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Abstract

Background: Autism Spectrum Disorder (ASD) is a complex neurodevelopmen-
tal disorder that affects social communication, behavior, and cognitive development.
Patients with autism have a variety of difficulties, such as sensory impairments, at-
tention issues, learning disabilities, mental health issues like anxiety and depression,
as well as motor and learning issues. The World Health Organization (WHO) es-
timates that one in 100 children have ASD. Although ASD cannot be completely
treated, early identification of its symptoms might lessen its impact. Early identifi-
cation of ASD can significantly improve the outcome of interventions and therapies.
So, it is important to identify the disorder early. Machine learning algorithms can
help in predicting ASD. In this thesis, Support Vector Machine (SVM) and Random
Forest (RF) are the algorithms used to predict ASD.

Objectives: The main objective of this thesis is to build and train the models using
machine learning(ML) algorithms with the default parameters and with the hyper-
parameter tuning and find out the most accurate model based on the comparison of
two experiments to predict whether a person is suffering from ASD or not.
Methods: Experimentation is the method chosen to answer the research questions.
Experimentation helped in finding out the most accurate model to predict ASD. Ex-
perimentation is followed by data preparation with splitting of data and by applying
feature selection to the dataset. After the experimentation followed by two exper-
iments, the models were trained to find the performance metrics with the default
parameters, and the models were trained to find the performance with the hyper-
parameter tuning. Based on the comparison, the most accurate model was applied
to predict ASD.

Results: In this thesis, we have chosen two algorithms SVM and RF algorithms to
train the models. Upon experimentation and training of the models using algorithms
with hyperparameter tuning. SVM obtained the highest accuracy score and f1 scores
for test data are 96% and 97% compared to other model RF which helps in predicting
ASD.

Conclusions: The models were trained using two ML algorithms SVM and RF and
conducted two experiments, in experiment-1 the models were trained using default
parameters and obtained accuracy, fl scores for the test data, and in experiment-2
the models were trained using hyper-parameter tuning and obtained the performance
metrics such as accuracy and fl score for the test data. By comparing the perfor-
mance metrics, we came to the conclusion that SVM is the most accurate algorithm
for predicting ASD.

Keywords: Autism Spectrum Disorder(ASD), Classification, Data pre-processing,
Feature selection, Machine learning algorithms, Random Forest Classifier, Support
Vector Classifier.






Acknowledgments

We would like to express our sincere gratitude to our supervisor Shahrooz Abghari
for his continuous support and guidance throughout the thesis. We are thankful for
his time for reviewing our research and providing valuable suggestions for our thesis
report. We are also thankful to our family and friends for their support.

Authors
Naga Sai Gayathri Aravapalli
Manoj Kumar Palegar

il






Contents

Abstract i
Acknowledgments iii
List of Acronyms Xi
1 Introduction 1
1.1 Research Gap: . . . . . . . . . . .. 2
1.2 Aim and Objectives . . . . . . . . . . ... 2
1.21 Aim: . .o o 2

1.2.2  Objectives: . . . . . . . .. 3

1.3 Research Questions . . . . . . . . . . . ... ... ... ... ... 3
1.4 Ethical, societal and sustainability aspects . . . . . . .. ... .. .. 4
1.4.1 Outline of Thesis . . . . . . . . ... ... ... ... ... .. 4

2 Background 5
2.1 Autism Spectrum Disorder . . . . . . ... ... 5
2.2 Machine Learning . . . . . . . . . ..o )
2.3 Machine learning algorithms . . . . . . . ... ... 000 6
2.4 Experimental Environment . . . . . . .. ... 6
2.5 Performance Metrics: . . . . . ... 8

3 Related Work 11
4 Method 13
4.1 Data Collection . . . . . . . . .. .. 14
4.2 Data Preparation . . . . . . . ... Lo 15
4.2.1 Data Preprocessing . . . . . . . ... ... 15

4.2.2  Splitting thedata . . . . . . ... ..o 16

4.2.3 Feature Selection . . . . .. ... oL 16

4.3 Model Validation . . . . .. . . ... 17
4.4 Experiment-1: Default parameters . . . . . . .. ... ... ... ... 18
4.4.1 'Training and Testing the models . . . . . . . .. .. ... ... 18

4.5 Experiment-2: Hyper-parameter tuning . . . . . . . . . ... ... .. 18
4.5.1 Training and Testing the model . . . . . . . .. ... .. ... 18

4.6 Final model and Prediction . . . .. .. .. ... ... ... ..... 20



5 Results and Analysis

5.1 Results for Experiment-1 . . . . . . . . . ... ... ... ...
5.2 Results for Experiment-2 . . . . . ... ..o

6 Discussion

7 Conclusions and Future Work

7.1 Conclusions . . . . . . .
7.2 Future work . . . . .

References

vi

21
21
22

23

25
25
25

27



1.1

4.1
4.2
4.3
4.4
4.5
4.6
4.7

4.8

6.1
6.2

List of Figures

The input and output parameters of the model . . . . . .. . .. .. 2
Flowchart for methodology . . . . . . . . .. ... ... ... .. ... 14
Overview of the dataset . . . . . . .. ... .. ... .. ....... 14
Overview of the dataset after pre-processing . . . . . . .. .. .. .. 16
Splitting the data using train_test split function . . . . . . . .. .. 16
Feature Selection code snippet . . . . . . . . .. ... 17
The process involved in 3-fold cross-validation and final test . . . . . 18
Code snippet for using parameters and selecting the best parameters

of SVM with hyperparameter tuning . . . . . . . . ... ... .... 19
Code snippet for using parameters and selecting the best parameters

of RF with hyperparameter tuning . . . . . . ... .. ... .. ... 19
ASD is predicted . . . . ..o 24
The obtained results for the related work, we discussed . . . . . . .. 24

vil






5.1
5.2
5.3
5.4

List of Tables

Training results of Experiment-1. . . . . . . . ... ... ... .... 21
Testing results of Experiment-1 . . . . . . . . ... ... ... .... 21
Training results of Experiment-2 . . . . . . . . ... ... ... .... 22
Testing results of Experiment-2 . . . . . .. ... ... ... 22

X






ASD Autism Spectrum Disorder
KNN K-Nearest Neighbors

LR Logistic Regression

ML Machine Learning

NB Naive Bayes

RF Random Forest

SVM Support Vector Machine
SVC Support Vector Classifier

SD Standard Deviation

X1

List of Acronyms






Chapter 1

Introduction

A neurological disorder called ASD affects a person’s ability to interact socially,
communicate, and learn. Although autism can be identified at any age, the bulk of
its symptoms start to show around the age of two and worsen over time. Patients
with autism have a variety of difficulties, such as sensory impairments, attention
issues, learning disabilities, mental health issues like anxiety and depression, as well
as motor and learning issues [11].

