Chapter One

Introduction
1.1 Background to the Study
Autism, or autism spectrum disorder (ASD), is a developmental disorder that presents in early
childhood!. It has the potential to impact an individual's social, communication, relationship,
and self-regulation capabilities?. Typically, the onset of this condition occurs withir& initial
three years and persists throughout the individual's lifespan. The aetiology of@% remains
uncertain, although it is believed to be influenced by genetic, envirc@ , and prenatal

factors such as stress, inflammation, toxins, alcohol, air pollutiomune disorders, the
Wi

child's emotional state, and environmental factors during the @ years of life3.

Autism is classified into four levels, namely mild, modere@evere, and very severe. Despite
the increasing prevalence of autism among chi&% there remains a significant gap in
research pertaining to the aetiology and imﬁ\@%is condition*. Autism is characterized by
challenges in communication within bq&e remote and local networks of the brain. These
networks have an impact on the (@kament of the brain, and the associated illness becomes
apparent during early chi@ with diagnoses typically occurring between 24 and 36

months?.

N
Individuals it@sm spectrum disorder exhibit unique and diverse behaviors, however,
they all an effect on social cohesion. Some children with autism may exhibit a
prefer for solitude or distance even when in the company of their family. Additionally,
repetitive behaviors such as frequent hand-waving and other unusual gestures may be

observed>.

In some cases, these children may experience sudden regression in their language and

communication skills. This condition is the result of various factors, such as social, health,



psychological, genetic, and environmental influences on the developing brain. Autism
presents itself in diverse manners. The patient exhibits a high degree of shyness in contrast to
their peers and expresses a desire for isolation!*. Individuals experience feelings of
hopelessness and a lack of leadership due to mental abnormalities in their brain. In addition,
they exhibit outbursts of emotional distress and may inadvertently harm themselves, their

siblings, or their peers without any discernible provocation. Performance ratings ténd to be

higher than verbal ratings®*. QQ

Autism Spectrum Disorder (ASD) is a neurodevelopmental conditid&{hat can impact an

individual's language, communication, cognitive abilities, a al behaviour’. This

condition is categorized as a psychiatric disorder and is terized by atypical sensory

perception as a fundamental trait. Typical features of aw pectrum disorder (ASD) include
enduring difficulties with social interactions and yped patterns of behavior, as well as
repetitive actions and thoughts. Additionalb\\@ividuals with ASD may exhibit imaginative
thinking, which is often accompa’n{&, a gradual deterioration in their ability to

communicate effectively®. é

According to data fron%%\orld Health Organization, approximately 1 in 160 children is
diagnosed with autﬁurthermore, the prevalence of ASD is rapidly increasing, with 0.63%
of children l@ agnosed with ASD in 2022°. The symptoms of autism spectrum disorder
(ASD) t@réﬂy manifest within the initial five years of an individual's life. Autism Spectrum
Disorder (ASD) is a condition that typically emerges in childhood and can persist into
adulthood and adolescence. Autism Spectrum Disorder (ASD) is a significant

neurodevelopmental condition that can incur substantial costs for treatment and management.

The National Health Service (NHS) has reported a 39% rise in the suspected prevalence of

autism spectrum disorder (ASD) during the period of April 2021 to March 2022°. The initial



documentation of the prevalence of autism spectrum disorder (ASD) in Nigeria was a quasi-
epidemiological study conducted in 1978. This study focused on children with intellectual
disability and included five other sub-Saharan African countries, namely Ghana, Kenya,
Zimbabwe, Zambia, and South Africa'®. A study conducted in sub-Saharan African countries
revealed a prevalence of ASD of approximately 1 in 145 among children with intellectual
disabilities. A prevalence rate of 0.8% for ASD was recorded among 393 children %ding a

mental hospital clinic in Southeastern Nigeria over a one-year period'’. 02

The recorded prevalence of Autism Spectrum Disorder (ASD) arn&%/children with
intellectual disabilities in a privately-owned special for children with
neurodevelopmental disabilities in Southeastern Nigeria @4%“. Furthermore, a study
conducted on a community-based sample of 85 child §1 neurodevelopmental issues in

Lagos State, Southwestern Nigeria, revealed a pre\@e rate of 34.5% for ASD'°.

While there are presently no pharmaceut@ﬁgrventions available to manage this condition,
thods to alleviate or address it. The following

professionals have identified alter@’\fn

techniques are among those th\the been identified:

i.  Functional Analysi?éis approach entails assessing the child's environment to identify
the antecedc.tz\ﬁxoutcomes of the child's conduct. A professional conducts interviews
with th@arents and maintains records of their living environment. These interviews
s%\%o identify the factors that impact individuals and subsequently address them

accordingly'?.

il. Selecting Target Behaviors: This approach involves the identification of unique behaviors
exhibited by individuals, including but not limited to linguistic, auditory, or aggressive
tendencies. The professional identifies the specific behaviors that significantly impact the

child with autism and utilizes specialized interventions to modify these behaviors.



iii. Teaching Procedures: In this approach, a professional expert educates the child's
behaviors and subsequently determines various methods or procedures to be employed

for their treatment!3.

iv. Machine Learning Classification: This involves the use of machine learning algorithms to

predict and classify autism disorder early.

Individuals diagnosed with autism spectrum disorder (ASD) may exhibit@ational
intellectual and artistic abilities. The presence of these exceptions has@o/@ significant
challenges in the clinical assessment and diagnosis process. Rec &here has been an
increase in social and computational research conducted on ASD%e field of computation,
deep learning and machine learning algorithms have bee adopted due to their ability
to enhance diagnostic precision while simultan%@ reducing diagnostic costs and

®%

Machine learning is a subfield of Arti.fsci&ntelligence (AI) that involves the development of

timeframes.

computer algorithms capable of a@ng data and using it to improve the performance
without being explicitly pro .tv{&wd. The main goal is to enable automated machine learning
without requiring huma\btervention. Furthermore, it enables the computers to adapt their
actions accord1(ly> process of learning begins with the observation of data, wherein the
program is ided with examples, direct experience, and instructions to enable the machine

to ide&ti/ atterns in data and make informed decisions'®.

The field of Machine Learning utilizes various algorithms to address data-related challenges.
Data scientists often emphasize that there is no universally applicable algorithm that can
effectively address every problem. The selection of an appropriate algorithm is contingent
upon the nature of the problem to be solved, the quantity of variables involved, and the most

suitable model for the task at hand. There exist four primary classifications of machine



learning techniques: Supervised Learning, Unsupervised Learning, Semi-supervised Learning,

and Reinforcement Learning!>16.

Supervised learning is a machine learning technique that involves learning a function that can
map input data to output data based on a set of example input-output pairs'’”. The process
entails deducing a function from labelled training data, which comprises a collection of
training examples. Supervised machine learning algorithms require external asSistance in
order to operate effectively. The dataset is partitioned into training and testing)sets!’. The
training dataset contains an output variable that requires prediction or classification.
Algorithms typically acquire patterns from the training dataset and Subsequently utilize them
to predict or classify data in the test dataset. Supervised learing)algorithms can be classified

into two distinct categories, namely classification and rggeession'.

In contrast to supervised learning, unsupervised learning does not involve correct answers or a
teacher!®. Instead, algorithms are tasked with independently discovering and presenting the
underlying structure within the data. Unsupervised learning algorithms typically extract a
limited number of features from the data. Upon the introduction of new data, the system
utilizes the previously acquired features to classify the data into its respective class. This
technique is primarily utilizing for the purposes of clustering and feature reduction.
Unsupervised learning is characterized by the absence of a pre-defined outcome. The system
endeavors to extract valuable insights from vast quantities of data. The algorithms can be

classified into two categories: clustering and association?.

Semi-supervised machine learning is a hybrid approach that integrates both supervised and
unsupervised machine learning techniques®!. In the fields of machine learning and data
mining, utilizing existing unlabeled data can prove to be advantageous in situations where

obtaining labelled data is a laborious task. Supervised machine learning methods typically



involve training machine learning algorithms on a labelled dataset, where each record
contains the corresponding outcome information. Some of the algorithms used in semi-

supervised learning include Support Vector Machines (SVM) and Generative Models?2.

Reinforcement learning is a machine learning field that focuses on the action’s software
agents should take in an environment to optimizes a cumulative reward*’. Reinforcement
learning is considered as one of the fundamental paradigms of machine learning, alongside
supervised and unsupervised learning.

1.2 Statement of the Problem . \

Prior research has employed accuracy as the metric of measur%l. The accuracy metric
takes into account both positive and negative classificati ovide an overall evaluation.
Prior analyses of machine learning algorithms indiCﬁb t models such as Support Vector
Machines (SVM), K-Nearest Neighbours (K andom Forest (RF), Gaussian Naive
Bayes (GNB), Multi-Layer Perceptron (bl\& Extreme Gradient Boosting (XGBoost),
Bagging, and Stacking exhibit the m@o&rable outcomes in terms of performance®*?4. The
metric of sensitivity, also knpv&%@he true positive rate (TPR), provides a superior means of
evaluating model perfo%@by accurately calculating the instances that have been correctly
labelled. This will ﬁ&ate accurate diagnosis of Autism Spectrum Disorder (ASD), which is
a key focus t&esem study. Consequently, it is necessary to conduct an enquiry into their
fundam@ structure. Therefore, an in-depth examination and exploration of the
afore%ﬁioned models is relevant. The purpose of this study is to conduct unbiased
comparisons by utilising the optimal model, which refers to the model with the best
hyperparameters. The assessment criteria will be computed, and the sensitivity (recall), area

under the Precision-Recall curve, and area under the ROC curve will be used as the scoring



metrics for comparison. This is because accuracy may not be the most appropriate
performance metric.

1.3 Aim and Objectives of the Study

The study aims to perform a comparative analysis of machine classification algorithms
including support vector machine (SVN), gaussian naive bayes (GNB), k-nearest neighbours
(KNN), and multilayer perceotron (MLP) for the prediction of autism in children. \

The specific objectives were to: QQ

i. Perform feature selection to remove redundant features, imp%ghésiﬁcation and
pre-process data to remove missing values and normalize d

ii. apply the top four classification algorithms from existing literature: Support
Vector Machine, Gaussian Naive Bayes, K-N&@t Neighbours, and Multilayer
Perceptron to the dataset and evaluate their&éc ive performances;

iii. improve model performance usi validation (GridsearchCv Randomised
SearchCV) and ensemble mﬂlike Random Forest, XGboost, Bagging and
Stacking to the optimal m@cs?\

iv. Comparatively anal;@%del’s performance metrics like sensitivity, specificity, ROC,
F1 and employ: &ivity (recall).

1.4 Research ({.e?}@

1. What ¢ cation technique provides optimal overall performance amongst the selected
ac earning classifiers?

2. Doe§ performance improve upon the tuning of hyperparameters?

3. Is performance enhanced in ensemble techniques?

4. Which ensemble technique proved to be the best in performance?

1.5 Significance of the Study
The result of this study will develop a highly accurate machine learning model that uses

physical characteristics of children to predict the presence of ASD. Also, this study will



identify the physical characteristics that are the most significant indicators of ASD in children
which will enhance better prediction there is no known cure. The outcome of this research
will enhance the existing methods of predicting ASD by providing more accurate
classifications. Academically, the study will contribute to the body of knowledge and profter
solutions to issues regarding autism among children especially at the infant stage. The
findings of this study will also serve as a reference for computer science students.&turers,

and researchers, as well as serve as a catalyst for further on the subject. Addit@, findings

may result in the development of new theories regarding using arti ciz&bftelligence for

Health care. The study would also be significant to knowledge when @ shed

1.6 Scope of the Study O

The study will use the autism spectrum disorder for toddl dataset obtained from a public

dataset online (University of California, Irvine repesitdry) to investigate the performance of
the selected machine learning models thro@%mparative analysis. Also, the criteria for
assigning the class variable will be bas a subject’s score in the Diagnostic and Statistical
Manual of Mental Health Disorc&&c@\SM-V), a revamped version of the DSM-IV, which
takes into consideration a&% two of the predefined characteristics. Exploratory data
analysis will be done, &ght nonparametric models will be compared in total, with four
models— Supp{iéa Machine (SVM), K-Nearest Neighbours (KNN), Gaussian Naive
Bayes (G nd Multilayer Perceptron (MLP) and the other four, ensemble methods -
Rands%%drest (RF), Extreme Gradient Boost (XGBoost), Bootstrap Aggregating (Bagging),
and stacking. Evaluation metrics will be computed, and the scoring metric in the comparison
will be sensitivity (recall), area under the Precision-Recall curve, and area under the ROC
curve.

1.7 Limitation of Study



The study's limitations, which are important for contextualizing the findings and guiding

future research, include:

i.  The study's results are based on a specific dataset. This can limit the generalizability of
the findings, as the data may not represent the broader autism spectrum or include
sufficient demographic diversity.

ii. The use of synthetic data for demonstration purposes may not capture the com%xity and
variability of real-world data, which could result in models that do not @m as well
when applied to actual patient data. ’\(/

iii. While the models performed well on the given dataset, ay not necessarily
generalize to other datasets or clinical environments with@ﬁr tuning and validation.

iv. Despite precautions, there is always a risk that thgmdels, particularly those that
achieved very high accuracy, may be overﬁ%ﬁ@ the particular characteristics of the
training data. ®%

v. The exclusion of highly predicti.vs{%ures like "Q Chat 10" to avoid overfitting may
also result in the loss of po&tcha\ly valuable information that could contribute to the
predictive power of the ’:Q .

1.8 Operational Defi it\bof Terms

Algorithm: Al@i&ﬁ%ypically acquire patterns from the training dataset and subsequently

utilizes thg@predict or classify data in the test dataset.

Auti%%!utism, or autism spectrum disorder (ASD), is a developmental disorder that

presents in early childhood. It has the potential to impact an individual's social,

communication, relationship, and self-regulation capabilities.

Autism Spectrum Disorder (ASD): autism spectrum disorder (ASD) is a

neurodevelopmental condition that can impact an individual's language, communication,

cognitive abilities, and social behavior



Machine Learning: Machine learning is a subfield of Artificial Intelligence (AI) that
involves the development of computer algorithms capable of accessing data and using it to
improve their performance without being explicitly programmed.

Reinforcement Machine Learning: Reinforcement learning is a machine learning field that

focuses on the action’s software agents should take in an environment to optimize a

cumulative reward \
Semi-supervised Learning: Semi-supervised machine learning is a hybri@oach that

integrates both supervised and unsupervised machine learning techn (]al the fields of

machine learning and data mining, utilizing existing unlabel can prove to be
advantageous in situations where obtaining labelled data is a 10 s task
Supervised Learning: Supervised learning is a machin rnlng technique that involves

learning a function that can map input data to ou@ata based on a set of example input-
output pairs ’b

O
Unsupervised Learning: Unsuper\‘i earning algorithms typically extract a limited
number of features from the data &g& the introduction of new data, the system utilizes the

Q

previously acquired featureg& ssify the data into its respective class.
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Chapter Two Q
Literature R8§

2.1 Conceptual Review
Autism Spectrum Disorder (ASD) is a co }Ex neurodevelopmental condition characterized
by diverse symptoms affecting co&@ication, behavior, and social interactions. Early and
accurate diagnosis is crucial %ctive intervention, yet traditional diagnostic methods can
be subjective and tir@%ming. Machine learning (ML) techniques offer promising
advancements 1 ’@prediction by analyzing behavioral and physiological data. This
conceptual r@ew explores various ML classification techniques, including Support Vector
Machin M), Random Forest (RF), k-Nearest Neighbors (k-NN), and Artificial Neural
Networks (ANN), assessing their effectiveness in predicting ASD in children. The review
emphasizes the importance of data pre-processing, feature selection, and model training in
optimizing ML performance, and highlights the challenges and limitations of using ML for

early ASD detection. By comparing these techniques, the review aims to identify the most
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effective approaches for early and accurate ASD diagnosis, ultimately contributing to better

outcomes for children and their families.

2.1.1 Autism Spectrum Disorder (ASD)

Autism spectrum disorder (ASD) is a cognitive and psychiatric condition with a very variable
range of symptoms, courses, and causes!. Children with ASD may exhibit a variety of traits,
including behavioural deviations, interpersonal communication difficulties, social
impairments®. Although confined, iterative behaviour, or activities are r@ alongside
chronic challenges in social communication and interaction. Th are not the only
characteristics of ASD, and it is crucial to not disregard the dys% al motor traits linked
to ASD because they are extremely common (79%), and % ficantly affect quality of life,

and the development of social skills®*. Q

According to the 5th edition of Diagnostic a% atistical Manual of Mental Disorders,
individuals with ASD have limited are \Qlterest, repetitive behaviors that limit their
communication and social interact{%@is disease is diagnosed early, special education
can start early with an opponu@ reduce the negative effects of the disease. ASD does not
yet have a known cli%%atment in the world. According to the Centers for Disease
Control and Pre\ﬁe& one in 59 children in the United States has been diagnosed with
ASDS. Giverithe'high prevalence of ASD, high levels of comorbidity, as well as the cost and
conseq of delays for treatment, the diagnosis of ASD should be made as soon as
possible. The diagnosis of ASD with a high degree of accuracy is of paramount importance.

