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Abstract—Autism Spectrum Disorder(ASD) is defined by deficits in social communication and
repetitive sensory-motor behaviors that are heavily influenced by both genetic factors and
environmental triggers. Genetic factors play a vital role in ASD, although environmental
conditions also contribute to the disorder. Rare copy-number variations in DNA are a
significant risk factor for ASD. The current diagnosis process for ASD involves clinically based
standardized tests, resulting in a lengthy and expensive procedure. To improve diagnosis
accuracy and speed, machine learning approaches are being implemented in conjunction with
traditional methods. We have implemented different machine learning algorithms, such as
Support Vector Machine, Linear Regression Analysis, Naive Bayes, and Random Forest, to
classify medical data, determine the association between variables, make real-time predictions
and signify attribute relationships in computational biology and genetics research.
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|. INTRODUCTION

ASD is a complex neurodevelopmental disorder that affects social interaction, communication, and behavior.
People diagnosed with ASD have a range of symptoms, which is why it is referred to as a "spectrum™ disorder.
Some of the classic symptoms include problems in communicating, particularly in social situations, obsessive-
compulsive hobbies, and repeated mannerisms. Early and accurate diagnosis of ASD is critical for successful
intervention and improving the lives of children with ASD. However, diagnosing ASD can be difficult due to the
wide range of symptoms and varying degrees of severity.

ASD is a complex neurodevelopmental complaint that affects interaction with society and causes communication
problems and behavior problems that differ from other normal people. Some individuals may have mild
symptoms and relatively high functioning, while others may have more significant challenges that require
extensive support [9]. Predicting ASD is a challenging task that requires the use of advanced machine learning
algorithms and deep learning techniques to accurately identify subtle differences in behavior and social
interaction between individuals. Machine learning techniques appear to be a viable alternative for streamlining
the entire diagnosis process and assisting families in receiving vital therapies sooner. In recent years, researchers
have created a number of machine learning algorithms to predict ASD. These techniques include collecting
characteristics from data and then training a machine learning model to categorize the data into one of the
categories, such as autistic or non-autistic. The performance of these models has been encouraging, with
excellent accuracy.
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This paper proposes a model to aid in the prediction of ASD in an individual so that a diagnosis can be made
and further treatments can be pursued. The dataset used is the Prediction of Autistic Spectrum Disorder is from
the SFARI GENE dataset. The datasets provide information on the many aspects that influence the disorder's
prediction. For each dataset, machine learning methods such as decision tree, random forest, logistic regression,
and support vector classifier are used to discover the best model. Confusion metrics are used to analyze and
compare each model from every angle in order to determine which machine learning algorithm is best for the
dataset under consideration. The goal is to increase the accuracy and speed of diagnosis, ultimately leading to
earlier intervention and better outcomes for individuals with ASD.

Il. LITERATURE REVIEW

About 10-20% of instances of autism spectrum disorder (ASD) are likely due to defined mutations, genetic
disorders, and de novo copy number variation, with none of these known causes accounting for more than 2% of
cases. No evidence supports a single cause of ASD by specific chemicals or disorders. Molecular connections
across ASD-related diseases can uncover dysregulated signaling pathways [1]. AutDB is an integrated, disease-
driven database model that gathers and annotates data on both small and monogenic candidates for ASD risk. It
involves searching, annotating, storing and visualization to identify 26 potential genes. Since 2003, there has
been a constant stream of single gene mutations in ASD, and the ratio of reported single-gene alterations to
candidates discovered through genetic association studies is changing. It is discovered numerous changes in the
CNS's development, including reduced programmed cell death and/or increased cell proliferation, altered cell
migration with disturbed cortical and subcortical cytoarchitectonics, abnormal cell differentiation with smaller
neuronal size, and altered synaptogenesis [2].

Research findings from genetics and molecular studies indicate that synaptic function impairment is a significant
factor in ASD. Genes that regulate synaptic functions have been observed to be altered or mutated in individuals
with ASD. This can lead to altered sensory processing, cognitive deficits, hyperactivity, and seizures by
disrupting the balance between excitatory and inhibitory neurotransmission [3]. ASD exhibits significant genetic
heterogeneity, including both allelic and site heterogeneity. The new results suggesting up to 234 loci
contributing to ASD risk39 are likely even an underestimation, according to the exome sequencing research [4].
Linkage analyses have revealed that En2 has emerged as a strong candidate for association with the autism
phenotype, a specific genetic mutation in NLGN4 has been identified as being responsible for rare cases of
mental retardation and/or pervasive developmental disabilities, and a linkage region on chromosome 17q has
been confirmed in independent samples. These findings present opportunities for substantial advancement in the
field of autism diagnosis [5]. Synaptic function impairment and disrupted neurodevelopment processes [6]. The
discovery of a higher proportion of concordance (sharing the diagnosis) among MZ pairs suggests that genes
play a significant role in the etiology of an illness. [8]. In [9-10] authors have addressed ASD using gene
expression, and have discussed the importance to detect ASD in nurturing children, CDC released a report citing
a prevalence of ASD of 16.8 per 1000 in 2014, a significant increase from 14.7 per 1000 in 2010. a well-trained
classification model (based on transfer learning) to detect autism from an image of a child. These gene
expression data combined with various deep learning technique showcases heterogeneity in ASD which is
lengthy and time consuming process.