On a global level, the incidence of autism is currently experiencing a significant
and notable rise. The WHO estimates that one in 100 children have ASD [34]. While
some people with this condition are able to live independently, others need constant
care and support.

Although ASD cannot be completely treated, early identification of its symptoms
might lessen its impact [34]. There is some optimism for the early identification
of ASD based on a range of physical and physiological symptoms because of the
application of ML in the precise prediction and detection of many disorders. Due
to the symptoms of other mental health conditions being similar to those of ASD,
diagnosing and analyzing ASD can be difficult and may result in false positive results
[10]. However, if the characteristics of an ML-based model could be utilized to explain
why it predicts ASD, medical professionals might be better equipped to make an
informed choice during the early diagnosis phase.

This served as the motivating force behind our effort because early ASD detection
would improve the quality of life for patients and their families by minimizing the
consequences of the symptoms and giving quality, responsible treatment. One of
the most significant uses of data mining, which is helpful for decision-making in a
wide range of everyday issues is classification algorithms. With the help of various
categorization approaches, this suggested system aims to predict ASD in its early
phases. ML algorithms can identify the early symptoms of ASD, which may not be
very easily detected by human evaluation. ML algorithms can handle large datasets,
identify patterns, and can generate predictive models that can be used for future
diagnosis.

We are using SVM and RF algorithms due to their high accuracy, ability to
handle large datasets, and interpretability [19]. SVM is a powerful algorithm for
classification tasks and has the capability of performing binary and multi-class clas-
sification on a dataset. It works well in high-dimensional spaces and can handle
complex datasets with non-linear boundaries. RF is a versatile algorithm that can
handle both classification and regression tasks. It works well with large datasets,
noisy data, and data with non-linear relationships between the features and the tar-
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get variable. It is important to consider the specific characteristics, target variable,
and the desired level of accuracy. The characteristics such as datatype and feature
selection and also important to consider the target variable, whether the data is
balanced or not, and the performance metrics.

Hyper
parameters
k
Input N | Output
P Model > OUP
parameters parameter

Figure 1.1: The input and output parameters of the model

In the data and the ML algorithms we have taken, the input parameters are the
variables or attributes that the model uses as input to make predictions. Here, the
considered variables are selected features from the data that are highly dependent
on the response to produce output parameters. The output parameter is the target
variable (class label) that the model is trained to predict. Here, the produced output
is ASD traits from the data. Each ML algorithm can have one to various hyper-
parameters. In the case of default values, the performance of the built models can
be sub-optimal. Tuning hyperparameters allows the ML algorithms to use the most
suitable values for their parameter based on the training set. The considered models
to identify ASD are SVM and RF and the considered hyperparameters for SVM are
'C’, and 'Kernel” and the hyperparameters for RF are 'n__estimators’, 'max_depth’,
‘min__samples split’. This process can be seen in the above figure.

1.1 Research Gap:

The similarity in symptoms between ASD and other mental health conditions can
complicate the diagnosis process, potentially leading to false positive outcomes. How-
ever, using an ML-based model’s features to explain ASD identification could enable
healthcare providers to make better choices during the first diagnosis phase. It serves
as a motivating force for this research [29].

1.2 Aim and Objectives

1.2.1 Aim:

The main aim of the thesis is to identify the best-performing algorithm among the
selected ML algorithms, SVM and RF, in identifying ASD. To identify the best
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algorithm, a comparison of performance metrics is done between the selected ML
algorithms.

1.2.2 Objectives:

1. Applying data preprocessing techniques on the selected data. The dataset
contains numerical and categorical features where we performed data processing
to transform the categorical data into ordinal to facilitate the task of ML
algorithms.

2. Splitting the data into train and test datasets after data pre-processing. This
division is essential to train the models on a subset of a data while evaluating
their performance on another subset, ensuring that our models can identify
well on unseen data.

3. Perform feature selection on trained data. Feature selection is used to select
the features which are highly dependent on the response.

4. Performing two experiments.

e Experiment-1 training and testing the data with default parameters.

e Experiment-2 training and testing the data with hyper-parameter tuning.

5. Evaluating the performance of the build models in each experiment.

1.3 Research Questions
RQ1. How well do the chosen algorithms (SVM and RF) recognize ASD?

Motivation: The reason for studying this research question is to evaluate the effec-
tiveness and limitations of ML algorithms in precisely identifying ASD. The results
of these studies can help with enhancing the interpretability of the results and poten-
tially improving the accuracy, resulting in better medical outcomes for people who
have ASD.

RQ2. To what extent will parameter tuning affect the performance of the selected
algorithms, and how?

Motivation: The reason for studying this research question is to explain how tuning
the parameters can affect the performance of the RF and SVM algorithms. Tuning
the parameters may lead to improvements in performing metrics such as accuracy
and F1 score, which are important metrics. Hyperparameters of the classifier will
influence the choice of features that may lead to producing good accuracy and F1
score.
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1.4 Ethical, societal and sustainability aspects

The study makes use of a publicly accessible dataset from Kaggle, which doesn’t
affect the privacy of any users. This research takes measures to ensure privacy is
not breached, unlike many others that compromise user privacy when examining
consumer behavior.

With the creation of ML-based solutions and the enhanced accuracy and relia-
bility of these studies can assist doctors in their diagnosis of ASD. By ensuring that
individuals with ASD receive the treatment they require to survive, these character-
istics can have a positive impact on society.

