionals, despite some obstacles such as limited
sample sizes.

PROPOSED SOLUTION

The suggested method makes use of machine learning to identify autism in young children, including adults and adolescents
as well as low-functioning toddlers with Encephalitic Disintegration Morbidity Speculations (EDMS) between the ages of two and
four months. AdaBoost is an efficient boosting technique that uses iterative learning to decrease misclassifications and increase
accuracy. The study looks at a variety of EDMS features and compares several algorithms; AdaBoost stands out for correctly
diagnosing people with EDMS traits.
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Figure 1: Architecture diagram of this Proposed solution to predict the accuracy of the disorder

3.1.1 Data Collection and Pre-processing

An extensive dataset covering essential characteristics is gathered to discover Encephalitic Disintegration Morbidity
Speculations (EDMS) in infants between the ages of two and four months early. This dataset assesses a child's growth and heal th
by looking at milestones in development, physical activity levels, upper limb movement, and
childhood obesity. Data preparation is the next step, which addresses outliers, missing numbers, and inconsistencies to guarantee
data correctness and consistency. To ensure uniform feature scaling, standardization and normalization procedures are used, which
offer a strong basis for precise EDMS identification.
The study makes use of the Encephalitic Disintegration Morbidity Speculations (EDMS) Screening Datasets from the UC | database,
which are divided into various age groups. There are many different kinds of data in these datasets, such as binary, continuo us, and
category data. First, attributes containing "Null Value," "Irrelevant Values," and "Qchat-10-Score" are eliminated. This produces a
refined dataset that is appropriate for modeling and in-depth analysis.

Table 3.1: Datasets Summary

. Presence of
. Feature Size L
Dataset Sample Size | Classes Missing
with Class value .
Attributes

ASD Screening Data For ASD/Non-

Children 292 21 ASD Yes
Autism & Neuro developmental ASD/Non-

Service For Toddlers 704 21 ASD yes
: . ASD/Non-

ASD Screening For Adolescent 104 pil ASD yes
o . ASD/Non-

ASD Screening For Adult 1054 21 ASD yes

3.1.2. Feature Selection

Isolating and incorporating relevant attributes through effective feature selection is essential for improving the performance
of machine learning models. Sophisticated feature selection techniques have been used with consideration to a variety of datasets
featuring adults, adolescents, toddlers, and children in the context of EDMS identification. Recursive Feature Elimination (RFE),
Correlation-based Feature Selection with Harmony Search (CFS—Harmony Search), and the Boruta algorithm are three of the well-
known methods that stand out among the others.
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3.1.2.1 Boruta Algorithm

The wrapper approach that is being provided extends the random forest (RF) technique, which is meant for feature selection.
To generate shadow features, each feature in the dataset is copied, and their values are then randomly combined. Subsequently, the
method employs RF on the revised dataset to ascertain the importance of every characteristic. The highest real feature score is
compared to the highest shadow feature score for every iteration once both real and shadow feature scores have been calculated.
During this process, features deemed to be of minimal importance are carefully eliminated. When all features are accepted or
rejected, or when a certain number of RF runs is reached, the algorithm comes to an end.

3.1.2.2 Correlation-Based Feature Selection with Harmony Search

Relationship-Based A heuristic function is used in feature selection using harmony search to order features according to
their correlations. It takes into account variables such as the number of indicators (M), the number of harmonies (N) that are
stored in memory, and their potential values (D). It also takes into account the ideal indication (i) in the harmony memory (Ei)
and the harmony memory rate (Et). The formula

P=Ei/Dx(1-Et) (3.1)

is used to calculate the probability (P). This technique leverages feature correlations to find an ideal subset and optimize different
parameters for better outcomes. It combines feature selection with harmony search optimization.

3.1.2.3 Recursive Feature Elimination (RFE)

Recursive Feature Elimination (RFE) is a methodical feature selection strategy wherein the least significant characteristics
are eliminated progressively. The process starts with the classifier being trained using all of the initial characteristics. Each feature's
significance is evaluated according to how well it fits the job at hand. The feature with the lowest score, which denotes a | ower
level of relevance, is then removed from the original feature set. Until the required number of feature subsets is reached, this
recursive process is repeated recursively. The RFE process can be summed up as follows: 1. Training of the Classifier: The entire
set of features is initially used to train the classifier. 2. The process of calculating a score involves quantifying each feature's
relevance and rating them. 3. Feature Elimination: A feature's reduced relevance is indicated by its lowest score, which is
systematically removed from consideration.