The symptoms of autism are very wide ranging®. The perpetual continuation of a wide variety

of symptoms raises suspicions of autism in the individual.
Currently, autism is diagnosed on the basis of:

i.  the parental interview,

14



ii.  scales such as the Autism Diagnostic Observation Scale (ADOS), Autism Observation
Scale for Infants, Social Orienting Continuum and Response Scale, and Early Social
and Communication Scale, and

iii.  clinical observations’.

This highly subjective diagnostic process may vary based on the physician’s experience, the
behavior of the patient, the knowledge of parents and answers on the scale. T “d&gnostic
process can take a long time depending on the physician and the parents, a is always
the possibility of misdiagnosis due to these differences. This shows tlé%cientiﬁc advances

and support are still needed for the diagnosis of autism?. %

Clinical findings or biomarkers are needed for early dia autism’. However, clinical
biomarkers alone will not be sufficient for early d@is. Authors advocate the research
ideology that early diagnosis and early special on can be achieved by using computer-
aided methods based on EEG signals and c&ging, machine learning (ML), deep learning
(DL) and other advanced computin ‘ XOgieS. Early detection and treatment of ASD is
possible, but this is only poss@rough clinical diagnosis®. This diagnosis can then guide
the development of indiyi Qized treatment plans to enhance the health and social balance of
ASD-affected chil\?(ks'and their immediate families and careers. Unfortunately, an ASD
diagnosis ca& ihe-consuming and expensive. The recent rise in ASD cases worldwide has
prompteééﬁcal professionals and scientists to look for improved screening techniques!®.
2.1.2 Autism Spectrum Disorder (ASD) in Children

ASD is revealed in childhood, usually in the first five years of life and lasts until maturity'".

These symptoms first show in childhood, but it takes about 3 years after symptoms are

noticed before an ASD diagnosis is made'!.

15



It is customary for trained professionals with extensive experience to handle the difficult
decision-making procedures involved in accurately screening and assessing children with
autism. Even while the medical community still finds it difficult to detect and gauge the
gravity of childhood autism, the prevalence of this illness has intensified in recent times. This
is mainly because of different causes; Early onset of the condition, which makes it

challenging to diagnose, lack of knowledge about the illness and its signs and its resgmblance

to various neurological conditions in nature'2. 02

Availability and access to early intervention programs for children wi S%/are dependent
on an official ASD diagnosis for them!®. Using standardized& mental perception,

Ve behaviours of ASD are

linguistic, and adaptability, as well as looking out for i

promoted. Best practices in ASD diagnosis include irw ion from caregivers which may
include reports of history, progression and pres&mptoms”. While there are generally
approved diagnostic tools like the reviseﬁ@ion of the Autism Diagnostic Observation
Schedule (ADOS), to facilitate elicitih@gbsewing ASD symptoms, they were made to be

used with standardized objects &@s in in-person interviews in quiet environments'.
L

2.1.3 Detection of Auti ectrum Disorder (ASD)

Autism detection @hallenging and time-demanding task'’. Numerous behavioural and

physiologica: s&tj}ws have been utilized to successfully and accurately detect autism in

children é(é

suitam(nswers, treatments and predictive indications, that inform parents of their children's

carly age. The current job done by scientific research centres on discovering

behaviour and psychological status is laudable'>. Especially in youngsters, diverse mental

diseases like ADHD and ASD are very challenging to detect'®.

A current method of diagnosing mental illness in psychiatry (DSM-5/ICD-10), which is solely

dependent on observations of symptoms and is potentially inaccurate'’. No quantitative test
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exists yet that a doctor may recommend to a patient that will result in an accurate diagnosis'®.
For other illnesses including diabetes, HIV, and hepatitis C, such quantitative and conclusive
tests are standard procedure. The absence of a clinical test and seemingly overlapping
symptoms in children make the diagnosis of mental health illnesses a challenging procedure!.
Children with ASD experience social disabilities such as communicative challenges and
behavioural deviations throughout their entire life. This condition affects more than 1% of
children, and identifying it early can be helpful'® The incidence of ASD in m@gpompared

to women was four times higher, and some demographic characteristicg%gd&g gender and

colour difference between people with ASD and healthy people. %Q

Various approaches to ASD diagnosis have been 1 ated, including behaviour

observation, and the extraction and analysis of discrir@n patterns from demographic and

brain data'é. Two general techniques for detectir}g@ are:
1. Brain Imaging Q :

There are various regions in humar»é‘@'nzl. Even while each region is responsible for its own
functions, there are useful cB@tlons between them that make up the brain network. Brain
imaging data can yiel&@ 1 biomarkers through quantitative analysis, leading to more
precise diagno@ HD, MCI, ASD, and Alzheimer’s?!. For the diagnosis of these
cognitive illhesses, machine learning algorithms have been integrated with magnetic
reso%@rqaging (MRI) and functional magnetic resonance imaging (fMRI)!®. The ABIDE
initiative, (Autism Brain Imaging Data Exchange) which offers structural and functional brain
imaging datasets gathered from numerous facilities around the world, has recently attracted a

lot of applause for its work on ASD detection using fMRI data. Based on ABIDE data, other

studies and techniques have been created 232425,
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Numerous researches have examined regression and classification methods like SVM and
RF?42526_ Using the SVM, 79.17% accuracy was achieved in a work to study the impact of
various frequencies for creating functional brain networks?’. In a work that classified 1,035
individuals with 70% accuracy using a deep learning approach (505 ASD and 530 controls)?®.
The authors asserted that this strategy enhanced the cutting-edge method. They used an
approach that regarded different pairwise correlation coefficients as characteristics.&extract
lower dimensional data, stacked autoencoders were initially trained. Follow@oencoder
training, the weights from the autoencoders were added to an MLP clzy% fine-tune the
classification process. 17 sites in the ABIDE dataset were categort dependently, and an
accuracy of 52% was achieved. It was established that insu@%&ining samples was the

cause of the poor performance on individual sites. Q

Typically, research employing machine leamir}séfgagnose ASDs have only taken into
account a portion of the ABIDE dataset or h@ncluded information other than fMRI data in
their models'®. There are just a few StlidigSy that examined all 1,035 subjects in the ABIDE
dataset using solely fMRI data ut making any assumptions about their demographics.

An extensive review of '@re indicates that Heinsfeld’s method is the most exotic for

diagnosing ASD w'gt{%e entire ABIDE dataset.

N

2. Eye Tracking Féchnologies

Despite %’Qate identification of clinical and physiological traits, some key behavioural traits
are very capable of identifying autism and its severity'>. Due to its speed, low cost, ease of
analysis, and applicability to all ages, eye-tracking technology is undoubtedly significant in
the indication of ASD'°. The eye movement tracking method creates, monitors, and records
points while also computing eye movement via these locations. Eye responses significantly

affect how people respond to verbal and visual stimuli as biomarkers of ASD. Additionally,
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research revealed that a connection between clinical assessment and early ASD identification
by eye movement tracking®®. Additionally, eye-tracking diagnosis aids in the quick

identification of children with ASD (Constantino et al., 2017).

2.1.4 Machine Learning

Machine learning is a subfield of artificial intelligence (Al) that focuses on the development
of algorithms and statistical models that enable computers to learn and make pr%ons or
decisions without being explicitly programmed?®'. Machine learning algorithr@%ﬁre large
amounts of data to learn from. This data can be structured (e.g., tables)q&sfructured (e.g.,
text, images, audio). In machine learning Features are the v s or characteristics
extracted from the data that the algorithm uses to make ctions. Feature engineering
involves selecting and transforming these variables to 1&@ the algorithm's performance?!.
There are various machine learning algorithms,@ing supervised learning (where the
model is trained on labeled data), unsuperV\ rning (where the model identifies patterns

in unlabeled data), and reinforcemenﬁ\@ing (where agents learn by interacting with an
a

During the training pha%@ chine learning model learns patterns and relationships in the

environment32.

data®?. It adjusts i}s@al parameters to minimize the difference between its predictions and
the actual o tc&.e) in the training data. Machine learning has a wide range of applications,
includin@ e and speech recognition, natural language processing, recommendation
syste&ﬁutonomous vehicles, fraud detection, and medical diagnosis, among many others. It
continues to advance rapidly and has the potential to transform various industries and aspects

of our daily lives.

2.1.4.1 Types of Machine Learning
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Machine learning can be categorized into several types or paradigms, depending on the

learning approach and the nature of the data. The main types of machine learning are:
1. Supervised Machine Learning

In supervised learning, the algorithm is trained on a labeled dataset, where each input is
associated with the correct output or target*>. The goal is to learn a mapping from inputs to
outputs. Examples include classification (assigning inputs to predefined cat€gorids) and
regression (predicting a continuous numeric value)®. Supervised learnihg s“one of the
fundamental paradigms in machine learning. In supervised learning, ’sgorithm learns from
a labeled dataset, where each input example is associated wit orresponding target or
output’®. The goal is to learn a mapping or relation@gween the inputs and their

corresponding outputs so that the algorithm can makm’b%ictions or classify new, unseen data

Supervised learning can be applied to differ&@s of problems, depending on the nature of
the output variable: . ’&
Classification: In classification S‘B\ms, the output variable is categorical, meaning it

belongs to one of a finite nur?lb‘{&) classes or categories™.

Regression: In regressi Qoblems, the output variable is continuous, meaning it can take any
real-numbered yalu ﬁhin a certain range’. Supervised learning is a versatile and widely
used appr various domains, including natural language processing, computer vision,
healtmg%ﬁnance, and more. Its success depends on the quality and quantity of labeled data

and the choice of an appropriate model for the task at hand.

There are several types of supervised learning algorithms, each designed for different types of

problems and data’®,
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1. Regression Algorithms: These algorithms are used when the target variable is continuous
or numeric*. The goal is to predict a real-valued output. Common regression algorithms

include:

i.  Linear Regression,

ii. Ridge Regression,

iii. Lasso Regression, Q\
iv. Support Vector Regression, ( Q

v. Decision Trees for Regression &

Classification Algorithms: These algorithms are used when the %Qariable is categorical

or discrete, and the goal is to classify data points into ed categories or classes®
Qgressmn Decision Trees for

Common classification algorithms include: LOng

Classification, Random Forest, Support Vector Magl nes (SVM), k-Nearest Neighbors (k-

>

NN), Naive Bayes, Neural Networks (Deep‘&%mg)“1

Ensemble Methods: Ensemble meth@%;}b bine the predictions of multiple base models to
improve overall performance. ,&gi popular ensemble methods include: Bagging (Bootstrap

Aggregating), Boostmg@daBoost Gradient Boosting), Stacking®*.

Instance-Based e@ Instance-based learning algorithms make predictions based on
similarity to@sting labeled instances in the training data. k-Nearest Neighbors (k-NN) is a

prim: e%ple of an instance-based learning algorithm**,
Classification Algorithms

Naive Bayes: Naive Bayes is a classification algorithm based on Bayes' theorem with a strong
independence assumption between features. It's particularly effective for text classification

tasks®.
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Support Vector Machines (SVM): SVM is a versatile classification algorithm that finds a
hyperplane that best separates data into different classes. It can be used for both binary and

multiclass classification.

Neural Networks: Neural networks, including deep neural networks, are used for complex
tasks such as image recognition, natural language processing, and speech recognition. They

consist of interconnected layers of artificial neurons (perceptrons). Q\

Decision Trees: Decision trees are used for both classification and regr@asks. They

create a tree-like structure of decision rules based on features to mak@’%aions.

Random Forest: Random Forest is an ensemble learning @ﬁhat combines multiple
decision trees to improve accuracy and reduce overfitting.

Gradient Boosting: Gradient boosting algorithms %&GBoost and LightGBM are powerful
techniques for regression and classiﬁcati@ey build an ensemble of decision trees

sequentially, with each tree correcting )\& ors of the previous ones.

S

Logistic Regression: Logistic I%%GIOH is used for binary classification tasks and models the

probability of a data po%’@ging to a particular class.

Ordinal Regresscz\Q; inal regression is used when the target variable has ordered categories.
orm

of regression for ordinal data.

It's a speciali

2.U vised Machine Learning

Unsupervised machine learning is a type of machine learning where the algorithm is trained
on unlabeled data, meaning that there are no explicit labels or target values provided for the
input data*’. Common tasks include clustering (grouping similar data points together) and
dimensionality reduction (reducing the number of features while preserving important

information)*’. In contrast to supervised learning, where the algorithm learns to make
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predictions based on labeled examples, unsupervised learning algorithms seek to find patterns,

structures, or relationships within the data on their own*’.

There are several types of supervised learning algorithms. They include;

1.

ii.

iil.

1v.

Clustering Algorithms: Clustering algorithms group similar data points together into
clusters or clusters of clusters (hierarchical clustering)*®. Common clustering algorithms
include: K-Means Clustering which partitions data into 'K' clusters based o ilarity,
Hierarchical Clustering builds a tree-like structure of clusters to repres ilerarchy.
DBSCAN (Density-Based Spatial Clustering of Applications 6‘{%36) identifies
clusters based on the density of data points, Agglomerativ ing which is type of
hierarchical clustering that starts with individual data @s clusters and merges them
iterativelys. %

Dimensionality Reduction Algorithms: Dm@nahty reduction techniques aim to
reduce the number of features (Vélﬁﬁ?\@ while preserving important information®.
Common methods include: Princi ponent Analysis (PCA) which finds orthogonal
axes that maximize Vari?n&,@stributed Stochastic Neighbor Embedding (t-SNE) used
for visualization a @ces dimensionality while preserving pairwise similarities,
autoencoders ar eural networks that learn a compact representation of data in their
hidden lay

Asso %Rule Mining: Association rule mining identifies interesting relationships or
Ms between variables in large datasets. Common algorithms include: Apriori
Algorithm (Used in market basket analysis to find associations between items), FP-
Growth (Frequent Pattern Growth) which is efficient for discovering frequent patterns®.
Generative Models: Generative models aim to learn the underlying probability

distribution of data and can generate new data samples that resemble the training data®'.

Common generative models include: Variational Autoencoders (VAEs) which ombines
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Vi.

Vil.

Viii.

1X.

autoencoders with probabilistic models, Generative Adversarial Networks (GANs) which
comprises a generator and discriminator to generate realistic data.
Anomaly Detection Algorithms: Anomaly detection identifies data points that deviate
significantly from the majority of the data. Algorithms used for anomaly detection
include: One-Class SVM which trains a model on normal data and identifies outliers,
Isolation Forest (Constructs random decision trees to isolate anomalies). \
Density Estimation Algorithms: Density estimation models the probability"@istiibution of
data points in a dataset>>. Common methods include: Kernel Den&gsﬁfnation (KDE)
estimates the probability density function using kernel fu , Gaussian Mixture
Models (GMM) which represents data as a mixture of G %ﬁstributions.
Self-Organizing Maps (SOMs): SOMs are neural @ork-based algorithms used for
clustering and visualization>*, b’bQ
Latent Dirichlet Allocation (LDA): LDAw ’Qobabilistic model used for topic modeling
in text data®.

)
Independent Component An@%GA): ICA separates multivariate data into additive,
independent componen&& choice of the appropriate unsupervised learning algorithm
depends on the specifi¢ task and the nature of the data’®. These algorithms are used in
various dor@?}k\m&

and n}sélo gain insights from unlabeled data or to preprocess data for supervised

%rg[g tasks.

luding data analysis, image processing, natural language processing,

3. Semi-Supervised Learning

Semi-supervised learning is a machine learning paradigm that combines elements of both

supervised and unsupervised learning. In semi-supervised learning, the training dataset

contains a mixture of labeled and unlabeled data>’. Semi-supervised learning has been applied

in various domains, including natural language processing, computer vision, and speech
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recognition®. It's particularly valuable when obtaining large amounts of labeled data is
challenging or costly but you still want to improve the performance machine learning models.
There are different approaches and algorithms within semi-supervised learning:

Self-Training: Self-training is a straightforward and intuitive approach. It involves training a
model on the available labeled data and then using that model to make predictions on the
unlabeled data>®. The predicted labels on the unlabeled data become pseudo-labe%nd the

model is retrained iteratively with both the original labeled data and the newly@o-labeled

data. &(/

Co-Training: Co-training is applicable when there are multiple ¢ r sources of data. It
involves training separate models on different subsets or yi @f the features and using the
agreement or disagreement between the models' p@czons as a form of confidence

measure®’. Data points with high agreement can be@dered as pseudo-labeled data.

Multi-View Learning: Multi-view learnirl%}s;milar to co-training but focuses on multiple
. Each view provides additional information that

[ ]
sets of features or representations @t

can be used to improve the m@erformance on the unlabeled data®!.