The use of ML algorithms for ASD identification may require significant compu-
tational resources, which can have environmental implications. To address this, it
is important to explore energy-efficient computing solutions and to ensure that data
centers and other computing facilities are designed with sustainability in mind. This
can be achieved, with the help of feature selection and parameter tuning. It requires
measuring the timely execution of the selected algorithms in a few scenarios, e.g.,
building a model using identified features from the feature selection process and the
default parameters of each algorithm, then building a model using identified features
and with parameter tuning.

1.4.1 Outline of Thesis

The outline of the thesis section describes the whole structure of the thesis. The first
chapter describes the introduction of the thesis. Aim, objectives, and research ques-
tions are the few sections of this chapter. The aim and objectives section describes
the goal of the thesis and the research questions are the questions that we would like
to research. The next chapter is about the background of the thesis. This chapter
includes several topics we used in this thesis and gives detailed information about the
ML and ML algorithms and performance metrics that we calculated in this thesis.
The next chapter describes the related work of the thesis. This chapter explains the
related work of the ASD using ML algorithms. And the next chapter describes about
methodology of the thesis and about how we achieved the aim and the process to
achieve the aim. Next chapter describes the results of the problem we worked on.
The next chapter is Discussions, this chapter discusses about the research questions
and the analysis of the method. The next chapter discusses about the conclusions
and future work. This chapter includes the main conclusions of the research work
and about the future works of the thesis.



Chapter 2

Background

2.1 Autism Spectrum Disorder

Communication, behavior, and social interaction are affected by the complex neu-
rodevelopment disease known as ASD. The term spectrum describes the broad va-
riety of symptoms and degree of severity that may occur in people with ASD. The
identification of ASD is often made in childhood and it rarely happens in adults.
Observation, standardized test are the common techniques used in diagnosis process.
Some of the common features of ASD are difficulty in understanding non verbal
communication, difficulty in making eye contact.

ML is an approach for identifying ASD that involves training algorithms on the
data in order to find characteristics and patterns that are specific to ASD. By using
ML techniques we can increase the diagnosis speed and accuracy. The dataset of
people with and without ASD is required for generating a machine learning model
for ASD diagnosis. The dataset should include symptom profiles, medical history,
and diagnostic standards. It is very important to label the dataset and based on the
gold standard diagnosis each person should classify suffering or not suffering from
ASD.

2.2 Machine Learning

Machine Learning is a branch of Artificial intelligence that enables the machine to
automatically learn from the data, improve performance from past experiences, and
make predictions [9]. Tt is classified into three types: supervised, unsupervised, semi-
supervised, and reinforcement learning. It is useful for a wide range of applications
and to predict the disorders which we used in this thesis [18].

Supervised learning: Supervised machine learning is based on supervision. That
is, in supervised learning, the algorithm learns the relationship among the features
with the class labels, and based on the training, the machine predicts the output [22].
(Classification: The output variable is categorical, such as categorizing photos or pre-
dicting whether or not a customer will buy a product.

Regression: The output variable is continuous, such as forecasting the price of a
house based on its features or product demand.

Unsupervised learning:It is a sort of ML in which the algorithm is trained on
a dataset that was not previously labeled. Without any specified output variable to
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forecast, the algorithm learns to detect patterns and relationships in the input data.
The algorithm tries to group similar instances together or discover attributes that
describe the data’s underlying structure [3].

Clustering: The algorithm clusters together similar instances based on their charac-
teristics.

Dimensionality Reduction: The algorithm minimizes the number of features in the
data while retaining as much information as possible.

Semi-supervised learning: Combining aspects of supervised and unsupervised
learning is known as semi-supervised learning. A small amount of labeled data and
a large amount of unlabeled data are used to train a model in this process. The un-
labeled data can help the model develop better representations and generalize well
to new, unseen data [13].

Reinforcement learning: Reinforcement learning is a feedback-based learning
process, in which an Al agent automatically explores its surroundings by hit and
trial, taking action, learning from experiences and improving its performances [35].

2.3 Machine learning algorithms
This section describes the Ml algorithms used in this thesis:

Support Vector Machine

SVM is a classification and regression prediction tool that automatically prevents
over-fitting to the data while maximizing predicted accuracy. SVMs were initially
created to address the classification issue, but more recently they have been further
developed to address regression issues. However, SVM can be sensitive to the choice
of kernel function and hyperparameters [16].

Random Forest

A method for classification, regression, and anomaly detection is called Random For-
est. The method functions by building a group of decision trees and combining their
predictions. A random subset of the data and characteristics are used to train each
decision tree. RF is resilient to overfitting and can handle categorical and contin-
uous data. RF' is widely used in applications including stock price prediction, text
classification, and picture classification [4].

2.4 Experimental Environment

Python

Python is a widely used language in ML due to its simplicity, easy-to-learn syntax,
and large community support. It offers a vast ecosystem of libraries and frameworks
such as Scikit-learn, TensorFlow, Keras, and PyTorch. These tools help to enable
quickly developing and deploying ML models. Python also has libraries like Pandas
and NumPy, which simplify data preprocessing and manipulation. In this thesis,



2.4. Experimental Environment 7

python programming is used to develop models for various ML algorithms such as
SVM and RF algorithms. Additionally, the following libraries are used to manipulate
the data in the thesis [24].

Pandas:

Pandas is a widely used library in the field of ML due to its data manipulation, data
handling, and data visualization capabilities. It provides data structures such as data
frames and series that are essential for ML applications. It simplifies the data prepro-
cessing and cleaning process, which is a crucial step in building accurate and reliable
ML models. The library integrates seamlessly with other ML libraries, such as Scikit-
learn, making it an essential tool for building end-to-end ML pipelines. In this thesis,
pandas are used to read the data and manipulate the rows and columns [20].