From the given information we can infer that ASD exhibits significant genetic heterogeneity, with numerous
genes and mutations implicated in its development. Hence we have implemented machine learning techniques to
build a prediction model for accurate and efficient ASD Diagnosis.

1. METHODOLOGY

Genomic research has confirmed that autism has a strong hereditary component, with a considerable proportion
of its risk associated with rare, high-impact genetic variation. Such variation can include chromosome
abnormalities, copy-number variations, and single-nucleotide variations. These studies have also highlighted a
remarkable degree of genetic diversity, indicating that both sporadic mutations and rare inherited genetic
variations can contribute to autism risk. Moreover, these variations are likely to be dispersed across several
genes. The figure [1] depicts the system architecture of our model.

The data was collected from SFARI dataset which contains 1091 values and several attributes including gene-
symbol, gene-name, ensemble-id, chromosome, genetic-category, gene-score, syndromic, eagle, and number-of-
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reports. Gene-name refers to the name of the gene associated with autism spectrum disorder (ASD), while gene-
symbol is a unique symbol assigned to each gene. the dataset’s gene-score is divided into 4 different categories
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Figure 1: System Architecture

a. S (Syndromic): Mutations associated with a higher risk of ASD and additional characteristics beyond
what's required for an ASD diagnosis.

b. 1 (High Confidence): The most rigorous threshold of genome-wide significance. Requires at least 3 de
novo mutations and a false discovery rate threshold of <0.1.

c. 2 (Strong Candidate): Genes with 2 reported de novo likely gene-disrupting mutations.

d. 3 (Suggestive Evidence): Genes with a single reported de novo likely gene-disrupting mutation or rare
inherited mutations, which have not undergone rigorous statistical comparison with controls.

1. The Genetic — category refers to the classification of a gene into one of the 4 genetic categories.

2. Rare Single Gene Mutation

3. Rare Single Gene Mutation, Functional

4. Rare Single Gene Mutation, Genetic Association

5. Rare Single Gene Mutation, syndromic.
The chromosome section of the dataset provides information about the specific chromosomal location where a
gene can be found.
Ensembl ID (Ensembl Gene ID): A system used to assign unique identifier codes to genes in different species,
consisting of five parts [e.g. ENSG00000183044] where it is represented as ENSG (species) (object type)
(identifier) (version).
Chromosome Number: A field that identifies the chromosome number responsible for the change in the gene, as
specified in our dataset.
Gene Score: A numerical value assigned to a gene that reflects its relative importance or significance in a certain
context, such as gene expression analysis. The exact calculation of gene scores can vary depending on the
specific analysis and the research question. Gene scores can provide a simplified way to rank genes and
prioritize further study or analysis. In our case, the gene score is calculated using de novo assembly.
De novo assembly: A method for constructing genomes from a large number of (short or long) DNA fragments,
with no prior knowledge of the correct sequence or order of these fragments.
Number of Reports: A field that stores how many similar conditions have been found so far.
Eagle Score: A specific metric used to measure the similarity of gene expression profiles across different
samples. The eagle score is calculated by comparing the expression of a given gene in one sample to the
expression of the same gene in another sample and can be used to identify genes that have similar patterns of
expression across different conditions or time points.
B. Data Cleaning
The Ensembl Gene ID is a composite identifier that includes both a string prefix and numerical values. However,
to facilitate machine learning analyses, the string prefix (ENSG-) has been removed, and only the numerical
values are retained in the dataset. Pre-processing steps were conducted to ensure the quality of the dataset is
precise, which included replacing all missing values with zeros (NaN to 0), and normalization of the data to
ensure a consistent scale across all features. During the data cleaning process, redundant information such as
gene symbol and gene-name were eliminated, and only the Ensembl ID was retained as the unique identifier for
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genes in the dataset. The Eagle values were kept persistent. The dependent variable in this dataset is the attribute
called "Syndromic," which is binary in nature containing values of 0 or 1. A value of 0 indicates a negative
association with ASD (autism spectrum disorder), while a value of 1 indicates a positive association with ASD.
The figure [2] shows the distribution of the dependent variable in our dataset.

Distribution of Syndromic

Figure 2: Frequency of syndromic values

Supervised learning is a type of machine learning that can be applied to both classification and regression
problems. One popular approach in supervised learning is ensemble learning, where multiple classifiers are
combined or grouped together to solve complex problems and improve model performance. In this study, we
focus on implementing the Random Forest algorithm, which is an ensemble learning approach that aims to
achieve higher performance metrics compared to other algorithms.