Multi-Instance Leamin?@Qmulti-instance learning, the data points are organized into bags,
and each bag .m(xh%-nultiple instances. Labels are assigned to entire bags rather than
individual 1 ces®2. This approach is often used when only bag-level labels are available,

and 1 st@fpg within a bag are assumed to share the same label.

Semi-Supervised Variational Autoencoders (VAEs): Variational autoencoders can be
extended to semi-supervised settings. The encoder network learns both the data
representations and the class labels of the labeled data, while the decoder aims to reconstruct
the input data®. VAEs encourage the latent space to be disentangled between classes, making

them suitable for semi-supervised classification.
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Semi-Supervised Graph-Based Methods: These methods leverage the graph structure of data
to propagate labels from labeled to unlabeled data points. Label Propagation, Label Spreading,
and Graph Convolutional Networks (GCNs) are examples of techniques that use graph-based

semi-supervised learning®.

Generative Models for Semi-Supervised Learning: Generative models like Generative

Adversarial Networks (GANs) and Variational Autoencoders (VAEs) can be tfaied in a

semi-supervised manner®. The generator generates data samples, and criminator
G

distinguishes between real and generated data, with some labeled dat d for training the

discriminator. %Q

Transfer Learning for Semi-Supervised Learning: Transf ng methods, where a model
pre-trained on a large dataset is fine-tuned on a sma}&@beled dataset, can be used in semi-
supervised learning®®. The pre-trained model provides a strong feature extractor, which can be

NS

helpful in leveraging unlabeled data effectiv

R
4. Reinforcement Learning \co\
A@

Reinforcement learningﬁ@m an agent that interacts with an environment and learns to
make a sequence of decisions (actions) to maximize a cumulative reward®’. This type of

. \'
learning is coer))Ly used in tasks such as game playing, robotic control, and autonomous

systems. @re several algorithms and approaches in reinforcement learning.
1. VMased Methods

Q-Learning: Q-learning is a model-free algorithm that learns the optimal action-value

function (Q-function) by iteratively updating Q-values using the Bellman equation.

Deep Q-Networks (DQN): DQN combines Q-learning with deep neural networks to handle

high-dimensional state spaces, making it suitable for complex tasks68.
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2. Policy-Based Methods:

Policy Gradient Methods: These algorithms learn a parameterized policy directly, optimizing
it to maximize the expected cumulative reward. Examples include: REINFORCE (Monte
Carlo Policy Gradient), Proximal Policy Optimization (PPO), Trust Region Policy

Optimization (TRPO)%.
3. Model-Based Methods: Q\

Monte Carlo Tree Search (MCTS): MCTS is a model-based algorithm fgg)sed in games

and planning problems. It builds a tree of possible actions a outcomes to make

decisions’’. O

Model Predictive Control (MPC): MPC is used for (@ous control tasks and involves

solving an optimization problem at each time step @ the best action’®,
4. Exploration Strategies ®

Epsilon-Greedy: A simple explorq&ﬁa\strategy where the agent selects the greedy action

(exploitation) most of the tin'te@%’ccasionally explores by choosing a random action’!.

Upper Confidence B&@(UCB): UCB-based algorithms select actions based on the
r

[ ]
estimated uncer(air%

onfidence intervals of their values’?.

Thompso&pling: A Bayesian exploration strategy that maintains a probability

distri%@n over action values and selects actions according to their sampled values.

Deep Deterministic Policy Gradients (DDPG): DDPG is an algorithm designed for continuous

action spaces. It combines the actor-critic framework with deep neural networks’.
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Hindsight Experience Replay (HER): HER is a technique used in reinforcement learning for
learning from failures. It replays and re-labels past experiences to help the agent learn from

unsuccessful attempts’.

Inverse Reinforcement Learning (IRL): IRL is used to learn the reward function from expert

demonstrations, allowing the agent to learn tasks by imitating expert behavior’.

Multi-Agent Reinforcement Learning (MARL): MARL deals with scenarios w *bultiple
agents interact in the same environment. Algorithms like Multi-Agent @terministic

Policy Gradients (MADDPG) and Multi-Agent Proximal Policy Op@gtion (MAPPO) are

used in multi-agent settings’. %

2
®%
Q
C.’
&
2.1.5 Classification of ASD Machine Learnin
§{ g

ML models can be us@

most ML meth s@or the diagnosis of ASD, data must be preprocessed before training

to confirm a diagnosis and make early diagnosis of ASD. In

and testing t%{nodel which includes various classification algorithms like GBoost, Support
Vect%%gression, Extreme Learning Machines (SVM), Gaussian Naive Bayes (GNB),
Multilayer Perceptron, Esemble Technique and K-Nearest Neighbour (KNN)’6, A data set is
created by identifying features to help recognize ASD and converting these features into
numerical values and data matrices. The feature extraction or feature selection process
depends on the nature of the data to be used’®. For example, if brain imaging, SMRI or fMRI,

is used, structural and, structural (1) gray matter (GM) readings derived from cortical
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thickness (CT) (2) GM density values from voxel-based morphometry (Ashburner and Friston
2000), (3) microstructural changes in the white matter (WM) from diffusion-weighted
magnetic resonance imaging (DWI) (fractional anisotropy [FA]). (4) connectivity matrixes or

(5) parameters obtained from network analysis and resting state fMRI (rs-fMRI) 7.

2.2 Methodological Framework

In this section, the supervised classification algorithm used in this study was presﬁ\

2.2.1 Support Vector Machine (SVM) Q

The Support Vector Machine (SVM) is commonly utilised for tasks if‘&lving regression or
two-group classification, with a primary focus on classification ications’8. This approach
involves the representation of individual data points in a ensional space, where each
dimension corresponds to the value of a specific attgtbute!” In this context, the process of
categorization involves identifying the demarcat&e that effectively separates the two
distinct classes”. An ideal hyperplane ca\\\Q defined as a linear decision function that
exhibits the most distinct boundary'bé&e vectors belonging to different groups. In the
event that there is a requirement @n additional feature, the Support Vector Machine (SVM)
employs the kernel algoxi \to transform a low-dimensional input space into a higher-
dimensional spac?72.\' essence, it converts seemingly irreconcilable problems into ones that
can be integrated. If there are no errors in this separation, then the expected value of the error

can be ex d as:

Pr(  )]<-. ] @.1)

The decision function will be given as
()= )+ (2.2)
which is the best line that integrates the training data, w and b are parameters of the SVM,

and () is the function which transforms the data into the new M dimension
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There exist two distinct categories of Support Vector Machines (SVM): linear SVM, which is
applicable when the data can be represented in a linear fashion®. This suggests that the data
points exhibit a high degree of linearity, allowing them to be effectively fitted by a single
straight line. The second method is non-linear Support Vector Machine (SVM), which is
employed when the data cannot be separated by a linear boundaryinear SVM, which is

applicable when the data can be represented in a linear fashion®’.

In such cases, sophisticated techniques, known as kernel tricks, are utilized to enhance the
SVM's performance’. The selection of a kernel is a crucial aspect in data analysis, as it is
contingent upon the specific characteristics of the dataset under consideration. If the problem
at hand is linear in nature, it is necessary to utilize a linear kernel function. Commencing with
the supposition that the data exhibits linearity is deemed advantageous, afterwards proceeding
to evaluate other kernels in order to assess their performance measures. Support Vector
Machines (SVM) exhibit superior performance when applied to datasets with a linear
structure, and their effectiveness is further boosted when dealing with data that exists in high-
dimensional spaces®'. Support Vector Machines (SVM) provide a high degree of robustness

due to its non-sensitivity towards outliers.

In a work that utilized the support vector machine (SVM) classification algorithm to analyse
three distinct datasets®?. Each dataset had a sample of 29 Chinese children ranging in age from
4 to 11 years. A total of six photos were shown to the participants, with three depicting
Chinese faces categorised as "same race" and the remaining three featuring Caucasian faces
labelled as "other races". The analysis of the entire set of faces in the sample space yielded an
accuracy rate of 88.51%. The recall or sensitivity rate, which measures the proportion of
actual positive cases correctly identified, was found to be 93.10%. The area under the receiver

operating characteristic curve (AUC), a metric used to evaluate the performance of a
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classification model, was determined to be 89.63%°%2. Additionally, the specificity rate,
indicating the proportion of actual negative cases correctly identified, was calculated to be
86.21%. In order to improve the efficacy of their model, the researchers exclusively utilized
facial data from individuals of different racial backgrounds. As a result, the model exhibited
enhanced performance metrics, including an accuracy rate of 90.80%, sensitivity of 96.55%,
AUC of 94.41%, and specificity of 87.93%%. In comparison, when the model was trained on
facial data from individuals of the same race, the performance metrics were lower, with an

accuracy rate of 81.61%, specificity of 84.48%, sensitivity of 75.86%, and AUC of 82.40%%2.

2.2.1.1 Hyperparameters of SVM

Hyperparameters are features employed in models to improve the predictive and performance
power of the models or, to speed up computation time. SVMs have several hyperparameters
that can be tuned to optimize their performance. They include;

Kernel: SVMs can use different types of Kerficls, such as linear, polynomial, radial basis
function (RBF), and sigmoid. The gheiceof kernel can significantly impact the model's
performance®’.

C (Regularization Parameter)! The C parameter, often referred to as the regularization
parameter, controlg™~the trade-off between maximizing the margin and minimizing
classificationy errer§®*. A smaller C encourages a larger margin but may allow some
misclass#idation, while a larger C aims to classify all training points correctly and may result
in a smaller margin.

Gamma (Kernel Coefficient): Gamma is a parameter for the RBF kernel and defines how far
the influence of a single training example reaches®. A small gamma implies a Gaussian with
a large variance, while a large gamma creates a Gaussian with a small variance. Tuning

gamma is crucial for controlling overfitting®>.
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Kernel Coefficient (coef0): This is another parameter used in the polynomial and sigmoid
kernels. It influences the model's behavior, particularly in the sigmoid kernel®®.

Class Weights: SVMs allows assigning different weights to different classes. This is useful
when dealing with imbalanced datasets, where one class has significantly fewer samples than
the others®’.

Decision Function Shape (decision function_shape): In multi-class classification, SYMs can

use either "ovr" (one-vs-rest) or "ovo" (one-vs-one) decision function @588. This

parameter determines the shape to be used. ’\(/

2.2.2 K-Nearest Neighbors (KNN)

K-Nearest Neighbors (KNN) is a simple and widely used ﬁleaming algorithm for
classification and regression tasks®. KNN uses a distance@ic, typically Euclidean distance,
to measure the similarity between data points. It c%@tes the distance between the new data
point (the one you want to classify or predi@ll data points in the training dataset. KNN
then selects the K-nearest data points @bors) based on the calculated distances®. These

neighbors are the training exampl%ga are most similar to the new data point.
For classification task@ predicts the class label of the new data point by taking a

majority vote among™it§ K-nearest neighbors. In regression tasks, it predicts the target value

by averagin%hegﬂlget values of its K-nearest neighbors®.

The K g{est neighbours (KNN) strategy involves estimating the conditional distribution of
variable Y given variable X, and afterwards assigning an observation to the class with the
highest probability, also known as the modal class®. To forecast the result for an observation
X=x, the observations that are in close proximity to x are identified. Subsequently, X is
assigned to the category that encompasses these observations®. The impact of the initial

measurement values of the predictors on the distance results necessitates the scaling and
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centering of all predictor values. This process aims to mitigate any bias towards predictors
with larger scales and ensure that all predictors are equally considered when computing

Euclidean distance.

KNN is a non-parametric method, which requires that all observations in the experiment be
higher than the number of chosen predictors. Assuming a training set made up of
[1,] |] samples, where  described the number of features and assumed nonQAy\ Each

output was labelled with class label . The aim was to classify an un@variable

For every , the distance between and was computed thus: 0&
(., )= . ) Q$ (2.3)

and the equation, which measured distance in both dis@d continuous cases was written

> N
as: ( , ) =11 i’bb 2.4)
upon which the  nearest neighbom{(& chosen. The class of 1is ideally selected by
assigning it to the majority cle&éo(?g the chosen nearest neighbours®!. It will often make

sense to assign more wei assigned to the nearest neighbours, and a voting system is

implemented where the 1fi€ighbours decide the class of , based on the inverse of their

distance from itC:\\'
( ébb; —5) @.35)
\/ ,

1( , ) results in 1, if the class labels match and 0, if otherwise. |, is usually 1, even though

greater values can be applied to minimise the effect of further distant neighbours.

2.2.2.1 Hyperparameters of KNN

n neighbours: the number of neighbours(groups) selected to classify a data point
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weights: assigned using a kernel function. Weights assign more value to nearby points and

less, to the points farther away.
Distance : Minkowski, euclidean, manhattan etc. Calculates the distance between a point, and
the distance between points in the training set.

2.2.3 Gaussian Naive Bayes (GNB)

Naive Bayes (NB) refers to a set of supervised learning models used for predictive&rposes.

They are simple and effective models which learn the probabilities of eatures

belonging to a given group®’. Gaussian Naive Bayes (GNB) is a o@sﬁc machine
learning algorithm used for classification tasks. It's particularly uhen dealing with
continuous or real-valued features. GNB is a variant of the '\§9ayes algorithm, which is
based on Bayes' theorem and assumes that features are @tlonally independent given the

class label. In the case of GNB, it assumes thaz % ikelihood of the features follows a
Gaussian (normal) distribution®?. \Q’b

Bayes' Theorem: Bayes' theorem is tqh\ dation of Naive Bayes algorithms. It relates the

conditional probability of an eve@(aven an event B to the conditional probability of event
— P(BIA) P(A) Q

P(AlB) = 2L .\\ (2.6)

In the coné;éf classification, we want to find the probability of a class (C) given a set of

featu% :

— PXIC) P©)
PCIX) ==

B given event A.

2.7)

Where:
P(C|X) is the posterior probability of class C given features X.
P(X|C) is the likelihood of the features given class C.

P(C) is the prior probability of class C.
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P(X) is the marginal likelihood of features X.

1. Gaussian Distribution

GNB assumes that the likelihood P(X|C) for each feature follows a Gaussian (normal)
distribution. The Gaussian probability density function (PDF) for a continuous random

variable X with mean p and variance 02 is®%:

Vano? &
u

In the case of GNB, we calculate this distribution separately for each fq assuming that

P(XIC) =

they are conditionally independent given the class label. Q
2. Naive Bayes Assumption §

The "naive" part of GNB comes from the assumpti@uat features are conditionally

independent given the class label. This simpliﬁg@:alculation of the joint likelihood

P(X|C)as follows®?: @%
P(X|C)=P(X,|C). P(X,[C)........ P(Xﬁ@ (2.9)
Where: Q’&co

X, represents individl%@es.

(X1]C) is the Gaus@robability density function for each feature, assuming a Gaussian
distribution. \

Classiﬁca@

To cbg& a new data point with features X, GNB calculates the posterior probability for

each class and selects the class with the highest posterior probability:

y = argmax, P(C = c|X) (2.10)

Where y is the predicted class label, and c iterates over all possible class labels.
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GNB uses Bayes' theorem and the Gaussian distribution to estimate the likelihood of features
given each class, assuming feature independence. It then computes the posterior probabilities
for each class and selects the class with the highest probability as the predicted class label for

a new data point.

2.2.3.1 Hyperparameters of a GNB Model

It is pertinent to find an optimal combination of parameters whose sole aim is to mifitmise loss

and improve the efficiency of the model.

var_smoothing: is used to smoothen the likelihood curve and provi st&ﬁfty for sample

points far from the mean. Q
param_grid: This is a collection of string parameters and %ssible combinations and

settings, which makes parameter searching easy given any @ bifation of settings.
verbose: refers to the number of messages. Verbos i@ly setto 1

cv. this is the parameter that spearheads c% ation, also called an iterator. Common

settings are 3, 5 and 10. \
« X
n_jobs: This is the largest number of works carried out simultaneously; it is commonly set to -

1 which means that all CPUs are used.

e
2.24 Rand@orest (RF)

« y ]
Random Forest (RF) is an ensemble learning technique used for both classification and

regression tasks”. It is based on the idea of creating multiple decision trees during training
and then combining their predictions to improve accuracy and reduce overfitting®’. Random
Forest is built upon the foundation of decision trees. Decision trees are a hierarchical structure
of nodes that split the data based on feature values to make predictions. Each node represents

a decision or a test on a feature, and each leaf node represents the final prediction. Random
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Forest builds an ensemble of decision trees. Each tree is trained on a random subset of the
training data (bootstrapped samples) and a random subset of the features (feature bagging)94.

This randomness ensures that the trees are diverse and reduces overfitting.

For classification tasks, each tree in the Random Forest "votes" for a class, and the class with
the most votes becomes the final prediction. In the case of regression, each tree makes a
prediction, and the final prediction is the average of all the individual tree predictions®.
Random Forest can handle missing values in the dataset. When making a prediction for a data
point with missing values, it can use the predictions from multiple trees and combine them
appropriately. Random Forest can also calculate the out-of-bag error during training. It uses
the data points that were not included in the bootstrap samples for each tree to estimate the

model's performance without the need for a separate validation set®.