Numpy:

NumPy is a fundamental library for scientific computing in Python, and it’s exten-
sively used in ML. It offers powerful tools for linear algebra, numerical operations,
and array manipulation, making it a go-to choice for handling large datasets. NumPy
provides an efficient N-dimensional array object, which is used for representing nu-
merical data in machine learning models. Its fast and reliable performance makes it
a crucial component of many popular machine-learning libraries like sci-kit-learn. In
this thesis, NumPy is used to manipulate the dataset [7].

Scikit-learn:

Scikit-learn is a popular Python library for ML that offers simple and efficient tools
for data mining and data analysis. It provides a wide range of machine-learning algo-
rithms, including classification, regression, clustering, and dimensionality reduction.
Scikit-learn is built on top of NumPy and it integrates well with other Python li-
braries like pandas and seaborn. In this thesis, the Sklearn module is used to import
all the algorithms, preprocessing, and model selection techniques [12].

train _test split: ‘train_test_split’ is a function in the scikit-learn library that
is commonly used to split a dataset into a training set and a testing set. It takes
an input dataset and a specified test size as input, and randomly splits the dataset
into two separate subsets: a training set and a testing set. The training set is used
to train a ML model, while the testing set is used to evaluate the performance of
the model on unseen data. By splitting the data into training and testing sets, we
can avoid overfitting and get a more accurate estimate of how well the model will
perform on new, unseen data [6].

Stratified kfold:

Stratified k-fold is a cross-validation technique used in ML to ensure that the training
and validation sets have proportional representation of the target variable classes. In
this technique, the data is divided into k-folds, and each fold is split into training and
validation sets while maintaining the proportion of classes in each set. This helps in
reducing the bias that may arise from imbalanced class distributions and ensures that
the model is trained and evaluated on a representative sample of the data. In this
thesis, the Stratified kfold technique is used for the M1 models for better accuracy [25].
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GridSearchcv:

GridSearchCV is a ML technique used for hyperparameter tuning. It involves search-
ing for the best combination of hyperparameters for a given model. Hyperparameters
are parameters that are set prior to training and cannot be learned from the data.
GridSearchCV generates all possible combinations of hyperparameters, trains and
evaluates a model for each combination using cross-validation, and returns the com-
bination of hyperparameters that results in the best performance according to a
specified evaluation metric. In this thesis, the GridSearchev technique is used for Ml
models to tune the hyperparameters for better accuracy [23].

2.5 Performance Metrics:

After training a ML model, it’s important to evaluate its performance before making
predictions. There are several performance metrics used in ML for this purpose. For
classification problems, some commonly used metrics include the confusion matrix,
classification report, classification accuracy, ROC curve, and AUC curve. Precision
and recall are also important metrics for sorting algorithms. Among these perfor-
mance metrics, Accuracy and F1 scores are calculated to provide insights into how
well the model is performing and can be used to compare different models or fine-
tune the parameters of the existing model for better performance [15]. Accuracy can
determine the effectiveness of classification algorithms. The following Accuracy and
F1 scores are calculated in this thesis.

Accuracy:

Accuracy is a common evaluation metric used in classification problems. It measures
the proportion of correctly predicted outcomes to the total number of outcomes. It
is calculated by dividing the number of correct predictions by the total number of
predictions made [21]. Mathematically, it is defined as:

Number of Correct Predictions
Total Number of Predictions

Accuracy =

Precision:
Precision is related to the accuracy of predictions made by the model. Precision
calculates the proportion of the model’s predictions that are accurate [27].

True Positives

Precision =
True Positives + False Positives

Recall:

Recall is also related to the accuracy of the predictions made by the model. Recall
calculates the proportion of the relevant data points that were correctly identified by
the model [27].
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True Positives

Recall =

True Positives + False Negatives

F1 score:

F1 score is an evaluation metric that measures the accuracy of the model. It is a
combination of the precision and recall scores of a model. The accuracy statistic
counts the number of times a model accurately predicted the entire data set. This
can be a reliable metric only if the dataset is class-balanced; that is, each class of
the dataset has the same number of samples [28|.

Precision * Recall
Precision + Recall

F1 score = 2 %






Chapter 3

Related Work

This chapter describes the overview of the previous work on predicting ASD. The
following five papers helps us in understanding ASD and about how ML algorithms
helps in predicting the disease.

Vaishali R, Sasikala R [30] researched on a ML based approach to classify Autism
with optimum behaviour sets. In this study, a dataset for diagnosing ASD is used,
and it consists of 21 features that were obtained from the UCI ML Repository. The
inquiry uses a wrapper technique that draws inspiration from binary firefly optimiza-
tion for swarm intelligence. According to the study’s hypothesis, using small feature
subsets could help a ML model improve classification accuracy. The findings confirm
the hypothesis since they show that a subset of 10 features out of the original 21
may successfully distinguish between people with ASD and those who do not by using
the swarm intelligence-based single-objective binary firefly feature selection wrapper.

Suman raj and Sarfaraz masood [26] proposed the analysis and detection of ASD
using ML techniques. This study looks into the viability of using different ML al-
gorithms, such as Naive Bayes, SVM, Logistic Regression, KNN, Neural Network,
and Convolutional Neural Network, to predict and analyze cases of ASD in children,
adolescents, and adults. Three different publicly accessible datasets that are specific
to people without ASD diagnoses are used to evaluate the efficacy of these proposed
strategies.

Khondaker A et.al 2| proposed a cloud-based, automated system designed for autism
screening and confirmation is called Smart Autism. This innovation is especially im-
portant in areas with limited resources since it prevents prompt interventions due
to delayed autism detection. The suggested solution is a three-tiered, mobile, inter-
active, integrated system that serves age groups spanning from 0 to 17 years old.
Initially, a smartphone app is used to administer a picture-based screening ques-
tionnaire. If signs of autism appear, a virtual evaluation with video recording and
cloud-based professional evaluation follows. Referral to the closest Autism Resource
Center (ARC) for a conclusive assessment occurs if ambiguity continues.

J.A.Kosmicki et.al [17]. proposed a search for a minimal set of behaviors for autism
detection through feature selection-based ML. That is he supposed a searching method
for the least set of traits for autism detection. In this, the authors used a ml ap-
proach to evaluate the clinical assessment of ASD. The ADOS was performed on the

11



12 Chapter 3. Related Work

subset of behaviors of children based on the autism spectrum. In this work different
ML algorithms were employed, involving stepwise backward feature identification on
score sheets from 4540 individuals.