Algorithm

Algorithm Random Forest Classifier()

{

Input: Data set with size S which consists on [mxn] values Output: Predicting output “Test set result”

{
1. Data Pre-processing of Dataset D
/lmport the Libraries //Import the Dataset
D = Dataset
/[Extracting the independent and Dependent variable
X -> Independent variables
Y -> Dependent variable
/ISplitting data into training and testing data in 8:2 ratios such as X_train, x_test, y_train, y_test
[[future Scaling
Fitting the Random Forest algorithm to the training set
/Iwith entropy as criterion and randomness = 10
classifier=RandomForestClassifier(n_estimator=10, criterion="entropy”)
/limporting RandomForest function to classifier variable. classifier.fit(x_train, y_train)
3.Predicting the Test set result
y_pred -> classifier.predict(x_test) //Output
4. Creating Confusion Matrix for Accuracy chromosome! by ‘gene-score’ and ‘syndromic’
cm -> confusion_matrix (y_test, y_pred ) }
C. Data Analysis and Prediction

‘chromosome’ by 'gene-score'
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Figure 3:: Gene score on chromosomes Figure 4:chromosome by gene-score and syndromic

From figure [3] we can understand that chromosome number two has the highest gene score with a value of 2"
most of the time, followed by chromosome one with a gene score of "1". This suggests that most of the
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chromosomes are either Strong Candidates or High Confidence. The blank values indicate the number of times
the gene score is syndromic "s", indicating an uncertain relationship with autism spectrum disorder. In figure [4],
the y-axis represents the number of genes, while the x-axis represents the different gene scores. The values 0 and
1 on the x-axis indicate the absence or presence of ASD, respectively. The blank section on the x-axis
corresponds to syndromic cases. From the graph, we observe that genes with a gene score of 1 (High
Confidence) have a higher tendency to be associated with positive ASD (value 1 on the y-axis) as compared to
gene scores 2 and 3. On the other hand, genes with gene score 2 are mostly associated with negative ASD (value
0 on the y-axis). Furthermore, the blank syndromic section shows that there is an equal distribution of positive
and negative ASD cases.

After pre-processing the data using "sklearn™ preprocessing techniques and replacing all NaN values with "0",
the dataset is split into two sets: "test data" and "training data" in a 2:8 ratios. The training data is used to
evaluate various machine learning algorithms to determine the best algorithm for predicting the syndrome. The
correlation relationship between each attribute is shown in the figure [6], with lighter colors indicating higher
correlations between attributes. This figure indicates that the dataset is not overfitted.
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Figure 5: Correlation of Attributes.

IV. PERFORMANCE METRICS

True Positive (TP): The number of values predicted is true and is true.
False Negative (FN): The number of values predicted is false, but is true.
True Negative (TN): The number of values predicted is false and is false.
False Positive (FP): The number of values predicted is true, but is false.

Accuracy: It is the ratio of the number of correct predictions to the total number of predictions.
Number of correct predictions

o] Accuracy = —
Total number of predictions

. Sensitivity / Recall: Sensitivity is the fraction of individuals who will be correctly predicted as positive
class. High sensitivity means a greater number of individuals have been correctly predicted to have ASD.

o] Sensitivity =

TP+FN
. Specificity: Specificity is the fraction of individuals who will be correctly predicted as negative class.
High specificity means a greater number of individuals have been correctly predicted not to have ASD.
oo .. TN
o] Specificity = ey

V. RESULTS

Four distinct machine learning algorithms, including Support Vector Machine, Random Forest, Logistic
Regression, and Naive Bayes, have been utilized to analyze the preprocessed dataset. Among all the algorithms,
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Random Forest exhibited the highest accuracy, sensitivity, and specificity based on various performance metrics.
Therefore, Random Forest has been chosen for further prediction of the syndrome

TABLE |: PERFORMANCE MATRIX OF DIFFERENT ALGORITHMS

Algorithm Accuracy Sensitivity | Specificity
SVM 0.7743 0.9728 0.1435
Random Forest 0.831 0.8524 0.7223
Logistic
Regression 0.7442 0.7806 0.4347
Naive Bayes | o 7605 0.7968 0.5185

Performance Metrics
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Figure 6: Performance Matrix of different algorithms

We implemented the Django framework to create a local website. The inputs were taken such as patient details
like ensemble-id, chromosome number, Gene score and eagle value if not 0 and number of reports which further
predict whether the given data is ASD positive or ASD negative.

Figure 7: Home Page Figure 8:Prediction page for negative value  Figure 9:Prediction page for positive values

V1. CONCLUSION

The neurological disease known as autism spectrum disorder (ASD) is characterized by issues with speech,
social interaction, and repetitive behaviors. In this work, we used the SFARI gene set dataset, which included
1094 samples with autistic and non-autistic results, from the official website. To analyze our dataset, we used a
variety of machine learning techniques, such as Support Vector Machine, Random Forest, Logistic Regression,
and Naive Bayes Algorithm. The confusion matrix, a tool for assessing the precision of classification and
regression algorithms, was used to gauge the effectiveness of these methods. The findings revealed that the
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algorithm’s respective levels of accuracy were 77.43%, 83.11%, 74.43%, and 76.26%. These results led us to the
conclusion that Random Forest offered the dataset's most dependable accuracy. Therefore, we proceeded further
with Random Forest to analyze the dataset and produce the efficient result of autistic positive or negative.
Furthermore, the system will save user input as values in a CSV file and count the occurrences of the same
ensemble ID while prompting users to enter their locality. The findings can be used on the website for further
analysis.
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