The RF algorithm is very efficient, as it handles datasets that contain continuous variables, as
well as categorical variables robustly. An RF classifier contains subsets of various tree
classifiers { ( ,0 ), =12, ..} where the © are independently and identically distributed
random vectors with each tree being able to specify the modal class at input °°. The
performance index, which solely approximates the confidence interval (CI) of the RF model is

given as

¢(,)= Coe)y=)-mx ((0)=) (2.11)

where (.) denotes an indicator function, and  (.), the average value. It is observed that as

the margin increases, the confidence level also increases. The generalisation error becomes

= ( (,)<o0), (2.12)

where (.) denotes probability. With an increase in trees for all sequences © , converges

to
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(ol (,@=)—max o (,©)= <0) (2.13)

Convergence of this generalisation error proves that the RF model does not overfit as more

trees are introduced. The upper bound for the generalisation error is given as

_ 2
< &0 (2.14)

where  is the average correlation value, s is the strength of each tree in the model. An
increased strength of individual trees and a low correlation between them produces more

accurate prediction results.
2.2.4.1 Hyperparameters of an RF Model

Number of Estimators (n_estimators): This hyperparame@rffrols the number of decision
trees in the random forest ensemble. A higher n@ of estimators can lead to better

performance but may also increase computation

1. Criterion: RF uses a criterio@asme the quality of a split when building

individual decision trees. éco

ii.  Maximum Depth o@ees (max_depth): This hyperparameter limits the maximum
depth of the individual decision trees in the ensemble®. It helps control overfitting.
Setting @\ gh can lead to overfitting, while setting it too low can result in

un@ng.

iil. \&ﬁimum Samples per Leaf (min_samples_leaf): It specifies the minimum number of
samples required to be in a leaf node®’. This hyperparameter can also help prevent
overfitting. A larger value results in a simpler model.

iv.  Minimum Samples per Split (min_samples_split): It specifies the minimum number of

samples required to split an internal node. Like 'min_samples leaf’, it helps control

the tree's complexity®’.
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Vi.

Vii.

Viii.

iX.

Maximum Features (max_features): This hyperparameter determines the maximum
number of features that are considered when making a split decision in a tree®’. It can
be specified as a percentage or a fixed number. Lower values can lead to more diverse
trees and reduce overfitting.

Bootstrap Sampling (bootstrap): This binary hyperparameter determines whether to
use bootstrap sampling when building each decision tree®®. Bootstrap $ampling
involves randomly selecting data points with replacement from the trai@@ct. Setting
it to "True' (the default) enables bootstrap sampling, while settil&g’alse‘ disables
O

Class Weights (class weight): For imbalanced da , you can assign different
weights to classes”’. This gives more importance t(@\ority classes during training.
Out-of-Bag (OOB) Score (oob_score): If se& rue’, the RF model calculates an out-
of-bag score during training, pro@n estimate of the model's performance

without the need for a separate ‘&tion set.

Warm Start (warmstarté&%ﬂ\s binary hyperparameter allows you to train RF
incrementally. Whe ) *) "True’, you can add more trees to the existing RF model
using the 'n_es Qrs‘ parameter without starting from scratch®’.

Feature ép}&m e (feature importances): RF can provide information about feature

im @we, which can help identify which features are more influential in making

\p/gdictions.

2.2.5 Multilayer Perceptron (MLP)

A Multilayer Perceptron (MLP) is a type of artificial neural network used for various machine

learning tasks, including classification, regression, and pattern recognition®®. It consists of

multiple layers of interconnected neurons (also called nodes or units), including an input layer,

39



one or more hidden layers, and an output layer. Each connection between neurons has a
weight associated with it, and each neuron has an activation function that determines its
output based on the weighted sum of its inputs.

Equations and components of an MLP include®®:

1. Input Layer

The input layer consists of neurons that represent the features of the input data. If, «have n

features, it can represent the input as a vector X = [Xq,Xa, ... ... , Xn]. The inpu@s simply

pass their values forward to the next layer without any processing®.

2. Hidden Layers $Q
1

The hidden layers are where the processing occurs. Each n@n a hidden layer receives
input from the neurons in the previous layer, applies a \@\ted sum, and passes the result

through an activation function. Let's denote the w% sum at neuron j in hidden layer i as

zij. It is calculated as®: @%
= ., - o+ &C.,\ (2.15)
Where: Q\

is the weight of the cofinection between neuron k in layer i-1 and neuron j in layer i.
[ ]

—1, isthe ou@ﬂactivation) of neuron k in layer i-1.
is the b%ésociated with neuron j in layer i.
N is théatumber of neurons in layer i-1.

After calculating , it is passed through an activation function, denoted as 0:

=0( )

Common activation functions include the sigmoid function, the hyperbolic tangent function,
and the rectified linear unit (ReLU) function.

Output Layer
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The output layer processes the information from the final hidden layer and produces the
network's output. The output layer can have one or more neurons, depending on the task (e.g.,
binary classification, multi-class classification, regression)'®. Similar to the hidden layers,
each neuron in the output layer calculates a weighted sum and applies an activation function.

The final output of the network is typically represented as a vector Y for multi-class

classification or regression: \
Y=[yLYo. ..o ym] @!6)
Where y; is the output of neuron i in the output layer. ’\(/

3. Training §

MLPs are trained using techniques like backpropagation an@ nt descent to minimize a
loss or cost function!®. The goal is to adjust the weight biases to make the network's
output as close as possible to the true target values truth).

4. Loss Function

O

The loss function, denoted as L, quantifie ‘h\&or between the network's predictions and the
true target values. Common loss m@% ihclude mean squared error (MSE) for regression
and cross-entropy loss for clas\'%gﬁon”.

MLP is a feedforward@% network with multiple layers, including input, hidden, and
output layers. Ite &%ses input data through weighted connections, applies activation
functions, a%:) uces output. The network is trained to minimize a loss function using
optimiz@%lgorithms like gradient descent. The specific equations and activation functions

used%nd on the architecture and parameters of the MLP.

2.2.5.1 Hyperparameters of a Multilayer Perceptron

activation function: specifies saturation region, e.g. ReLU, ELU, Tanh

Optimization function: is used to modify the weights and learning rates to minimise error e.g.

stochastic gradient descent method (sgd), and the batch gradient descent method (bgd)
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Learning rate: this rate governs how quickly the model adjusts to the problem. Higher
learning rates produce faster changes and require fewer epochs for training e.g., inverse

Scaling.
Number of iterations: number of repetitions in the model execution.

2.2.6 Ensemble Techniques

Ensemble techniques are the methods employed when classification algorithms (base learners)
perform poorly in their defined tasks. This technique performs by merging the predictions of
various models, retraining these predictions, and in turn producing an optimal predictive

model'®!. Ensemble techniques combine multiple models to improve predictive performance.

These techniques are based on the idea that aggregating the predictions of several models can

often lead to better results than using a single model'®>. Common ensemble methods are

bagging, boosting, stacking, and pasting'®,

1. Bagging (Bootstrap Aggregating): Bagging is a technique that involves training multiple

base models independently and then combining their predictions. It reduces the variance of

the model, making it less prone to overfitting!'%

. Bagging is the most straightforward
ensemble method. It fits each base classifier on randomised subsets of the original data, drawn
with replacement, and then piles up the separate predictions (by averaging or voting) to
produce a final classifier'®. It helps in the reduction of variance in a classification model, by
adding randomness to its building. Bagging is an important concept in machine learning
because it avoids overfitting data. It is commonly applied to decision trees but can also be
used on other classifiers.

The equation for Bagging can be represented as follows: Suppose there is dataset (D)

consisting of N examples, and you want to train M base models. Each base model is trained

on a subset of the data, which is obtained by resampling D with replacement (bootstrap
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samples)!®, The prediction of each base model is combined by taking a majority vote (for
classification) or averaging (for regression):

For classification (Majority Vote):

y = mode(y1, Y2, Y31+ Ym) (2.16)

For regression (Averaging):

1
y== 11V (2.17)

y is the final prediction.

y; is the prediction of the ith base model.

2. Boosting

Boosting is a technique that combines multiple earners to create a strong learner. It
focuses on improving model accuracy H)\@ring more weight to examples that were
previously misclassified!®. It is an eﬁs%,b method that aims to create a better classification
model from a combination of&®weak classifiers. In the boosting method, weights are
assigned to the training dat at every iteration!”’. After every iteration, higher weights are
assigned to misla.ib’go servations and lesser weights to the correctly labelled ones!'®®.
Boosting al ori@aim to find the optimal weights and order of combining base models to
minimize Ci&

miscMed examples, which helps the ensemble focus on the most challenging cases

ediction error. The weights are adjusted such that more weight is given to

The equation for Boosting can be represented as follows: Suppose a dataset (D) consisting of
N examples, and you want to train M base models. At each iteration, a new base model (h_m)
is trained, and its weight (o._m) is determined based on the model's accuracy. The final

prediction is a weighted sum of the base models' predictions:
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y= M_ tnhm(x) (2.18)

Boosting is important in dealing with variance and bias. Examples of boosting techniques are
extreme gradient boosting (XGboost), Adaptive boosting (Adaboost), gradient boosting, light

gradient boosting machine (Light GBM), and CATboost (Category boosting).

Adaptive Boosting: AdaBoost creates a strong learner through multiple iterations of adding a

weak learner in each cycle!”’

. The weight vector is also tweaked to account for previously
misclassified sample points. Hence, the resulting classifier has higher accuracy. Adaboost is

not robust to outliers and noise. The hyperparameters in Adaboost are learning rate,

n_estimators, and base _estimator.

vV
Gradient Boosting: Gradient boosting is an improvimlp&Qf Adaboost, which aims to minimize

the loss function by using the gradient descentf@ ization method while combining weak
learners!®. The loss function estimates t%}t model depending on the problem task. Weak
learners are added based on the itive model component. Gradient boosting is notably

improved as it inculcates subs\a@%g, which encourages randomness of the model, shrinkage

reduces the impact o@dded learner, and the size of added steps, thus penalising

consecutive itertkq:\@

Extreme @n‘[ Boost (XGboost): XGBoost is an improvement of the gradient boost
desig}ﬂ(% improve speed and performance. This technique employs regularized learning for
smoothing and shrinkage to reduce the impact of each tree and make room for future trees to
aid improvement, and feature subsampling to prevent over-fitting. All these features, speed up
the run time of the algorithm. Parameters of XGboost which can be tuned by the user are eta,

gamma, max_depth, seed, eval metric etc!®.
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Light Gradient Boosting Machine: LightGBm uses two gradient-based methods: exclusive
feature bundling (EFB) and gradient-based onside sampling (GOSS)!'?. GOSS operates by
excluding the portion of the dataset with relatively small gradients and then uses the
remaining data to compute the overall information gain. The EFB uses the mutually exclusive
features in the dataset, and non-zero values simultaneously to minimise the number of
features. This enhances the overall accuracy of the split point'!°, \

Stacking: As opposed to the previous methods which use homogenous@ models,
stacking employs heterogeneous weak learners. Learning occurs si tagwﬁsly, and then

they are combined by training a meta-learner, which then makes @ns using the various

models’ predictions!?, 0

Q

2.2.7 Model Evaluation Q
It is crucial to critically evaluate a classifier’s pq@ance and there are several methods and

metrics implemented to achieve this. Mac 1%\ rning models are decision functions because

[ ]
they provide a response or action tha@b s the decision-making process.

A table of these events is call‘e@confusion matrix. And is shown below

@rbb

Table 2.1 A Confusion Matrix Layout

Predicted Positives Predicted Negatives
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Actual Positives True Positive (TP) False Negative (FN)

Actual Negatives False Positive (FP) True Negative (TN)

Source: 197

False positives and false negatives are called errors, and the probability of error is the total of
the false-positive rate and false-negative rate weighted by their prior probabilitie@om the

events in the table above, functions like accuracy, specificity, precision, F1< a@call can be

calculated. 6\
2.2.7.1 Cross-Validation %
AQ

Cross-validation is a resampling technique used in machine learning and statistics to assess
the performance and generalization ability of a predictive model''. It helps in estimating how
well a model will perform on unseen data. Cross-validation involves partitioning the dataset
into subsets and repeatedly training and evaluating the model on different combinations of
these subsets. Cross-validation is especially important in cases where the dataset is limited,
and it helps ensure that the model's performance evaluation is robust and not heavily
dependent on a particular random data split. It's a valuable tool for model selection,

hyperparameter tuning, and assessing a model's expected performance on unseen data''>.

Cross-validation aims to overcome selection bias or overfitting issues and to generate insights
into how a model will generalize an independent dataset!'!®. Cross-validation refers to the
process where these machine learning models are trained on fixed or random subsets of the
input data and then tested on the complementary part of the dataset. In summary, cross-
validation tests the model's propensity to predict fresh instances that were absent in its

estimation (i.e., a newly generated dataset). Cross-validation is performed by taking away a
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part of the data set, and keeping it until the final evaluation takes place. This portion is called

the validation set!!3.

There are different types of cross-validation techniques, but the commonest, easy-to-perform
methods are k-fold CV, repeated k-fold CV, leave one out CV, Jackknife CV, Stratified k-fold,
and leave p out CV, Monte Carlo (shuffle-split), and time series (rolling cross CV)!'4. In the
k-fold CV method, the train set is divided into k-equal subsets and the model is trained
using k—1 of the folds as training data (one part kept till final estimation)!'*. The dataset is
divided into k equally-sized or nearly equal-sized subsets or "folds." Each fold contains a
portion of the data. The model is trained on k-1 of the folds (training set) and tested on the
remaining fold (testing set). This process is repeated k times, with each fold serving as the

testing set exactly once'',

For each iteration of training and testing, a performance metric (e.g., accuracy, mean squared
error) is calculated based on the model's predictions on the testing set. The performance
metrics from all k iterations are averaged to provide an overall evaluation of the model's

114 The resultant model is evaluated on this reserved subset. Performance metrics

performance
reported by the k-fold method are the averages of the estimated values computed in the loop.
Not carrying out these operations in the loop results in “data leakage”-which means taking a
peak into the test set, and this leads to model bias. Other validation techniques are said to
follow this baseline procedure!'*.

The key benefits of k-fold cross-validation are: It provides a more reliable estimate of a
model's performance because it assesses its ability to generalize across different data subsets,

It helps identify issues such as overfitting (model performs well on training data but poorly on

test data) and underfitting (model performs poorly on both training and test data), It allows for
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better utilization of available data, as each data point is used for testing in one of the k
iterations.

2.2.7.2 Accuracy

Accuracy depicts the extent to which an algorithm correctly predicts both positive and

negative cases. It is a proportion often specified as a percentage!''>.

= (
&

while classification error is the exact opposite. O

C
= A7 e
Q)

Researchers argue that solely depending on accuracy Values% to be misleading as
accuracy is not a good measurement of a model’s perfor hey rather agree that using
Receiver Operator Characteristic (ROC) curve explici &&nemﬁes the number of correctly and
incorrectly predicted samples when solvmg b1n lems'!®, However, if the distribution is

significantly skewed, ROC curve may gi e Xcesswely positive impression of a model's

effectiveness. &co

2.2.7.3 Balanced Accuracy . A@

Balanced Accuracy w@oped in a bid to correctly classify samples and minimise
classification erro@ weights are evenly distributed to each class label!'”. Balanced
accuracy is % mance metric used in machine learning to evaluate the effectiveness of a
classificatidn*model, particularly in cases where the dataset is imbalanced. It is a modified
version of traditional accuracy that accounts for the distribution of classes in the dataset.
Balanced accuracy is especially useful when the number of instances in different classes

varies significantly, making traditional accuracy less informative.

Sensitivity + Specificity
2

Balanced Accuracy = (2.21)
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Sensitivity (True Positive Rate or Recall) is the proportion of actual positive cases that the

118

where TP is the number of

. T
. It's calculated as =

model correctly identifies as positive

true positives, and FN is the number of false negatives.

Specificity is the proportion of actual negative cases that the model correctly identifies as

negative!'’. It's calculated as where TN is the number of true negatives, and FP is the

TN+FN

number of false positives. QQ

Balanced accuracy combines both sensitivity and specificity by taking théw”average. This
metric provides a more balanced view of a classifier's performan Q)ecially in scenarios
where the classes are imbalanced. It helps prevent overly o istic accuracy estimates that
can result from models that predict the majority class a @all the time. Balanced accuracy
ranges from 0 to 1, with higher values indicati%’@ner model performance. A balanced
accuracy of 1 implies perfect classiﬁcation,)\@ means the model is no better than random
guessing!!’. It is particularly useful Whﬁ\% essing models for tasks with imbalanced classes,
such as fraud detection, disea@(@(?gnosis, or rare event prediction. It has a robust
performance metric when t@t of false positives and false negatives differs significantly.
In such cases, you m t to optimize the model to maximize balanced accuracy rather
.
than traditional @gg\'ac . Balanced accuracy is valuable when comparing different classifiers,

especially 4 é‘classes are imbalanced, as it provides a more fair and informative assessment

of théi&&“ormance1 19

2.2.7.4 Precision

Precision simply refers to the positive predictive value (PPV) of a model and is calculated as
the number of true positives divided by the sum of the true positives and false positives. It is
often referred to as confidence level''. Precision is a commonly used performance metric in

machine learning and statistics, particularly in the context of classification tasks. It measures
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the accuracy of positive predictions made by a model and is particularly relevant when

dealing with imbalanced datasets or situations where the cost of false positives is high.