Kaushik Vakadkar et.al [31]. proposed the detection of ASD in children using ml
techniques. He applied models such as SVM, RFC, Naive Bayes (NB), Logistic Re-
gression (LR), and KNN to dataset. Predictive models were then created utilizing
these algorithms. The study’s main objective is to identify young children’s possible
sensitivity to ASD in order to aid in a more effective diagnostic process. Notably, the
results show that among the models evaluated on the dataset, Logistic Regression
has the highest accuracy.

Bram van den Bekerom [32] proposed that they used ml for the detection of ASD.
Children’s ASD has been predicted by taking into certain characteristics, including
developmental delay, learning difficulty, and speech/language difficulties. Also, it has
been demonstrated that adding variables like physical activity, early birth, and birth
weight improves accuracy. The 1-away method was also successful in predicting the
severity of ASD with considerable accuracy. The accuracy increased significantly as
a result of this strategy, from 54.1% to 90.2%. The fact that the severity estimates
were entirely dependent on the opinions of the kids’ caretakers highlights the need
for more study in this area.

Wall et al. [33] used an Alternating Decision Tree (ADTree) to reduce the screening
time and faster detection of ASD traits. They used the Autism Diagnostic Interview,
Revised (ADI-R) method and achieved a high level of accuracy with data from 891
individuals. However, the test was limited to the age of 5 to 17 and failed to predict
ASD for different age groups (children, adolescents, and adults).

Bone et al. [8] applied ML for the same purpose and used a support vector machine
(SVM) to obtain 89.2% sensitivity and 59% specificity. Their research included 1264
individuals with ASD and 462 individuals with NON-ASD traits. However, due to
the wide range of ages (4-55 years), their research was not accepted for people of all
age groups as a screening approach.

Bekerom [32] used several ML techniques, including naive Bayes, SVM, and ran-
dom forest algorithm to determine ASD traits in children like developmental delay,
obesity, and less physical activity, and compared those results.

Heinsfeld [14] applied a deep learning algorithm and neural network to identify ASD
patients using a large brain imaging dataset from the Autism Imaging Data Exchange
(ABIDE I) and achieved a mean classification accuracy of 70% with an accuracy range
of 66% to 71%. The SVM classifier achieved a mean accuracy of 65%; while the RFC
achieved a mean accuracy of 63%.



Chapter 4

Method

This chapter outlines the methodology used in the experimentation phase to accom-
plish the objectives of the thesis and address the research questions. The experiment
involved comparing the performance of two ML algorithms trained and tested on the
dataset for identifying ASD. The two algorithms are compared based on evaluating
the performance metrics such as accuracy and the F1 score. The most appropriate
algorithm for identifying ASD has been chosen. The experimentation procedure can
be described as follows:

Collecting a suitable dataset to identify ASD is the first step to proceeding
with the experiment.

Data preparation is an important step that involves data preprocessing and
splitting the data into train and test sets.

The proposed methodology is designed with two experiments.

— Exp-1: Training the selected ML algorithms (SVM, RF) with default
parameters.

— Exp-2: Training the selected ML algorithms (SVM, RF) with hyper-
parameter tuning.

Evaluating the performance of both experiments on the test data set.

Comparative analysis of the results for the two experiments and selecting the
best algorithm to predict ASD.

13
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Data Collection

Data Preprocessing
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Splitting the data

i
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Figure 4.1: Flowchart for methodology

4.1 Data Collection

The dataset used in this thesis identifying ASD Disorder is collected from the website
Kaggle [1]. This labeled dataset contains 1054 instances and 18 attributes, including
class variables. Figure 4.2 shows the overview of the dataset.

Case_No A1 A2 A3 A A5 A6 A7 A8 A9 A1@ Age_Mons Qchat-1@-Score Sex Ethnicity Jaundice Family_mem_with_AsD who completed the test ASD
0 10 0 0 0 0 0 1 1 0 1 28 3 T middle eastern yes no family member  No
1 2 11 0 0 0 1 1 0 0 O 36 4 m White European yes no family member  Yes
2 3 1.0 0 0 0 0 1 1 0 1 36 4 m  middie easten yes no family member  Yes
3 4 1 1 1 T 1 1 1 1 1 1 24 10 m Hispanic no no family member Yes
4 5 11 0 1 1 1 1 1 1 1 20 9 f White European no yes family member Yes

Figure 4.2: Overview of the dataset

Data type: Predictive, Nominal /categorical, binary, and continuous
Attributes:

e The Q-Chat-10 questionnaire has 10 items with possible answers of " Always,"
"Usually," "Sometimes," "Rarely," and "Never."

e The dataset maps the values for items A1-A10 to either "1" or "0."
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e For questions A1-A9, [31] the description for the questions has explained below:

— A1: Child responding to you calling his/her name.

— A2: Ease of getting eye contact from child.

— A3: Child pointing to objects he/she wants.

— A4: Child pointing to draw your attention to his/her interests.
— Ab: If the child shows pretense.

— A6: Ease of the child to follow where you point/look.

— AT: If the child wants to comfort someone who is upset.

— AS8: Child’s first words.

— AQ9: If the child’s uses basic gestures. A response of "Sometimes," "Rarely,’
or "Never" is assigned a value of "1."

For question A10, if the child daydreams/stares at nothing, a response of "Al-
ways," "Usually," or "Sometimes" is assigned a value of "1."

To determine if a child exhibits potential ASD traits, the scores for all 10
questions are added together.

If the total score is greater than 3, then the child may have ASD traits.

If the total score is 3 or less, then no ASD traits are observed.

4.2 Data Preparation

4.2.1 Data Preprocessing

Preprocessing is commonly used to remove columns that are not relevant or useful
for a specific analysis or modeling task. It can also help to reduce the dimensionality
of the dataset, which can improve the efficiency and performance of models.