3.1.3 Applying Individual Classification Algorithms

The current study comprised the methodical creation of feature subsets, which were subsequently tested using several
classifiers. Classifiers that did not meet the expected performance were excluded. Using the remaining classifiers—Random Tree
(RT), K-Nearest Neighbours (KNN), Support Vector Machine (SVM), Naive Bayes (NB), Multi-layer Perceptron (MLP), Logistic
Regression (LR), and Ada Boost—a comparative analysis was conducted. The best-performing classifier was identified and the
feature subsets associated with its peak performance were identified based on specific metrics. Using this methodology simpli fied
the process of selecting the most informative feature subsets and the best classifier in an orderly fashion for the given problem.

3.1.3.1 Naive Bayes (NB)
Based on Bayes' Naive Bayes (NB) is an incredibly powerful probabilistic classifier.
R(b/a) = R(a/b)/R(b) 3.2)

R(a | b) in the context of NB denotes the posterior probability of the target class, whereas R(a) denotes the probability of the prior
class. R(b) represents the predictor's prior probability, while R(b | a) indicates the likelihood of the supplied predictor about a
specific class. By estimating the likelihood of a particular class based on the combined probabilities of several predictor factors,
NB's fundamental idea is to efficiently predict target outputs. The simplicity of this classifier and its reliance on the conditional
independence of the predictor variables make it especially useful for producing accurate and timely classification results.

3.1.3.2 Support Vector Machine (SVM)

Data points in a multi-dimensional space can be divided into distinct classes using the Support Vector Machine (SVM), a
potent algorithm that creates a decision boundary known as a hyperplane. To reduce classification errors and increase the distance
between classes, SVM typically builds two parallel hyperplanes. By finding the ideal balance between accuracy and the separation
between data points of different classes, this configuration often referred to as a maximum margin classifier ensures the most reliable

and ideal categorization.

3.1.3.3 K- Nearest Neighbour (KNN)

K-Nearest Neighbour (KNN) is a method used for example categorization that primarily depends on how close data points
are to each other. It often takes into account several neighbours and uses the Euclidean approach, which is represented by the
following equation, to calculate their distances:

D= \/(m1 —my)? + (n; —ny)? (3.3)

The distance between two points, indicated as (m1, n1) and (m2, n2), is represented by the letter "D" in this equation. By evaluating
the classes of a data point's closest neighbors, KNN is very helpful in determining the class of the data point. Pattern recognition,
classification, and data analysis can all benefit from this proximity-based method.

3.1.3.4 Random Tree (RT)

A decision tree variant known as Random Tree (RT) creates several alternative trees in a stochastic way, each with a subset
of K random attributes. By using ensemble learning, this method improves prediction accuracy and generates reliable forecasts. It
generates different tree designs by adding randomness to feature selection, combining their results to enhance prediction
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performance overall. In machine learning, random trees are frequently employed to handle complicated, high-dimensional data in
a variety of classification and regression tasks.

3.1.3.5 Logistic Regression (LR)

Logistic Regression (LR) is a statistical technique designed for handling binary dependent variables, making it particularly
suitable for binary classifications where output val ues fall within the 0 to 1 range, such as true or false and yes or no. Unlike standard
linear regression, LR can effectively manage datasets that contain nominal, categorical, or discrete variables. It establishes the
relationship between one or more nominal or ordinal predictor variables and a single binary dependent variable by employing a
sigmoidal function to transform input variables into a probability score. Logistic Regression plays a vital role in various fields like
economics, epidemiology, and machine learning, where accurately estimating the probability of binary outcomes is essential for
decision-making and modeling.

3.1.3.6 AdaBoost (Adaptive Boosting)

An ensemble classifier called AdaBoost (Adaptive Boosting) lowers errors by repeatedly combining several weak
classifiers. Based on their accuracy, it gives training samples and classifiers weights. It trains weak classifiers on random selections
of data throughout each cycle, and then merges the results. The system improves overall classification performance by prioritizing
difficult situations and dynamically adjusting weights.