The precision of a model is calculated using the following formula:

= (2.22)

Where TP (True Positives) is the number of instances that were correctly predicted ositive

O

FP (False Positives) is the number of instances that were incorrec dicted as positive

by the model.

when they were actually negative. Precision ranges from 0 to% 1 indicating perfect
precision and 0 indicating no precision at all. Precision 1 larly important in scenarios
where false positives are costly or can have negati@onsequences. It is often used in
combination with other metrics like recall, Fl—s%énd the receiver operating characteristic
(ROC) curve to provide a comprehensiv&gssment of a model's performance'!®. High

[ ]
precision means that when the model@s&c a positive class, it is usually correct.

2.2.7.5 Recall (Sensitivity) * \QQ’}

Recall is given as the @%mber of relevant instances that were retrieved, i.e., the true
positive rate (T @ rate or sensitivity. Recall is computed as the incidence of true
positives div&i y the total prediction (sum of the true positives and the false negatives)''®,
Recall i%%ore efficient metric in this study because it depicts correct classification and
diagnosis (correctly classifying an ASD child, is more important than incorrectly classifying a
neurotypical child). With a high sensitivity value, it is less likely for a screening/diagnostic

test to return false positives.

= (2.23)

50



2.2.7.6 Specificity

Specificity is a performance metric used in classification tasks, particularly in the field of
machine learning and medical diagnostics. It measures the ability of a model to correctly
identify negative instances, or true negatives (TN), and is essential when evaluating models,

especially in situations where false positives have significant consequences, such as medical

testing. It's calculated as where TN is the number of true negatives, a is the

+
number of false positives. < Q

Specificity is a performance metric that assesses a model's % o correctly identify
negative instances, making it particularly important in scenarigs Where false positives have

significant consequences. It provides a key componer@ evaluating a model's overall

performance in classification tasks. bbe
2.2.7.7 F1 Score ®%

The F1 score function is designedbi\&' interpreted as a weight of recall average and
precision!?’. The F1 score is a @g?r used performance metric in machine learning and
statistics, especially for b@\ classification tasks. It combines both precision and recall
(sensitivity) into a single“etric, making it useful when you want to balance the trade-off

between precisiﬁn &r call. The F1 score is calculated using the following formula:

F = @bg_ (2.24)

Where:

Precision is the ratio of true positives (TP) to the sum of true positives and false positives (FP),

and it measures the accuracy of positive predictions
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Recall (also known as sensitivity or true positive rate) is the ratio of true positives to the sum
of true positives and false negatives (FN), and it measures the ability to correctly identify
positive instances. The F1 score combines these two metrics into a single value that balances
precision and recall. It's particularly useful in cases where false positives and false negatives

have different consequences or where you want to find a good trade-off between precision

Q
X

The ROC is a graph of specificity (FPR) against sensitivity (TPR). Ths&{ve shows both the

and recall!?0,

2.2.7.8 Receiver Operating Characteristic (ROC) Curve

correctly labelled positive sample points and the mislabelled n nes. The area under
the curve, popularly termed AUC or AUROC, is t ator of the classification
performance'?!. Excellent performance is a TPR of 1, ah FPR of 0. Hence a good model
is one in which all labelled points fall in the upper &ction of the curve.

_ 1 O ’\%\ (2.25)

2.2.7.9 Precision—Recall (PR) CQ’&go
The PR curve is a graph ecall against precision and provides an alternative for the
evaluation of a mo@ssiﬁcation performance. The Precision-Recall (PR) curve is a

graphical repre enﬁs}é

especially@uations where imbalanced datasets or the trade-off between precision and

n"used to evaluate the performance of binary classification models,

recalT\{&:ritical considerations'??. It provides a visual representation of how a model's
precision and recall change at different classification thresholds. The area under the PR curve
is often used as a single value to summarize the model's performance. A higher AUC-PR
indicates better model performance!??. The Precision-Recall (PR) curve is a valuable tool for
assessing and comparing the performance of binary classification models, especially when

precision, recall, and the trade-off between them are important considerations.
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2.3 Review of Empirical Studies

In order to classify clinical datasets used to predict the early indications of autism in children
and adolescents, a study assessed the efficacy of several machine-learning algorithms and pre-
processing techniques. In their work, KNN, RF, and logistic regression were tested together
with a few other machine learning approaches for conducting classification across datasets.
Their study proved that basic pre-processing procedures, proper data encoding, various
classification algorithms, including Random Forest, logistic regression, Random

Forest, produce high standards when compared with those produ&&ay state-of-the-art

systems'?3, %

In a work where the authors attempt to fill this gap by deg

¢ a novel discriminative few
shot learning method to analyze hour-long video %Qnd exploring the fusion of facial
dynamics for the trait classification of ASD. t@ging well-established computer vision
tools from spatio-temporal feature extraction marginal fisher analysis to few-shot learning
and scene-level fusion, they constru ’ ’\'t ee-category system to classify an individual into
Autism, Autism Spectrums Q&V\on-Spectrum. Experimental results are reported to
demonstrate the potes@% the proposed automatic ASD trait classification system
(achieving 91.72%@acy on the Caltech ADOS video dataset) and the benefits of few-shot

learning and egelfevel fusion strategy by extensive ablation studies'?*.

In an@’gdy that presented a new contrastive learning-based framework for decision tree-
based classification of actions, including human-human interactions (HHI) and human-object
interactions (HOI). The key idea is to translate the original multi-class action recognition into
a series of binary classification tasks on a pre-constructed decision tree. Under the new
framework of contrastive learning, they present the design of an interaction adjacent matrix

(IAM) with skeleton graphs as the backbone for modeling various action-related attributes
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such as periodicity and symmetry. Through the construction of various pretext tasks, the
authors obtained a series of binary classification nodes on the decision tree that can be
combined to support higher-level recognition tasks. Experimental justification for the
potential of their approach in real-world applications ranges from interaction recognition to

symmetry detection!?’.

In another work that provided a complete overview of autistic children's di is and
treatment options. By, using various modalities, autistic diagnosis and the@ strategies
are provided. Following that, a multimodal sensing technique for @sm assessment 1is
implemented. The research concludes with several suggestions r future research and
difficulties. This paper displays the summarization as pe t research in several fields

such as autism diagnosis. Intervention theory and the lei ations with majorly focusing on

ICF -based results!'?®. fbb’b

A study devises a Jellyfish Search Optimi %\gwith Deep Learning Driven ASD Detection
and Classification (JSODL-ASDDC ‘ % The goal of the JSODL-ASDDC algorithm is to
identify the different stages @SD with the help of biomedical data. The proposed
JSODLASDDC model@ performs min-max data normalization approach to scale the
data into unifom\tﬁ%ln addition, the JSODL-ASDDC model involves JSO based feature
selection (J%— process to choose optimal feature subsets. Moreover, Gated Recurrent
Unit (G@based classification model is utilized for the recognition and classification of
ASDkrthermore, the Bacterial Foraging Optimization (BFO) assisted parameter tuning
process gets executed to enhance the efficacy of the GRU system. The experimental
assessment of the JSODL-ASDDC model is investigated against distinct datasets. The

experimental outcomes highlighted the enhanced performances of the JSODL-ASDDC

algorithm over recent approaches'?’.
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In a similar study attempts to build a suitable prediction model enabled by ML technology to
predict ASD and dyslexia for people of any age. This work seeks to examine the possible use
of Random Forest, SVM with linear kernel, SVM with polynomial kernel, SVM with rbf
kernel, SVM with sigmoid kernel, XGBoost, Decision Tree, Logistic Regression, Naive
Bayes, and KNN to forecast and assess ASD and dyslexia difficulties in children, adolescents
and adults. Using real data set collected from individuals with and without autisti%aits, the
proposed model and the AQ-10 screening tool were assessed. The data for d@a is made
up of 3644 cases with 197 properties, 196 of which are independent )Qagag and one is a
dependent variable. The data for autism consists of 704 cases @2 characteristics, 21
independent variables, and 1 dependent variable with binary §ES or NO). The results
of the research showed that, in terms of accuracy, 6@%, F1 score, and recall, the

recommended prediction model gave better results&fb&: data set'?8,

A Y o N
Another study aims to analyze and make a comparison on which prediction model that gives a

N
L\
high accuracy after the feature selection. The importance of attributes is investigated using

‘(,’\
correlation and the predictive models are constructed for the detection of this disorder in
ot

2\
children. The dataset consists of 1054 instances and each instance includes 19 attributes.

Y
Experimental results clearly show that using feature selection with 10 attributes can lead the
N0\
impact of accuragxwith predictive model of Random Forest (RF) returns the highest accuracy
with 94'7Q8)0<0)'The findings also indicated that the number of questions in screening tools can
.

be reduced and give an impact with the good results'?’.

Another study aims to propose a data mining architecture that combines behavioural and
clinical characteristics with demographic data and to provide a quick, acceptable and easy
way to support the ASD diagnosis. this can be performed by conducting a comparison study

to determine the efficacy of four possible classifiers: logistic regression (LR), sequential
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minimum optimization (SMO), naive Bayes, and instance-based technique based on k-
neighbors (IBK). These classifiers have been performed with Waikato Environment for
Knowledge Analysis (WEKA) tools to distinguish autistic adults from healthy, normal
subjects. The results showed that, with 99.71%, SMO classification accuracy was 99.71,
which exceeded the accuracy of other classifiers. The proposed architecture allows for early

detection of ASD, distinguishing between ASD and healthy control subjects'3°. \

In this study, a model has been proposed for the early prediction and is of ASD
problems in children, adolescents, and adults. Principal Component wsis (PCA) is used
for the feature reduction method and then various machine le gorithms have been
applied to three ASD datasets relating to Children, ado and adults. 10-fold cross-
validation is used to evaluate the performance of appli gchme learning algorithms. The
result produces from their proposed model shows @%oglstlc Regression shows outperform
comparing to all other benchmark macﬁ%\geaming algorithms in terms of accuracy,

precision, recall, and F1-score during't%gr iction of ASD cases'3!.

In a study that develops a reco@lder model with multi-classifiers to enhance precision in
the prediction of ASD %Qs machine learning algorithms are experimented to assess the
model’s performan&te authors showed that Decision Trees and Random Forests exhibit
improved pe& ce if analyzed with other algorithms with respect to accuracy, precision,

recall, a%rb-score as evaluation metrics'3?

In a proposed work that is based on an ASD detection mechanism that uses a convolutional
neural network and a particle swarm optimization algorithm (PSO-CNN). Initial pre-
processing removes missing information from the dataset. To increase the effectiveness of the
suggested, we analyse the four underlying techniques, including the SVM, NB, LR, and

PSOCNN with four different dataset types, including ASD Screening Data for Children,
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Adults, Children, and Adolescents are used for the ASD Prediction analysis. Outcomes
strongly indicate that PSO-CNN based prediction models perform more accurately and
efficiently on all of these datasets of 99.1% after using various ML approaches with handling

missing information'??,

Another study proposes a feature selection algorithm (which is based on feature correlation
and ranking) for early ASD detection on the clinical ASD dataset. The perfor of the
feature selection algorithm is compared with different machine learning alg i@ R, GBC,
AdaBoost, and DT). The result shows that 5 out of the 30 features witl{&koglstic Regression

model are sufficient to detect Autism with 98.18% accuracy, 98.@ sitivity, and 98.16%

precision. The result also shows that the Gradient Boost a %\ es 98.18% accuracy with 5

features, and the AdaBoost achieves 97.10% accuracy catures '

A similar work revealed that multiple SVMs w Q ployed in their study to categorize a set
of ASD patients, alongside the neurotyp \V;Lort having claimed that the accuracy of a

single SVM was found to be low!*, co\

Another work applied KNN; @\4, RF, SGD, AdaBoost, Naive Bayes, and CN2 Induction
Rule to four ASD data?@rom the UCI ML repository to determine the best model. After
testing, they o 1’& 7% by SGD for the adult set, 97.2% by RF in the child data, and

99.8% by A@oost for the toddler set!®.

Furtlﬁg% similar study used restrictive kinematic features to study the diagnosis and
categorization of ASD (RKF). 23 kids with normal development (TD) and 20 kids with high-
functioning autism were enlisted. They were given a motor task to complete that called for the
execution of the most varied movement. Five machine learning classifiers: SVM, LDA, DT,

RF, and KNN, were trained and tested. With four kinematic features, KNN with (k = 1)
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produced the highest evaluation metrics (acc: 88.37%, spec: 91.3%, recall: 85%, AUC:

0.8815)!37.

A study conducted proof-of-concept research in their study in which a supervised machine-
learning system was created to segregate accurately between fifteen (15) preschoolers with

ASD and 15 neurotypical kids using the straightforward reach-to-drop task!*.

To facilitate early identification of ASD, a study sought to categorize ASD da@ rapid,
simple, and straightforward manner. For kids, teens, and adults, three A@/Qasets were
employed. They employed KNN, RF and SVM methods to categori@’&ASD data. To test
the classification methods, 100 random samples of the data wer%sen. Their results were
evaluated using average values. The effectiveness of S% RF as ASD classification
techniques is demonstrated. For all of the aforepb@}oned datasets, the RF technique

specifically categorized the data with a 100% ac rate'®’,

This research introduces a frameyg&ggi ASD-DiagNet, which aims to identify
individuals with Autism Spectrum %Q&ier (ASD) from healthy individuals using exclusively
fMRI data. The researchef&i&vised and executed a collaborative learning algorithm
employing an autoenco}?bnd a single layer perceptron (SLP), leading to enhanced feature
extraction qual@ﬁtimized model parameters. In addition, they devised and executed a
data augme\@on method, utilizing linear interpolation on existing feature vectors, enabling
the g@on of synthetic datasets essential for the training of machine learning models. The
suggested methodology is assessed using a publicly available dataset obtained from Autism
Brain Imaging Data Exchange. This dataset consists of 1,035 individuals who were gathered
from 17 distinct brain imaging centres. Their machine learning approach surpasses other
cutting-edge methods used in 10 imaging centres, with a classification accuracy gain of up to

28%, with a maximum accuracy of 82%. The machine learning strategy described in this
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work not only produces higher quality results but also offers significant advantages in terms
of execution time, with a reduction from 7 hours to just 40 minutes compared to other

methods'4°.

In this study, three artificial-intelligence techniques were developed, namely, machine
learning, deep learning, and a hybrid technique between them, for early diagnosis of autism.
The first technique, neural networks [feedforward neural networks (FFNNs) rtificial
neural networks (ANNSs)], is based on feature classification extracted by @m method
between local binary pattern (LBP) and grey level co-occurrence matriX (GLCM) algorithms.
This technique achieved a high accuracy of 99.8% for FF ANNs. The second
technique used a pre-trained convolutional neural networ ) model, such as GoogleNet
and ResNet-18, on the basis of deep feature map extr@)n. The GoogleNet and ResNet-18
models achieved high performances of 93.6% an&%, respectively. The third technique
used the hybrid method between deep le&@ (GoogleNet and ResNet-18) and machine
learning (SVM), called GoogleNet + S@, d ResNet-18 + SVM. This technique depends on
two blocks. The first block 135&@?{ to extract deep feature maps, whilst the second block

used SVM to classify th es extracted from the first block. This technique proved its

high diagnostic abi%i\: achieving accuracies of 95.5% and 94.5% for GoogleNet + SVM and

ResNet-18 + S@spectivelyl‘“.

~
To improve the precision and time required for diagnosis, machine learning techniques are
A&

being used to complement the conventional methods. The authors have applied models such
as Support Vector Machines (SVM), Random Forest Classifier (RFC), Naive Bayes (NB),
Logistic Regression (LR), and KNN to our dataset and constructed predictive models based

on the outcome. The main objective of their paper is to thus determine if the child is

susceptible to ASD in its nascent stages, which would help streamline the diagnosis process.
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Based on our results, Logistic Regression gives the highest accuracy for our selected

dataset!'42.

In this study, the authors obtained slightly earlier detected ASD datasets pertaining to children
and highly processed the dataset as needed. Various ML approaches were applied to the
collected dataset and compared their performance based on accuracy, precision, recall, f-
measure, log loss, kappa statistics, and MCC. They found that Random Forest a GBoost
provide the best performance with 97.70% accuracy. Model Interpretati @hods were
applied to interpret the models how they predict positive or negative cl’ﬁkln addition to that
important feature and the impact of features on each class been shapely value. The
impact of features on ASD is found to find the risk fa hich are mostly related or
responsible for ASD. The study’s findings indicate ghat, “when properly tuned, machine
learning approaches can offer accurate forecasts 01@ status. According to the findings, the

suggested model has the ability to diagnoseﬁ@in its early phases'®.