Data preprocessing is performed on the dataset to address missing or null values
and to balance the data. The methods from Pandas are used to replace specific
values in a data frame for toddlers with numeric values. This type of preprocessing
is commonly used to convert categorical variables with text values into numerical
variables that can be used in models. It is useful to ensure that the data is consistent
and free from errors. Figure 4.3 shows the overview of the dataset after preprocessing.
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A1 A2 A3 A4 A5 A6 A7 A8 A9 A10 Age Mons Sex Ethnicity Jaundice Family mem with_ASD Who completed the test ASD

o 0 0 0 0 0 0 1 1 0 1 28 0 0 1 0 0 0
1 i1 0 0 0 1 1 0 0O 0 36 1 1 1 0 0 1
2 1 0 0 0 0 0 1 1 O 1 36 1 0 1 0 0 1
3 T 1 1 1 1 1 1 1 1 1 24 1 2 0 0 0 1
4 i1 0 1 1 1 1 1 1 1 20 0 1 0 1 0 1
5 i1 0 0 1 1 1 1 1 1 21 1 7 0 0 0 1
6 i1 0 0 1 1 1 0 0 1 0 33 1 4 1 0 0 1
7T 0 1 0 0 1 0 1 1 1 1 33 1 4 1 0 0 1
g8 0 0 0 0 0O 0 1 0 O 1 36 1 4 0 0 0 0
9 i1 1 0 1 1 0 1 1 1 22 1 5 0 0 1 1
0 1 0 0 1 0 1 1 0 1 1 36 1 2 1 1 0 1
" 1 1 1 1 0 1 1 1 0 1 17 1 0 1 0 0 1
2 0 0 0 0 0 0 0 0 0 0 25 [t} 0 1 0 0 0
2 1.1 1 1 0 0 1 0 1 1 13 Q 0 1 0 0 1
4 0 0 0 0 0O 0 0 0 © 0 18 1 0 0 0 0 0
5 1 1 1 0 1 0 1 1 0 1 12 1 7 0 0 0 1
6 0 0 0 0 O 0 0 0 0 0 36 1 0 0 1 0 0
7 1.1 1 0 1 1 1 1 0 1 12 [ 0 1 0 0 1
¢ 1 0 0 0 1 0 0 0 0 1 29 0 0 0 0 0 0
9 1 1 1 0o 1 0 1 1 © 1 12 0 7 0 0 0 1

Figure 4.3: Overview of the dataset after pre-processing

4.2.2 Splitting the data

After preprocessing the data, the dataset is then split into training and testing
datasets using the train test split function from sklearn’s model selection module.
The test data is used to assess the model’s performance on unseen data, whereas the
training set is utilized to construct and train the ML model. Splitting of the data
can make sure that the model’s performance estimations are accurate and have the
potential to extend the data using newly collected sets of data. The dataset is di-
vided in the ratio 80:20 i.e. the data is divided into 80% train data and 20% test
data.

toddlers_df['ASD']
toddlers_df.drop(['ASD'], axis=1)

__train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=True)
X_train.head(10)

Figure 4.4: Splitting the data using train test split function

4.2.3 Feature Selection

After the data is divided, the focus will be on the training set. Finding the most
important and instructive features for the task is the main aim of feature selection.
In order to apply feature selection to the training set, it is necessary to examine how
each feature relates to the target variable. The risk of overfitting is reduced, and the
model’s effectiveness and capacity to generalize are both enhanced by choosing only
the most important features.
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#feature selection chi2 test

num_features_to_select = 180 # Choose the number of features you want to select
selector = SelectKBest(score_func=chi2, k=num features_to_select)
X_train_selected = selector.fit_transform(X_train, y_train)

X_test_selected = selector.transform(X_test)

selector.get_support()

array([ True, True, True, True, True, True, True, True, True,
False, False, False, True, False, False, False])

Figure 4.5: Feature Selection code snippet

After performing feature selection on the training set, it’s crucial to align the test
set with the same set of selected features. By doing this, we can be sure that the
model is assessed consistently and that the performance findings are accurate. Any
features that were not chosen during the feature selection procedure on the training
set are removed from the test set.

To reduce the model overfitting, the chi-squared test is used to select the required
features that are highly dependent on the response. The selected features are "Al,
A2, A3, A4, A5, A6, A7, A8, A9, Ethnicity". Based on the selected features, further
steps are followed |5].

To determine the best algorithm among the selected algorithms, we are doing
two experiments, experiment-1 shows training and evaluating the models with the
default parameters, and experiment-2 shows training and evaluating the models with
the hyper-parameter tuning. By comparing the two experiments, the best model is
determined.

4.3 Model Validation

We used stratified 3-fold cross-validation on the train set to accurately assess the
performance of the models. By ensuring that the distribution of the target classes
in each fold is representative of the entire dataset, stratified cross-validation helps
detect concerns with class imbalance. Divide the train set into three subsets (folds)
when using 3-fold cross-validation. On two of these folds, the model is trained and
validated on the remaining fold. This process is performed three times, each time
using a different fold for validation. This results in three models, each trained and
evaluated on a different subset of the data. This validation process is applied for
both the models in both experiments.
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Data 3-fold cross-validation Test
Fold 1 Train Train Validation
Fold 2 Train Validation Train
g T B ., o . . L IEReSaSamus, 8 s 1
Fold 3 Validation |, Train ! Train '
ke === === 1 ke = = = = = = = 1
v
I B s B e e s A e e e !
Final test : Train :: Train :: Train : Test

Figure 4.6: The process involved in 3-fold cross-validation and final test

4.4 Experiment-1: Default parameters

4.4.1 Training and Testing the models

In this section, we trained SV and RF models using the pre-processed data without
altering their internal parameters. We imported these models from scikit-learn and
trained them on the training data (X train selected and y train) using the ’fit’
method. We then evaluated their performance using key metrics like accuracy and
F1 score.

To ensure the correctness of these models, we applied them to a test dataset
containing unseen data. This allowed us to measure how well the models could make
accurate predictions on unseen data. The evaluation included computing accuracy
and F1 score on the test data. This process ensures that the models can effectively
classify beyond the training data.