RESULT AND DISCUSSION

4.1.1 Data Set

Real datasets from Kaggle and the UCI repository were used to thoroughly assess the EDMS model, with an emphasis on a
range of age groups, including infants, toddlers, adolescents, and adults. Each dataset included a large number of samples, with
292,704, 104, and 1,054 cases for children, toddlers, adolescents, and adults, respectively, and 21 unique attributes. Table [1]
provides a thorough collection of variable details and dataset acronyms. The dependability and efficiency of the EDMS model are
confirmed by this thorough evaluation, which is based on a wide range of age groups and sizable sample sizes. As a result, the
EDMS model is a valuable addition to the area of study and a good contender for publishing in scholarly publications.

4.1.2 Performance Metrics

Utilizing the below measures listed, the machine learning model's performance is measured. For this evaluation, the number
of correct forecasts and the percentage of forecasts across various threshold values are examined. Understanding how well the
model captures different prediction scenarios and maximizes its performance is made easier with this technique. Key performance
parameters, including Precision, Recall, F1-score, and Accuracy, are used in the model review process.

4.1.2.1 Accuracy
The percentage of accurately anticipated data points relative to the total number of predictions is known as accuracy, and it
is a basic statistic. It is noteworthy that the EDMS model achieves about 100% accuracy in diagnosing the illness.
The following is the formula used to determine accuracy:
Accuracy = No of Predictions / Total No of Predictions

4.1.2.2 Precision

Precision can be defined as the ratio of the total number of actual positive predictions to the number of correct positive
predictions made by the EDMS proposed model. The model achieved a flawless precision value of 1.0, indicating that it obtained
perfection. Precision is computed using the following formula:
Precision = No of Correct Positive Prediction \ Total No of Positive Prediction

4.1.2.3 Recall

The ratio of all positive cases to the model's correctly predicted positive outcomes is known as recall. Another excellent and
noteworthy result is the recall value of 1.0 that was attained. This is the recall formula:
Recall=No of Correct Positive Prediction\Total No of Values in Positive Predictions

4.1.2.4 F1-Score

The precision and recall values are weighted to create the F1-score, and the resultant F1-score is 1.0. The F1-score calculation
formula is:
F1-Score is equal to 2 * (Recall * Precision) / (Recall + Precision).
The model performs exceptionally well, as evidenced by these remarkable precision, recall, and F1-score values, making it a solid
and trustworthy diagnostic tool for well-defined identification of disorder.
By contrasting different single-learning classifiers, a new model with improved early autism prediction potential is shown in Figure
[2]. Accuracy and execution time can be enhanced by utilizing Principal Component Analysis (PCA) and integrating the AdaBoost
Classifier into the Ensemble Classification for Autism pre-diagnosis (EDMS). The outcomes of the EDMS model surpassed those
of earlier models, providing a useful instrument for the early diagnosis of autism spectrum disorder (ASD).
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Figure 2. Accuracy Comparison Among Different ML Models with Toddler, Child, Adolescents, and Adult Datasets.

CONCLUSION

In summary, EDMS can appear early in life and have a significant impact on a person's physical, social, emotional, and
cognitive health. The difficulties in correctly diagnosing and treating EDMS highlight how crucial this research is to improving our
comprehension of the complex aspects of this illness. Principal Component Analysis (PCA) was utilized to predict EDMS, and it
was contrasted with several different techniques, such as Support Vector Machines (SVM), Naive Bayes, Random Forest (RF),
Logistic Regression (LR), KNN, and AdaBoost. It was evident from this comparison that AdaBoost yielded the most accurate
findings. Notably, the Existing method also investigated the application of unsupervised machine learning methods to autism
prediction. These techniques did not, however, produce the required level of accuracy. Accuracy was greatly increased by
incorporating the Synthetic Minority Over-Sampling Technique (SMOTE) to overcome this. The target demographic expansion is
one significant improvement in the suggested methodology. The method goes beyond the current system's limitations by forecasting
EDMS for children, adults, and adolescents in addition to adults, toddlers, and adolescents. With this extension, people will have
the chance for early intervention and diagnosis, which is a big development in early-stage diagnosis. The future direction of this
research will center on using larger datasets along with early detection in the fetal stage to improve accuracy even more. Even more
accurate predictions and a deeper comprehension of EDMS are anticipated as a result of access to larger datasets, which the study
is currently using to work with.
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