Another study used FL technique f({@?ﬂ detection by training two different ML classifiers
including logistic regression pport vector machine locally for classification of ASD
factors and detection o@n children and adults. Due to FL, results obtained from these
classifiers have bea\@smitted to central server where meta classifier is trained to determine
which appro% ost accurate in the detection of ASD in children and adults. Four different
ASD pati %datasets, each containing more than 600 records of effected children and adults
have been obtained from different repository for features extraction. The proposed model

predicted ASD with 98% accuracy (in children) and 81% accuracy (in adults)'*.

In this paper, the authors proposed a novel hybrid ensemble model which is the ensemble of
ResNet101 and a Bidirectional Gated recurrent unit (Bi-GRU) with a Weighted Average

Ensemble (WAE). The preprocessing is initially carried out to remove undesirable aspects
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from the input signal, such as noise, computational burden, etc. A convolutional neural
network-based ResNet model is utilized for the classification and detection of input data. Bi-

GRU neural network learns data from two different sources such as forward and backward to

provide extremely precise predictions. We integrate ResNet and Bidirectional

Gated recurrent unit (Bi-GRU) to produce accurate classification results and this technique is

optimized by using the Chaotic Henry Gas Solubility Optimization (CHGSO) algofithm. To

enhance the efficiency of the proposed method we compare the four underl@Q@chniques

such as the Support vector machine (SVM), K-Nearest Neighb&gﬂﬂ\!), Modified

Grasshopper Optimization Algorithm- Random forest (MGO and Deep Neural
Network (DNN), and the hybrid model is evaluated with et EEG microstates dataset.

Accuracy, precision, sensitivity, specificity, F1-score, anc@c are utilized for assessing the
classification performance more accurately. Our H&@ensemble model attains Sensitivity of

98%, 99% higher Specificity, 98% Fl-SCO\@ of 99%, Accuracy of 98%, and Precision

of 99%145 . s&

In another study, the authors @ different machine learning algorithms including neural

network-based classiﬁerQ fective ASD classification and detection. They performed
n

extensive experim n!*
°

models. The, experimental results demonstrate that the tree-based classifiers: Random Forest

ree ASD datasets (Adult, Adolescent, and Child) to evaluate the

and Decis@ee classifiers outperformed other classifiers by achieving the highest accuracy,
F-betagecall and precision scores. The experimental results demonstrate the robustness and
effectiveness of the models. Moreover, we applied SHAP methods to investigate the

important features in ASD prediction for all three datasets!#6.

Several machine learning models, including logistic regression, k-nearest neighbours, Naive

Bayes, support vector machine, decision trees, random forest, AdaBoost, XGBoost, and deep
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neural network, were used in a study to analyse a publically available dataset on children with
Autism Spectrum Disorder (ASD). The models were chosen for their capacity to provide
model explainability. The support vector machine, logistic regression, and AdaBoost models
achieved the highest performance, with accuracy rates ranging from 99% to 100%. Feature
significance determined the crucial features required for accurate ASD prediction. The best-

performing models exhibited these traits, which were also consistent with clinical assessment

of ASD. LIME facilitated the visualization of the logical processes utilized b@nodels in

order to generate their predictions, hence enhancing the comprehensm f cians. This is
necessary for the possible integration of Explainable Artificial In ce (XAI) tools into
regular clinical practice. Their research results are encoura and have provided valuable

insights in the creation of efficient and dependable au@ted algorithms that can assist
clinicians in accurately detecting autism in childr%.’bﬂ izing XAl techniques for early and
timely assessment has the potential to decr\)@number of patients who need to undergo a
lengthy and complex diagnostic prac mplementing timely intervention strategies and

providing effective therapy guara%{é@timal healthcare for our patients'#’.

A related study examine t@sessment of Transfer Learning (TL) techniques employed in
non-clinical analysi*ll utilized transfer learning methods are highly recommended and
widely reco ni@r their effectiveness in extracting facial features. We utilized an open-
source d obtained from Zenodo, comprising of photos depicting children's faces
focus}vm a specific region of interest within each image. The analysis employs established
transfer learning models, including VGG16, VGG19, InceptionV3, AlexNet, and ResNet50,
to assess their performance in comparison to the CNN model. All models undergo thorough
hyperparameter tuning and are subsequently employed for predicting autistic features, rather
than for data classification. InceptionV3 demonstrated superior performance compared to all

other models, with prediction accuracies of 87.99% and 84.33% on the validation and test
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datasets, respectively. These accuracies are notably greater than those achieved by other
models proposed. Furthermore, this is the sole endeavour that has employed a transfer

learning model on the dataset provided by Zenodo!*.

A different research conducted an analysis on various machine learning models, including
logistic regression, k-nearest neighbours, Naive Bayes, support vector machine, decision trees,
random forest, AdaBoost, XGBoost, and deep neural network. These models we ilized to
examine publically accessible datasets of individuals with Autism Spectru @ er (ASD)
across different age groups, including children, adolescents, and adults. The kid dataset

yielded the most successful models through AdaBoost, support@ achine, and logistic

regression, achieving an accuracy of 95-99%. Meanwhile @ c regression, random forest,

and support vector machine emerged as the top—perfo@ models for the teenage dataset,
achieving an accuracy of 95-100%. The AdaB ’bsupport vector machine, and logistic
regression algorithms achieved exceptionaf\\\@)rmance on the adult dataset, with accuracy

rates ranging from 99% to 100%'%. "\\,

A study developed a machi&%ming (ML) architecture that is capable of effectively
analyzing autistic chil@tasets and accurately classifying and identifying ASD traits.
The authors consi-d\?&‘he ASD screening dataset of children in this study. They utilized the
SMOTE me% balance the dataset, followed by feature transformation and selection
method%r'ﬁt:n, they utilized several classification techniques in conjunction with a
hype%(ameter optimization approach. The AdaBoost method yielded the best results among
the classifiers. They employed ML and statistical approaches to identify the most crucial

characteristics for the rapid recognition of ASD patients'*,

This study developed various hybrid systems to diagnose facial feature images for an ASD

dataset by combining convolutional neural network (CNN) features. The first approach

63



utilized pre-trained VGG16, ResNetl01, and MobileNet models. The second approach
employed a hybrid technique that combined CNN models (VGG16, ResNetl01, and
MobileNet) with XGBoost and RF algorithms. The third strategy involved diagnosing ASD
using XGBoost and an RF based on features of VGG-16-ResNet101, ResNet101-MobileNet,
and VGG16-MobileNet models. Notably, the hybrid RF algorithm that utilized features from
the VGG16-MobileNet models demonstrated superior performance, reached aI%UC of

99.25%, an accuracy of 98.8%, a precision of 98.9%, a sensitivity of 99%, anc@ciﬁcity of

99.1%"1. ’\(/

The aim of a study was to detect ASD at an early stage to imp@ in development and
increase the awareness of parents and caregivers about A chine learning methods are
now used to predict the spectrum of autism. This studyprovides a comprehensive assessment
of documents that use machine learning to pr@ASD, as well as data analysis and
classification algorithms. This work aims@assify and study the different methods of
Machine Learning, as well as to expfa@nature of ASD and to evaluate performance and
demonstrate research potential&@different criteria. This publication serves as a roadmap

for imminent researche%w@vant to work on the topic of ASD prediction using machine

learning'*2. \
° \\'

In this study;\the adthor presents a useful framework for comparing several Machine Learning
(ML) ap@hes to ASD diagnosis at an early age. The suggested framework incorporates an
effecti\velprediction method into the overall design by using a variety of Feature Scaling (FS)
techniques, including minmax scalar, principal component analysis, and intuitive visual
representation analysis. Our suggested design using the IPD model shows that the overall
verification of the features, various functional qualities reflects the adult autism spectrum

disorder categorization in its entirety. In our IPD model, we use a chi-squared and probability
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density functional hybrid to do the mathematical analysis. The structure is meant to identify
and categorize patients according to their observable characteristics. At the end of the day, we

can see that the 95.9% accuracy is far higher than the Machine Learning method!>?.

In a paper whose objective of this paper is to train and validate various models (Decision Tree,
Random Forest, SVM, KNN and Gated Recurrent Units or GRUs), and conduct a
comparative analysis based on various performance metrics. We were able to achi 100%
training and validation accuracy with both, Random Forest and GRUs, aft(/ous tuning

of the models. KNN classifier yielded the poorest results'>*. ’\

In a study that uses the data mining technique in the process%:tism detection, which
provides multiple beneficial impacts with high accuracy ideritifies the essential genes and
gene sequences in a gene expression microarray data;@r optimally selecting the genes, the
Artificial Bee Colony (ABC) Algorithm is utili in this study. In contrast, the feature
selection process is carried out by f%\\&brent algorithms: tabu search, correlation,

[ ]
information gain ratio, simulated @'h

hybrid Extreme Learning Ma\%g(ELM) algorithm based Adaptive Neuro-Fuzzy Inference

, and chi-square. The proposed work utilizes a

System (ANFIS) in t%%siﬁcation process, significantly assisting in attaining high-
accuracy results.o'l@‘tire work is validated through Java. The obtained outcomes have

specified th%&-ﬁtroduced approach provides efficient results with an optimal precision

value oféb, an accuracy of 93%, and a recall value of 87%'%.

In another study aims to create a classification model that can predict the likelihood of ASD
with the greatest degree of precision. To investigate the potential for predicting and analyzing
ASD traits in the Toddler, Child, Adolescent, and adult age groups, we used several
supervised Machine Learning (ML) models. These include Decision Tree (DT), Support

Vector Machine (SVM), K-Nearest Neighbor (K-NN), Nave Bayes (NB), Logistic Regression
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(LR), and Random Forest (RF). Four publicly available, distinctive non-clinical ASD
screening datasets from Kaggle and the UCI machine learning library are used to test these
models. The first dataset includes 1054 instances and 19 toddler-related features. The
remaining ones consist of 21 traits and 292, 104, and 704 cases involving children,
adolescents, and adults, respectively. After implementing different ML approaches over the
pre-processing datasets, the results showed that the DT, LR, and RF classiﬁWre the
dominant models. These dominated models achieve the highest prediction a@y, among

other studied models, of about 100% for all the utilized datasets'*°. ’\(/

The objective of this study is to examine the eye-tracking data co rom computer games
in order to categorise youngsters as either autistic or ne @al. This study involved the
selection of 20 typically developing children from Na@%ublic elementary school and 20
children with autism from the Daily Rehabilitatior&c for Children with Special Disorders
in Tehran. The data were analyzed using a ﬁ@rger perceptron neural network, employing a
backpropagation learning technique ?11@ aled conjugate gradient training algorithm. The
evaluation of the classiﬁcatic:n &@gs was conducted using the confusion matrix. This study
involved analyzing the g m the game and the gaze fixation data of children in order to
conduct a persozl—to;%rson evaluation and identify appropriate features for classifying
children as eit&}ﬁtism or typical. The situation in which all features were considered
achieved ﬂb§aximum output precision and accuracy, with values of 76.6% and 73.8%

respectiyely's’.

A study also aims to bridge a gap in understanding by bringing together the results of recent
studies and technologies that use machine learning based approaches for ASD screening in
infants and children younger than 18 months. Individuals on the autism spectrum have

restricted interests and behaviors and struggle to communicate and interact socially with
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others. The prevalence of ASD has increased in recent years. The potential for innovative
methods like machine learning to be integrated into established therapeutic practices is quite
encouraging. How computers can be taught to recognize patterns in data is the focus of
machine learning research. Artificially intelligent technologies can identify signs and
symptoms, organize data, make diagnoses, and forecast outcomes. Machine learning is an
area of artificial intelligence that focuses on teaching computers new behaviors by dbserving
how they interact with the world. These days, there are a wide variety of n@?@ learning
methods available. In this piece, we look at the existing literature on th re&aﬁcy of ASD in
the general community. The main interest of this paper is the acad erature were sought

by searching numerous databases!8. Q

Q

Another study aims to automate the diagnosis p@, compare and identify the best
classifiers, and find out the most significant tra@ supporting detection. We attempted to
investigate the use of Logistic Regressi ,\\gcision Tree, Naive Bayes, Random Forest,
Support Vector Machine, Linear iant Analysis, K-Nearest Neighbors, XGBoost
Classifier, Multi-Layer Perce@)r predicting if the person is susceptible to ASD. For the
analysis, ASD data fon\@n , children, adolescents, and adults were employed, and the
best classifier te were determined using measures like recall, precision, F-measures,
etc. Feature @ ering was performed to identify the most impactful and effective features
of the d@s. We identified that LR and MLP models provide the best results in adult and
toddler datasets. In case of adolescent data, LR classifier showed the highest performance
whereas LR and XGBoost algorithms worked well for child dataset. The results obtained

justify that ML and DL techniques showed promise in developing an improved system for

supporting the detection of Autism!.
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A study presents a review of the recent literature on different ML approaches for the
classification and identification of ASD in children and the study of the characteristics of
ASD. The concept of ASD and the techniques used to discover it are explained; at the end of
the paper. The most prominent techniques used in ML to identify children with ASD were
discussed in detail. Finally, the main objective of our study is to focus on whether the child is
at risk of developing ASD spectrum disorder in its early stages and highlight the %)rtance

of early diagnosis using ML methods to reduce the symptoms of the diseaseléOQQ

C

Another related study aims to develop a parental autism screenin@termed the Indian

I%re collected using the

Indian Autism Parental Questionnaire and assigned with @ ¢s” This dataset is employed to

Autism Grading Tool (IAGT) for early screening of autis

test five supervised machine learning models, h@mpare classification performance
based on accuracy, precision and recall. Th t effective model should be used to
implement the autism screening applicati \M R is known to be more robust and to support
fewer data sets, so it can be em %or the implementation of ML-powered mobile
applications. MLR achieves t@%all accuracy of 97.85%, which equates to 0.72%, 2.37%,
0.84% and 1.54% bette@%VM, DT, KNN and GNB respectively. The proposed tool is
QA‘ and English. The pilot study is conducted with 30 children and the

N

predictabilit% e tool is compared with the clinician. Therefore, the tool consistently

developed in bo

achieve (Qame level of accuracy as clinicians'®!.

In a proposed system that can handle time-related NL queries in the healthcare domain. A
temporal database has been created where various Autism Spectrum Disorders (ASD) real-life
problem statements have been stored with time. The proposed system is able to extract data
from a temporal database using time-related NL queries with aggregation. Time tick has been

assigned for handling temporal queries whereas aggregation methods have been used for
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handling computational type queries. Auxiliary verbs are used as an indication of whether the
NL query is a temporal query. The proposed system has the capacity to produce structured
query language (SQL) from temporal and computational types of queries which are frequently
occurring in NL. This system will help the parents of an autistic child to enhance their
knowledge about autism after getting many real-life autism problems according to time'®2,

A study was conducted to analyse autism spectrum disorder at its onset, with %&im of

enhancing brain development and ensuring adequate attention to this disorde@rents and

guardians. ML algorithms currently have a crucial function in identifyinggD/The objective

of this study is to identify and analyse several machine learning ap hes used in the field

of autism research. It also seeks to evaluate the character@s of autism and assess the

performance of these techniques using many metrics. Additionally, the study will explore

potential avenues for future research in this area. rvey demonstrates that the Random

Forest algorithm has favourable results in c@n to other algorithms!®2,

A similar study aims to estimate A ’%@ m spectrum disorder) at a sooner possible time
and increase more accuracy Eha&@x)revious research and reduce medical costs. The authors
want to predict and disti Q}between autistic and non-autistic children by using a machine
learning approach. Wy, they have gathered data from the surveillance side as much as
.
possible. They @et some particular questions and try to find maximum accurate answers
to all que . Furthermore, supervised learning algorithms are applied to diagnosis whether
childMeet the symptoms for ASD. Among all applied algorithms KNN and Random
Forest shows maximum accuracy and speed to diagnosis. Above all, their final goal is to
create an online tool that can provide machine learning-based analysis to a user to detect

autism at an early age precisely!%4.
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This work puts forward the method for the detection of ASD utilizing Machine Learning (ML)
with the features extracted from sMRI (Structural Magnetic Resonance Imaging). Surface
morphometric and volumetric morphometric features have been utilized for training the
machine learning models. The cross-validation approach has been used to avoid overfitting
problem occurred during training and testing steps. Machine learning models such as Random
Forest (RF), Extra Trees (ET), Linear Support Vector Machine (SVM), Non - Lindar SVM,
and K- Nearest Neighbors (KNN) have been used for classification bet SD and

controls. To evaluate the performance of classification, accuracy, preci}&gdall, and ROC-

AUC score values have been considered!®’. %Q

This work proposes newness toward the approach of leing the same model by
combining the same DCNN model with differ n@mzers The numbers of subjects
considered for this work are 484 ASD and 49 trols. The proposed ensemble model of
DCNN with Adam and Nadam optimizer has chleved the accuracy of 77.58%, 77.66%, and
81.35% on the data division ratio 6§(SO' 80:20, and 90:10 respectively. Experimental
results validate the superior pe‘@ance of the proposed model compared to the sMRI-based

state-of-the-art approacb@%he detection of ASD'6¢,

Another stu(ié @es a method for detecting Autism Spectrum Disorder (ASD) using facial

photogre&ﬂb

pattern\NE.BP) characteristics in a hybrid approach. The dataset employed in this study was

is method combines histograms of oriented gradients (HOG) and local binary

obtained from Kaggle and consists of 2940 facial photographs, with an equal distribution
between children diagnosed with autism and those without autism. Four distinct machine
learning methods, including support vector machine (SVM), random forest (RF), K-nearest

neighbours (KNN), and decision tree (DT), have been trained using a hybrid combination of
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extracted data to detect ASD. The SVM classifier has attained the highest classification

performance, with an accuracy rate of 77.96%1’.