4.5 Experiment-2: Hyper-parameter tuning

4.5.1 Training and Testing the model

Just as we conducted in the previous experiment, the same approach is applied
here. We perform hyperparameter tuning using GridSearchCV and search through
a predefined range of hyperparameters for each model. Cross-validation is used by
GridSearchCV to evaluate the model’s performance. This helps in identifying the set
of hyperparameters that produces satisfactory results. The parameters used in Grid-
SearchCV are "classify, param_grid, cv=stratified kfold, scoring". The parameters
used in hyperparameter tuning in SVM were 'C’ and 'Kernel’, and the parameters
used in RF were n__estimators, max depth, min_samples split.

The parameter C’ is the regularization parameter in SVM. The values specified
are [0.1, 1, 10| which is a range to start with. Smaller values represent a weaker reg-
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ularization and larger value represents stronger regularization. The "Kernel’ specifies
the type of kernel function. The two common choices were taken, one is 'linear’ and
the other is 'rbf’.

’linear’: This corresponds to a linear kernel. It creates a linear decision boundary.
rbf’ (Radial Basis Function): This corresponds to an RBF kernel. It is capable of
modeling complex, non-linear decision boundaries.

k Experiment-3: SVWM with Hyper parameter tuning
classify=swm.SVC()

stratified kfold = StratifiedKFold(n_splits=3, shuffle=True, random_state=42)

# GridSearchCV for parameter tuning

param_grid = {'C": [®.1, 1, 18], 'kernel': ['linear’, 'rbf']}

grid_search_svm = GridSearchCV(classify, param_grid, cv=stratified_kfold, scoring="accuracy')
grid_search_svm.fit(X_train_selected, y_train)

# Best parameters
best_params = grid_search_svm.best_params_
print('Best parameters:’, best_params)

Figure 4.7: Code snippet for using parameters and selecting the best parameters of
SVM with hyperparameter tuning

In RF, n_estimators: Controls the number of trees in the ensemble. The values
specified are [50, 100, 150], representing the number of trees to consider.
max_depth: Determines the maximum depth of each tree. The values specified
are |None, 10, 20|, providing options for no maximum depth and two specific depth
values.
min samples split: Sets the minimum number of samples required to split a
node. The values specified are |2, 5, 10], indicating the minimum number of samples
required to split a node.

# Experiment : Random Forest for Hyperparameter tuning
clf=RandomForestClassifier()

stratified kfold = StratifiedKFold(n_splits=3, shuffle=True, random_state=42)
# GridSearchCV for parameter tuning
param_grid = {'n_estimators’': [5@, 1l@e, 15@],
‘'max_depth': [None, 16, 28],
‘min_samples_split’: [2, 5, 18]}
grid_search_rf = GridSearchCV(clf, param_grid, cv=stratified kfold, scoring="accuracy')
grid_search_rf.fit(X_train_selected, y_train)

# Best parameters
best_params = grid search_rf.best_params_
print( 'Best parameters:', best_params)

Figure 4.8: Code snippet for using parameters and selecting the best parameters of
RF with hyperparameter tuning
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After applying GridSearchCV, the process identifies the best parameters. These
best parameters are the ones that optimize the model’s predictive ability on the
validation data. These best parameters ensure that the models are finely tuned to
deliver the best possible results. With the best parameters, we evaluate the models
using stratified 3-fold cross-validation. During each fold, the model is trained and
validated using the best parameters. So, the results are in multiple performance
scores for each fold. The selected models were trained using the best parameters and
calculated performance metrics such as accuracy and f1 score.

The best model is trained on the training dataset and used to make predictions
on the test data. Test accuracy and F'1 score are calculated to evaluate the model’s
performance on unseen data.

4.6 Final model and Prediction

We conducted a performance comparison of the selected ML algorithms to determine
the best model. This comparison involved evaluating the models using performance
metrics such as accuracy and F1 score. Based on the results obtained from this
evaluation, we made a selection of the most effective model for predicting Autism
Spectrum Disorder (ASD). The best model was identified, and it is used to make
predictions for ASD detection.

Based on the comparison, the best model is used to predict ASD. Here the model
is predicted with the new, unseen data. Whether a patient has ASD or not has been
predicted with the person’s input data. If the predicted value is 0, it means that the
patient is classified as non-ASD, and if the predicted value is 1, it means that the
patient is classified as having ASD. Finally, the result indicates whether the patient
is ASD or non-ASD.



Chapter 5

Results and Analysis

This chapter discusses the results obtained in the experiment. The ASD is predicted
using the best MI algorithm, to choose the best algorithm among the selected al-
gorithms, two experiments were conducted. The two experiments procedure was
discussed in the method section. The results of two experiments were compared.
The following table shows the results of the calculated mean, SD, and accuracy of
the SVM and RF models for the two experiments.

5.1 Results for Experiment-1

This section shows the results of experiment-1. In experiment-1, SVM and RF models
were built using stratified 3-fold cross-validation on the train set and calculated
accuracy and fl score for the test data. And also provided the mean and SD of
each score suchas accuracy, fl scores for the stratified 3-fold cross validation of each
model.

Accuracy F1 score
Algorithm | Mean | Standard deviation | Mean | Standard deviation
SVM 0.9466 0.0126 0.9612 0.0092
RF 0.9383 0.0206 0.9564 0.0108

Table 5.1: Training results of Experiment-1

Algorithm | Accuracy | F1 score
SVM 0.9628 0.9733
RF 0.9431 0.9597

Table 5.2: Testing results of Experiment-1
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5.2 Results for Experiment-2

This section shows the results of experiment 2. In experiment 2, SVM and RF models
were built using stratified 3-fold cross-validation on the train set and performed
parameter tuning using GridSearchCV and calculated accuracy and f1 score for the
test data. The mean and SD of each score such as accuracy, and fl scores is also
provided for the stratified 3-fold cross-validation of each model.

Accuracy F1 score
Algorithm | Mean | Standard deviation | Mean | Standard deviation
SVM 0.9608 0.0161 0.9712 0.0120
RF 0.9418 0.0170 0.9516 0.0099

Table 5.3: Training results of Experiment-2

Algorithm | Accuracy | F1 score
SVM 0.9668 0.9768
RF 0.9573 0.9702

Table 5.4: Testing results of Experiment-2
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Discussion

This chapter discusses the research questions and the obtained results for them. In
this thesis, we studied which algorithm is best for predicting ASD among the selected
algorithms (SVM, RF). To study this, the research is followed by two questions:

e RQ1. How well do the chosen algorithms (SVM, RF) recognize ASD?

e RQ2. To what extent will parameter tuning affect the performance of the
selected algorithms, and how?

In order to answer the questions, we designed two experiments. While experiment
one looks at the problem from the perspective of which ML algorithm is best. The
second experiment looks at the effect of parameter tuning and identifies whether it
can lead to selecting the same algorithm as in RQ1.

In answer to RQ1, a number of important factors were taken into account to
evaluate how well the chosen ML algorithm performed in classifying ASD. These
components included performance metric, feature selection, hyper-parameter tuning,
and data quality.

An analysis of performance measures was carried out to thoroughly assess the
effectiveness of the SVM and RF algorithms in identifying ASD. These measurements,
such as accuracy and F1 scores, were considered for judging the efficiency of the
algorithms. To learn more about performance consistency, the mean and SD of these
scores were also evaluated.

After calculating the performance of SVM with an average accuracy of 94.66%
and f1 score of 96.12% on the training and average accuracy of 96.28% and f1 score
of 97.33% on testing and the performance of RF with an average accuracy of 93.83%
and f1 score of 95.64% on the training and average accuracy of 94.31% and f1 score
of 95.97% on testing, it is clear that SVM performed better than RF at identifying
ASD. This result was reached based on performance metrics average accuracy and f1
score, which together gave a complete view of how well the algorithms handled the
ASD detection task.

In answer to the RQ2, as the method section described, how two different sets of
experiments were conducted to identify ASD. SVC particularly performed well across
both sets of experiments. While the SVC’s default parameters achieved good results,
the use of hyperparameter tuning improved it even more, leading to an outstanding
detection of ASD with an accuracy of 96.68%.

Parameter tuning allows algorithms to better fit in the data. It helps to reduce
the risk of overfitting and its ability on unseen data and also improves model ac-
curacy. Tuning parameters can also affect the efficiency of the algorithms and also

23
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allows algorithms to adapt to the specific characteristics of the dataset. In this way,
parameter tuning affected the performance of the selected algorithms.
Based on the above comparison of the results SVM performed well compared to

RF. Using the SVM model the ASD is predicted.

input_data = (1, @, ©, 1, 1, 1, @, @, @, 1)
input_data as_numpy array = np.asarray(input data)
input_data reshaped = input data as numpy array.reshape(1, -1)
prediction = grid_search_svm.predict(input _data_ reshaped)
if prediction == @:
print('Patient is non ASD')
else:
print('Patient is ASD')

Patient is AsSD

Figure 6.1: ASD is predicted

Similarly, Kaushik Vakadkar et al. [31] proposed the detection of ASD in children
using machine learning techniques. He applied models such as SVM, RFC, NB, LR,
and KNN to the dataset. Predictive models were then created utilizing these algo-
rithms. The study’s main objective is to identify young children’s possible sensitivity
to ASD in order to aid in a more effective diagnostic process.

The results obtained were:

LR NB SVM KNN RFC

Accuracy 97.15% 94.79% 93.84% 90.52% 81.52%

Confusion matrix 57 b 56 6 52 10 ] 51 11] 45 17 ]
1 148 5 144 3 146 9 140 14 135

F1 score 0.98 0.96 0.95 093 0ss

Figure 6.2: The obtained results for the related work, we discussed

He concluded that there is presently no diagnostic test that can diagnose ASD
fast and accurately, nor is there an optimal and thorough screening method that is
specifically designed to detect the onset of ASD. Out of the five models that were
applied to our dataset, LR was observed to give the highest accuracy.

A few of the limitations associated with our study are when the dataset is short or
highly unbalanced, SVMs may not perform effectively. In the case of ASD prediction,
collecting a balanced dataset with enough samples for each class (ASD and non-ASD)
can be difficult. Small datasets may result in overfitting, limiting the generalizability
of the model.
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Conclusions and Future Work

7.1 Conclusions

ASD is a complex neurodevelopmental disorder with profound impacts on social com-
munication, behavior, and cognitive development. ASD affects a significant portion
of the population, with one in 100 children estimated to be affected by it, accord-
ing to the WHO. Early identification is essential as it can significantly improve the
effectiveness of interventions and therapies.

ML algorithms such as SVM and RF, were selected in this thesis to contribute
to the early prediction of ASD. The primary objective was to build and train mod-
els using these algorithms, comparing their performances helps to identify the best
algorithm to predict ASD. To conclude this, the methodology is followed by two ex-
periments: experiment-1 shows that the models were trained with default parameters
and experiment-2 shows that the models were trained with hyperparameter tuning.
After training the models the performance metrics such as accuracy and fl score
were calculated to select the best algorithm to predict ASD.

Upon careful evaluation, the performance of the SVM algorithm with hyperpa-
rameter tuning given accuracy score of 96% and an fl score of 97% for test data.
Based on the results we can conclude that the SVM is better performing algorithm
than the RF algorithm to predict ASD in terms of both accuracy and f1 scores.

7.2 Future work
The following are some of the ways to develop this research further:

e We can research ensemble learning techniques that combine multiple ML mod-
els, such as bagging, boosting, or stacking. Ensemble methods also lead to
improved predictive accuracy.

e Validate the models on external datasets, preferably from diverse sources or
populations. This ensures the adaptability of the model beyond the training
dataset.

e Collaborate with healthcare professionals to integrate the predictive model into

clinical practice. Explore how the model can assist in early diagnosis or support
treatment decisions.
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e Create user-friendly interfaces or applications that enable people with ASD
and their families to interact with the predictive model to understand its pre-
dictions.
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