This research presents an analysis of machine learning techniques to identify a specific set of
circumstances that are collectively predictive of autistic disorder. Furthermore, this article
presents an autism management system that utilises knowledge fusion of collected features
from mobile apps used by parents for monitoring. This study work examined a imately
65 characteristics of children across various behavioural categories in or r@n ance the
precision of the predictive machine learning model. In addition, we ha\ﬂé’wplemented several
machine learning algorithms, including Decision Tree (DT), omial Naive Bayes
(MNB), Random Forest (RF), Adaboost, Multilayer Perce ®/JLP), K-Nearest Neighbour
(KNN), Support Vector Machine (SVM), and Logisti @ession (LR). These algorithms
were applied to a dataset consisting of 500 child@fq order to compare their performance
with a weighted voting approach. The goal achieve a higher accuracy rate of 97%. The
results showed that the Weighted V(?t@assiﬁer (WVC) outperformed the other state-of-

the-art classifiers!¢®. . Aé

In this study, the authos@red the toddler dataset. The selection of the important features
in medical applica\Q% such as ASD screening therefore plays a key role in model
developmen%&!that directly affects classification accuracy. This study examines several
feature %@ions approaches. We use Generalized Learning Vector Quantization (GLVQ)
and propose a method, Modified Generalized Learning Vector Quantization (MGLVQ) for
selecting important features. They applied knearest neighbor (kNN), Linear Discriminant
Analysis (LDA), Support Vector Machine (SVM), Classification and Regression Trees

(CART), and Multilayer Perceptron (MLP) classification machine learning algorithms. The

performance of classifiers is evaluated by evaluation methods such as accuracy, Ff and area
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under the curve (AUROC). The results of all classifiers have been examined, and the
performance of the MLP in different evaluation methods is excellent. Moreover, we illustrate
the MGLVQ technique explores important features that impact the primary diagnostic
procedure of ASD traits in children . As a result, the proposed machine learning model could

be effective in detecting ASD at an earlier stageieo.

The objective of this study is to build an online application that can accuratel Qﬁy ASD
at an early stage using machine learning.in this paper there is an attemipt to“explore the
possibility to use Naive Bayes, Support Vector Machine, Logistic ion, KNN, Neural
Network and Convolutional Neural Network for predicting a z%is of ASD problems in
a child, adolescents, and adults. The proposed technique@éluated on publicly available
three different non-clinically ASD datasets. First at% lated to ASD screening in children
has 292 instances and 21 attributes. Second dat elated to ASD screening Adult subjects
contains a total of 704 instances and 21 a hﬁu\%s. Third dataset related to ASD screening in
Adolescent subjects comprises of Q%nst nces and 21 attributes. After applying various
machine learning techniques a&%ﬂdling missing values, results strongly suggest that CNN

based prediction mode!@%better on all these datasets with higher accuracy of 99.53%,

98.30%, 96.88% ‘f@isﬁc Spectrum Disorder Screening in Data for Adult, Children, and

Adolescents@:) vely!'”,

In thhpﬁper, some of the research works in the field of application of Al, ML, and IoT in
autism were reviewed. State-of-the-art articles were collected and around 58 articles were
selected which have significant contribution in this field. The selected research works were
analyzed, represented, and compared. Finally, incorporation of the autism facilities in smart

city environment is described, some research gaps and challenges were pointed out, and

recommendations were provided for further research work!”!.
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This study uses several deep convolutional neural network (CNN)-based transfer learning
approaches to detect autistic children using the facial image. An empirical study is conducted
to select the best optimizer and set of hyperparameters to achieve better prediction accuracy
using the CNN model. After training and validating with the optimized setting, the modified
Xception model demonstrates the best performance by achieving an accuracy of 95% on the
test set, whereas the VGG19, ResNet50V2, MobileNetV2, and EfﬁcientNetB%hieved
86.5%, 94%, 92%, and 85.8%, accuracy, respectively. Our preliminary comp@%al results
demonstrate that our transfer learning approaches outperformed e@&ethod& Our
modified model can be employed to assist doctors and practitione lidating their initial

screening to detect children with ASD disease!”. Q

Q

The research describes an effective deep learning- a@ta—centric approach for diagnosing
autism spectrum disorder from facial images. ssify ASD and non-ASD subjects, this
method requires training a convolutional&&?network using the facial image dataset. As a
part of the data-centric approach, tl'{f%Search applies pre-processing and synthesizing of the
training dataset. The trained m@' is subsequently evaluated on an independent test set in
order to assess the pe\@ce matrices of various data-centric approaches. The results
reveal that the '@ed method that simultaneously applies the pre-processing and
augmentatio%&()ach on the training dataset outperforms the recent works, achieving
excelle % prediction accuracy, sensitivity, and specificity while having 99.9% AUC.
This work enhances the clarity and comprehensibility of the algorithm by integrating
explainable Al techniques, providing clinicians with valuable and interpretable insights into

the decision-making process of the ASD diagnosis model!”.

Another study suggests the detection of ASD in high-functioning adults with the contribution

of Transfer Learning. Decision Trees, Logistic Regression and Transfer Learning were
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applied on a dataset consisting of high-functioning ASD adults and controls, who looked for
information within web pages. A high classification accuracy was achieved regarding a
Browse (80.50%) and a Search (81%) task showing that our method could be considered a
promising tool regarding automatic ASD detection. Limitations and suggestions for future
research are also included (Kollias KF, Syriopoulou-Delli CK, Sarigiannidis P, Fragulis GF.

Autism detection in High-Functioning Adults with the application of Ey%acking

technology and Machine Learning!7. QQ

In another study that designs an Equilibrium Optimizer with D@aming Model for
Autism Spectral Disorder Classification (EODL-ASDC) tec n@'rhe presented EODL-
ASDC technique mainly focuses on the identification andation of ASD. To attain this,
the presented EODL-ASDC technique exploits the belief network (DBN) system to
perform the classification procedure. In addit% e EO algorithm is employed for the
optimal hyperparameter tuning of the D N\\ugpproach. To demonstrate the enhanced ASD
classification result of the EODT{A’?%C approach, an extensive range of experimental

evaluates was executed. Th %rimental results demonstrate the improvements of the

EODL-ASDC techniqu@ ther approaches!”.

2.4 Summary 0f@Literature Reviewed
This section@e

into fou@headings conceptual review, theoretical review/framework, review of empirical

n in-depth review of various concepts used in this study and was organised

studies related to the research topic and conceptual model. The conceptual review explained
in depth the concepts of the study. These concepts are Autism spectrum disorder (ASD),
Autism spectrum disorder (ASD) in children, detection of Autism spectrum disorder and
machine learning. It also richly gave insights into sub-concepts such as types of machine

learning, and classification of Autism spectrum disorder using machine learning which
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includes various classification algorithms like GBoost, Support Vector Regression, Extreme
Learning Machines (SVM), Gaussian Naive Bayes (GNB), Multilayer Perceptron, Esemble
Technique and K-Nearest Neighbour (KNN). Other sub-concept which includes analysis and
interpretation of ML model, model optimization and data balancing were also explained. In
the methodological review, the main classification algorithms used in this study were fully
explained. They are GBoost, Support Vector Regression, Extreme Learning Machine§ (SVM),

Gaussian Naive Bayes (GNB), Multilayer Perceptron, Ensemble technique@(-Nearest

Neighbour (KNN) including their hyper parameters ’\(/
In the review of empirical studies, several studies on classificati utism using machine
learning algorithms were presented. The studies show t y empirical research works

similar to the topic under study have been carried out. Howéver, past empirical studies using
other algorithms showed lower accuracy, lower f&s and precision. Also, from previous
comparative analyses on ML algorithms it@rs that models like SVM, KNN, RF, GNB,
MLP, XGBoost, Bagging and .®1g produce the highest tallies of best

performances*0-30:160.165, é
[ ]

An inquisition into t%g\derlying framework has been ignited, hence, a thorough
exploration of th@ementioned models is pertinent. With the motive of unbiased
comparisons&g-dptimal model, i.e. the model with the best hyperparameters will be
employ%réaluation metrics will be computed, and the scoring metric in the comparison
will be sensitivity (recall), area under the Precision-Recall curve, and area under the ROC

curve, since using accuracy as the performance metric may not be best practice.
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This research focused on t@zpaﬁson of acclaimed best classifiers centred on evidence-

3.1 Research Approach

based literature. Patr@(1 of interest upon execution (classification) were classification

[ ]
accuracy, sensi(wi%g\a

were Gaus&@l aive Bayes, Support Vector Machine, K-Nearest neighbour, Random Forest

specificity. The classification techniques employed in this study

modé@ Multilayer perceptron. The ensemble methods employed are bagging (bootstrap

aggregating), boosting (XGboost), and stacking.

3.2 Requirement Specification
All techniques are deployed using Jupyter notebook of the python programming language.
Appropriate libraries such as Data Visualization Libraries (Matplotlib for creating various

types of graphs and visualizations and Seaborn), Data Manipulation and Analysis Libraries
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(Pandas for data manipulation and analysis and NumPy for numerical computations) and
Machine Learning Libraries (Scikit-Learn Metrics functions for calculating accuracy,
precision, recall, F1-scorefunctions for calculating accuracy, precision, recall, F1-score) were

installed when needed.
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3.3.1 Data Collection

Various databases and repositories like Kaggle.com, UCI machine learning repository,
data.world, Mendeley, and National Database for Autism Research (NDAR) was
systematically searched for suitable and viable data, and the Autism dataset for children was

chosen from UCI.

The dataset represents a screening mechanism for the diagnosis of autism spect isorder
in children, and it contains very important features to be used in the cla 'n of ASD
outcomes. Ten behavioural characteristics were assessed and recorded, based. These said
attributes had been proven to be strong determinants of ASD in t ioural study of ASD.
The data is of a continuous nature, majorly nominal /cate% binary classification) hence

it is suitable for classification/prediction purposes. Q

Eighteen (18) attributes and a total of 1054 reco% re captured including the class variable.

No missing values were encountered. Clasg variable was assigned based on the subject’s total

count score after undergoing the process using an ASD test application. The

questions that captured the ind@%bnt variables are specified below:

Q1 — Does the child turn\book at you when called by their given name?

Q2 —Is it easy {r@e contact with them?

Q3 -Do t@in‘[ to show their need for a thing?

Q4 —\%)/%éy point to show or share their interest with you?
Q5 — Do they like to play pretend? (talking on the phone, caring for dolls)
Q6 — Do they follow the direction of where you’re looking?

Q7 — Do they show signs of sympathy? (wanting to comfort you or a family member when

they are visibly upset, e.g hugging, stroking of hair)

Q8 — Description of subject’s first words
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Q9 — Do they use basic gestures like waving?
Q10 — Do they stare fixatedly at nothing without clear purpose?

Al to A10 are binary variables since their outputs were classed as “0” or “1”. For questions
Al to A9, if the response was “Never”, “Rarely”, or “Sometimes”, “1” was assigned, if
“Always” or “Usually”, then “0” was recorded. For A10, “1” was recorded when the answer

was “Sometimes”, “Usually”, or “Always”, and “0” for “Rarely” and “Never”.

Other features (collected from the ASD test app) are: Q\
Age — specified in months (Numeric) (}Q
Count score by Q-Chat-10 — Between 1 and 10 (Numeric) Q&

Ethnicity -String variable %

Jaundiced when born — Yes/No (Boolean) QO

Any family member with a history of ASD — Yes/No @ean)

®%

Why the test is being undertaken (String) %h

Class Variable — Automatically assié%ﬂby e ASD test app

The class variable was assign 6& d on the criteria that if a subject's score was lower than or

equal to 3, then they h% D traits, if higher than 3, then it means ASD traits had been

Who is taking the test — String

detected. &
.

3.3.2 Data Pre@%s'ing

The datas pre-processed to minimise noise and handle missing values. Data will also be
norm%wd and transformed to stabilise the data and maximize accuracy, and feature selection
will be done based on relevance analysis i.e., removing redundant features. Pre-processing
data to remove missing values and normalize it is crucial for creating accurate and efficient
machine learning models. These steps help in ensuring that the model receives high-quality
input data, devoid of anomalies like missing values or vastly different scales among features,

which can significantly skew or misguide the learning process.
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Identification of Missing Values: Use functions to identify missing values in your dataset. In

Python's pandas library, ‘isnull()’ can help identify these.
Handling Missing Values:

i.  Drop Rows/Columns: If a column/row contains a high percentage of missing values, it

might be practical to drop it using "dropna()".

ii. Imputation: Replace missing values using Scikit-learn's ‘Simplelmpute@automate

this process. &(/

Normalizing Data: Normalization adjusts the scale of your data at QS so that they range
over a common scale without distorting differences in the @s of values. There are two

common methods: Q

i.  Min-Max Scaling: This technique re@the data to a fixed range, usually O to 1.
The formula is ‘(X - min) / ( - min)’. It's useful when you need specific
bounded values. é;\\'
il. Standardization (Z@ normalization): This technique rescales data so that it
has a mean %@a standard deviation of 1.
3.3.3 Data spli(;n@

\

Data splitti Iso known as data partitioning. It involves dividing a dataset into distinct

subs&&various purposes, primarily for model training, validation, and testing. The main
goals of data splitting are to assess a model's performance, prevent overfitting, and ensure that
the model generalizes well to unseen data. The training set will made up of 70% of the data.
The four classification algorithms Support Vector Machine, Gaussian Naive Bayes, K-Nearest

Neighbours, and Multilayer Perceptron will be used to train the dataset and evaluate their
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respective performances. The test set will be used to assess the model's generalization

performance. It is made up of 30% of the data.
3.3.4 Evaluating the Performance of the Models

Evaluating the performance Support Vector Machine (SVM), Gaussian Naive Bayes (GNB),
K-Nearest Neighbours (KNN), and Multilayer Perceptron (MLP) involves several key steps
and metrics. These steps ensure that the evaluation is comprehensive, covering@ts like

accuracy, precision, recall, and sometimes more sophisticated metrics like tl‘e Qore.

For each model, @

i. Initialize the Model: Create an instance of the model.

ii. Train the Model: Fit the model to the training dat’a.‘g

iii. Predict: Use the trained model to make @o;s on the test set.

Step 3: Evaluate the Models . 5\%

Use various metrics to evaluate@l performance. Common metrics include:

i.  Accuracy: The pro@% of correctly predicted observations to the total observations.

Good for bala\TNasses but not as informative for imbalanced datasets.

il. Precisio@he ratio of correctly predicted positive observations to the total predicted

p%gws. Important when the cost of a false positive is high.

iii. Recall (Sensitivity): The ratio of correctly predicted positive observations to the all

observations in actual class. Crucial when the cost of a false negative is high.

iv. F1 Score: The weighted average of Precision and Recall. Useful when you need a balance

between Precision and Recall and there is an uneven class distribution.
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v. Confusion Matrix: A table showing correct predictions and types of incorrect predictions.

1. Support Vector Machine (SVM)

The SVM was employed for either regression or two-group classification problems, though it
is mainly used in classification. In this method, each data point is plotted in n-dimensional
space, with each coordinate representing the value of a given feature. Here, classification is
done by locating the line that clearly segregates both classes. If there is no Qﬁﬁn this

separation, then, the Expected value of error is given as < Q

Pr( D= [[ ]] @ 3.1
The decision function was given as O

()= O+ Q

which is the best line that integrates the trainin and b are parameters of the SVM,

and () is the function which transforms L&\@
O . %
T ’\\' 33

represents the line, which@‘iﬁ?distance between item and the hyperplane.

3.2

nto the new M dimension

3.4

=( - Q:\\% 3.5

The principa&nction of the above training algorithms is to solve the equation quadratically.
o0
= &/ I 3.6

2. Gaussian Naive Bayes

The parameters of the I@SIOH function that will maximize M are:

Suppose a vector ( 1, »,.. ) represents the n features of X. Let represent the class label

of X. The naive theorem describes the conditional probability of observing X given the class

label , (| ) asaproduct of several simpler probabilities as shown below:
( | 11 2y e ) = O (a1 20 | ) 3’7
1y 2y )
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Where ( 1, 2,... ) represents the features of vector X. Following the assumption of

independence, the probability can be expressed as;

( | 1y 2y =1y 41y ) = ( | ) 38
For all ,
- (1)
( | 10 2y e ): ( )l— 39
(1 2. )
Assuming every feature is constant, the classification rule follows below: \

(1o 2e ) () o CDD, oo
And, &Q}
S

= max () -, C 1) 3.11

It is worth noting that for the GNB model, the probabi@ feature occurrence follows a

Q
O
’66

Gaussian distribution

C | )=%e><p 5= 3.12
O
X

whose parameters and  are co&é}using maximum likelihood.
3. K Nearest Neighbours °\AQ
Assuming a training setgade upof , [1,] []samples, where described the number
of features and Q.s/@d ormality. Each output was labelled with class label . The aim
was to cla;s@n unknown variable . For every , the distance between and  was
comp\te/gﬂwus:

(. )= . ) 3.13

0

upon which the nearest neighbours are chosen
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4. Multilayer Perceptron

The fully connected network is then expressed as:

=)
= (e
- ()

The activation function is then represented as a vector of units, and weights as Qgix. The

resulting vector is: <
1_— 1( 1 4 1) &
2= 2( 214 2 %Q

Finally, transpose the vectors into a single matrix H, for c ational ease.
1= 1 @ + @)

N\
2 — 2( 1 @ 4+ (2)) b’b
O

=31 @ 4+ ©)

N\
3.3.5 Cross-Validation éo\’\%

Cross-validation is very impc@ data resampling as it aims to avoid overfitting and
evaluate the generalizabili he classification models®>. A 10-fold cross-validation method
will be applied tQ s&lected models, and the gridsearchCV function will be employed to
tune all h erg.gtneters to provide the optimal model with the best combination of
paramet ridsearchCv is a search method which provides a thorough procedure while

lookié*{or an estimator over all the values in the parameter sample space?.
3.3.6 Model Retraining

The optimal parameters will then be used to retrain the model. Also, Ensemble models like
Random Forest, XGboost, Bagging and Stacking will also be fitted to the optimal models, and

then all comparisons will be done based on the results. Instead of a single train/test split, use

99



cross-validation to get a more reliable estimate of the model's performance using K-fold

cross-validation.

While cross-validation and ensemble methods are distinct concepts, they can be used together
in the model development process. Cross-validation can be used to evaluate the performance
of ensemble methods just like it is used for any other machine learning model. This helps in
understanding how well the ensemble method generalizes to unseen data. Als ’d&ng the
training of some ensemble models, like in boosting, cross-validation can be determine
the number of iterations or to prevent overfitting by stopping the trainé‘grocess early if the

cross-validation score starts to decrease. %

In stacking, cross-validation predictions from the base an be used to train the final
model to ensure that the meta-model is not overfitted )@be training data. Cross-validation is a

technique for assessing model performance, andla ble methods are strategies for building

models. %
\

3.3.7 Model Evaluation .&c')

Evaluation will be don§ chosen metrics; accuracy, precision, auroc score, specificity,
ROC, and F1 and vity (recall). The confusion matrix will also plotted to aid

visualization o@xclasmﬁcatlon results. Grouped bar charts will also be plotted using
seaborn aw@'plotlib, to enhance understanding and visualisation.

\/QJ
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Chapter Four Q

Result and Discussif@‘gdings
O

Introduction

This chapter presents the results and dis % of findings which was based on the data and

analysis with respect to the obj ectiv&%earch questions) of the study.

4.1 Result on Data Preprocb&
4.1.1 Data Importatio?&@%orrelational Analysis

All necessary li %r the execution of the experiment were imported, and the autism data
set was imp@d into the python environment as a .csv file. The data were processed and a
con@%nalysis was done to describe link or relationship between two or several input
variables. The correlation coefficient which is the numerical value of this relationship

determines the strength or weakness of the association.

From figure 4.1, the heatmap represents correlations, with numbers ranging from -1 to 1,
which are typical of correlation matrices. In a correlation matrix heatmap, A "1° or close to " 1"

(red on this heatmap) indicates a strong positive correlation. A *-1" or close to -1 (dark blue
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on this heatmap) indicates a strong negative correlation. A "0 or close to "0" (white or light

blue/purple in this heatmap) indicates no correlation.
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From figure 4.1 and 4.2, the correlation function, .corr(), was applied to the preprocessed data,
and column 12, denoted by “Q Chat 10 was observed to have the highest correlation
coefficients. The 12th row and column from the top have predominantly red cells, which
indicates high positive correlation coefficients. In the context of predictive modeling or
classification, if a feature (like "Q Chat 10") is used to define the class labels, then it is
essentially a perfect predictor of the class. Including this feature in the model wo%ead to
overfitting. Overfitting occurs when the model learns not only the genuine@ms in the

training data but also the noise. This makes the model perform very welt o training data

but poorly on unseen data because it fails to generalize. It was pe 1t to discard the (Q-

Chat-10) column since it was the basis for assigning the class@l. Retaining it would lead to

model overfitting, a grave instance which ought to be avo@

4.1.2 Data Partitioning b’b

Values for X and y were assigned using th\@)c[] function. This returns the dataset as an
. o, . [ J . . . .
array, and it was then partitioned int {&n nd test sets, using the train_test split command,

with test_size = 0.2, and rando@ = 1. The resulting size of X train was 13488, X test =
3376, y train = 843, andé@ 211.
4.2 Cross Validat@

Cross-validatign Was used for data resampling as it aims to avoid overfitting and evaluate the
generali@% of the classification models'. For this project, a 10-fold cross-validation
method was applied to the selected models, and the gridsearchCV function was employed to
tune all hyperparameters (except in RF where RandomisedSearchCV was implemented); to
provide the optimal model with the best combination of parameters. GridsearchCv is a search
method which provides a thorough procedure while looking for an estimator over all the

values in the parameter sample space®. The chosen parameters are those that maximise the
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score of the data that was separated in the cross-validation. RandomisedSearchCV, parameter
values are sampled at random and only a given number of settings are sampled from the

chosen distributions®. The number of sampled parameter settings is given by n_iter.

4.3 Application of Classification Algorithm

The optimal parameters of the four classification algorithms Support Vector Machine,
Gaussian Naive Bayes, K-Nearest Neighbours, and Multilayer Perceptron were u retrain
the model and then evaluation was done based on chosen metrics; accuracyion, recall,
F1, auroc score. The confusion matrix was also plotted to ai &Qualization of the
classification results. Ensemble models like Random Forest, XG% agging and Stacking
were also fitted to the optimal models, and then all compari e done based on the results.
Grouped bar charts were plotted using seaborn and m tlib, to enhance understanding and
visualisation. All results and outputs are speciﬁedles and figures where necessary and

0
S

were also explained in detail.
4.4 Classification Results

140
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Figure 4.3 SVM Confusion Matrix Figure 4.4 KNN Confusion Matrix

From Figure 4.3, the confusion matrix for the Support Vector Machine (SVM) classifier on

the autism dataset presents the following information:
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True Positives (TP): 58 cases were correctly predicted as having ASD (Autism Spectrum

Disorder).
True Negatives (TN): 153 cases were correctly predicted as not having ASD.
False Positives (FP): 0 cases were incorrectly predicted as having ASD when they did not.

False Negatives (FN): 0 cases were incorrectly predicted as not having ASD when they
actually did.

The absence of false positives and false negatives suggests that the model haQﬁeved a
perfect separation of the classes in the test set. The SVM model correctly cldssified all the

children. No false positives or false negatives were returned. 0

From Figure 4.4 the confusion matrix for the K-Nearest Nei@rs KNN) classifier presents

the following information: Q

N\

True Positives (TP): 57 cases were correctly predic@ having ASD.
True Negatives (TN): 146 cases were corr: \;redicted as not having ASD.
False Positives (FP): 1 case was 1nc®ly predicted as having ASD when it did not.

False Negatives (FN): 7 c@vere incorrectly predicted as not having ASD when they

actually did. &

The high n f TP and TN indicate that the KNN classifier is highly accurate. Most
individu&& being correctly classified in both categories. However, there are more false
negaM(D than false positives (1). In a medical context, this could be a significant concern
because it means the model fails to identify several individuals who actually have ASD. The
presence of false negatives affects the recall, which is a measure of the model’s ability to find
all the relevant cases within a dataset. The single false positive affects precision, the measure

of the model’s ability to identify only the relevant data points. Since there's only one false.
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Figure 4.5 GNB Confusion Matrix Figure 4.6 MLP Cc@gnd\/latrix
The confusion matrix for the Gaussian Naive Bayes (GNB) classi figure 4.5 provides
the following information: 0

True Positives (TP): 58 cases were correctly predicted ving ASD.
True Negatives (TN): 143 cases were correctly p;& d as not having ASD.
False Positives (FP): 0 cases were incorrec m dicted as having ASD when they did not.

False Negatives (FN): 10 cases we%’\}fo ectly predicted as not having ASD when they
actually did.

R\
The GNB classifier corr @%ntiﬁed all cases that it predicted as ASD. This means there
were no false po§isi\" however, there were false negatives. The absence of false positives
indicates a ig&ey 1 of precision, while the presence of false negatives indicates a lower
recall. IIQ % ntext of autism diagnosis, the false negatives are particularly critical as they
repreés?individuals who have ASD but were not identified by the model. The number of
false negatives (10) is higher compared to the previous KNN model (7). The number of true
negatives is high, suggesting that the classifier is quite accurate and specific in identifying
those without ASD. The accuracy and specificity are important, but they should not

overshadow the need for high sensitivity in medical diagnostic tests. The GNB classifier's
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performance suggests it is quite specific but less sensitive. For clinical application, it's vital to

reduce the number of false negatives to avoid missing ASD diagnoses.

The confusion matrix for the Multilayer Perceptron (MLP) classifier in figure 4.6 shows that
True Positives (TP): 58 cases were correctly identified as ASD;

True Negatives (TN): 153 cases were correctly identified as not having ASD; \
False Positives (FP): 0 cases were wrongly identified as having ASD when U{/@Ot.
False Negatives (FN): 0 cases were wrongly identified as not having @when they did.

The MLP has classified all the test cases correctly, as indica ﬁe lack of false positives

and false negatives. This suggests a very high level of bot@msion and recall.

AN

A0 \ ASD

2 o \3
= ] 80
2 r
= 2
60 = 60
No ASD 40 No ASD 40
20 20
0
ASD No ASD ASD No ASD
Predicted label Predicted label
\\‘ )]
Figuﬁ F Confusion Matrix Figure 4.8 XGB Confusion Matrix

In th@fglel, True Positives (TP): 57 cases were correctly predicted as ASD.

True Negatives (TN): 150 cases were correctly predicted as not having ASD.

False Positives (FP): 1 case was incorrectly predicted as ASD when it was not.

False Negatives (FN): 3 cases were incorrectly predicted as not having ASD when they did.
The Random Forest classifier has a high number of true positives and true negatives, which

indicates a high level of accuracy overall. With only one false positive and three false
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negatives, the RF model shows a balance between precision and recall. While precision is
almost perfect, indicating that the model is reliable when it predicts ASD, the presence of
false negatives means that it sometimes misses ASD cases. The three false negatives are
important in a clinical setting because these represent individuals with ASD who have been
missed by the classifier. This can be critical, as early detection of ASD can be beneficial for
intervention. When compared to the previously evaluated models, the RF classifiefy offers a

balance similar to the KNN, with a slight increase in false negatives but @Qwer false

positive.

XGBoost (XGB) classifier confusion matrix shows: True PO@TP): 58 cases were
correctly predicted as ASD. 0

True Negatives (TN): 153 cases were correctly predicte& having ASD.
False Positives (FP): 0 cases were incorrectly pred%&s ASD.
False Negatives (FN): 0 cases were incorre@@fgicted as not having ASD.

Similar to the previously discussed ® ‘Awodel, the XGB classifier has achieved perfect

classification with zero false p(@ﬂes and zero false negatives. This indicates very high

precision and recall. QQ\
&)
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No ASD 40 No ASD
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Figure 4.9 Bagging with SVM Figure 4.10 Bagging with KNN

109



Bagging did not affect the SVM classification, while it slightly improved KNN by reducing
the false positives to 7. Bagging also improved the GNB slightly by reducing the false

positives to 9, but in the case of MLP, Bagging reduced the classification accuracy by

classifying a child with ASD as not having ASD.
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No ASD No ASD

Predicted label Predicted label

A4
Figure 4.11 Bagging with GNB 8@ 4.12 Bagging with MLP
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Figure 4.14 Box plot comparing the Stac@?smﬁer to Base Learners
Research Result, 2024

The stacking classifier correctly classt@uldren with ASD, and 153 children with no traits
of ASD, while one child was wr@g lassified as not having ASD. There was no significant
difference between the stﬁ@assiﬁer and the MLP. The mean and standard deviations of

recall, the scoring pataméter for the model comparison were less than 0.05 and are quite

negligible. (:\\'
O
\/QJ
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4.5 Discussion of Findings

Exploratory data analysis was first performed to understand the data set and its properties
better. The dataset recorded interviews regarding 1054 children, out of which 70% were male
and 30% were female. 73% of the children had previously had jaundice. 83.8% did not have
family members with ASD traits, while 16.2% had family members with ASD. 32% of the
sampled children were white European, 22% were Asian, 18% were Middle Eastern, 6%
were south Asian and 5% were black. Ethnicities such as native Indian, Lati Pacifica,

27.@ a standard

deviation of 7.98. The youngest sampled child was 12 months old@the oldest was 36

months old. Q

It is important to specify the runtime that elapsed d&@uyperparameter tuning, as this

mixed and others accounted for 17%. The average age in months was

proved to be a constraint in the case of the Rando%%rest model, which was very slow and
cumbersome using the GridSearchCV me@ch exhausts all possible combinations of
the parameter space. RandomizedSear&\k was used as a worthy alternative, as it reduced
the search time by searching the @np‘% space randomly. Table 4.1 shows the runtime values
of all the models. Table 4@&/3 the evaluation metrics achieved from the exploration of
the classification alg & These are optimised values, given that the correct procedures
were adhered t(zi\e’%/

ensemble @ques were dependent on some of these base models.

stage. The base classifiers were applied independently, while the

It was\htf%ced that accuracy equalled recall in all models, and the average precision returned
the same values as the area under the Precision-Recall curve for the ensemble models. The F1
score returned the lowest metric in all sampled models. All base models performed brilliantly,
with SVM being the best and most precise in this experiment with a result of 1, amongst all

classifiers even before hyperparameter tuning.

112



After hyper tuning, SVM and MLP ranked highest with all metrics returning scores of 100%.
KNN returned 96.2% accuracy and recall and GNB trailed at 95.26% for both metrics. For
the ensemble methods, XGB and Bagging with SVM performed best at 100% for all metrics.
RF produced an accuracy and recall of 98.1% while Bagging with KNN and GNB had both
metrics at 95.2%. The classification performance of Bagging with MLP and the stacking

classifier were equivalent across all metrics though, producing accuracy and recall &99.5%.

Having very minimal false positives is the bane of precision, and a positive ive value
of 100 is the true algorithm on which it relies. In this case, SVM a& had no false
positives, same with XGB, Bagging with SVM, and Bagging wit but their scores are
varied with respect to the false negatives, as both sum to the denominator in the
determination of precision. While SVM and MLP achigved\00% F1-score, KNN and GNB
were 96.3% and 95.4% respectively. XGB and @g with SVM attained an F1 score of
100%, RF achieved 98.1% and Bagging w@, GNB and MLP returned 95.3%, 95.3%,

and 99.5% respectively. The F1 score @averaged score estimated by the harmonic mean

For the area under the rve, SVM, MLP, XGB, and Bagging with SVM returned a

of precision and recall.

value of 100%, K.‘\{&d GNB produced values of 96.85% and 96.73% respectively and RF
attained 98. %(é}the models will be classified as having performed excellently, and all
points wi %§1tuated at the top left area of the ROC curve. Average precision and area under
the Préefsion-Recall Curve returned equal scores for all models, with SVM, MLP, XGB,
Bagging with SVM and MLP at 100%, KNN at 99.5%, GNB at 99.98%, RF with 99.91%,
bagging with KNN at 99.5% and Bagging with GBN at 99.95%. These results corroborate

their excellent classification performance.
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Table 4.1 Model Runtime for Hyperparameter Tuning

MODEL RUN TIME (in seconds)

SVM 10.8

KNN 4.98

GNB 7.48

MLP 658 \
RF (Using GridsearchCYV) 172,800 Q

RF (Using RandomizedSearchCYV) 41.7 ( ,:

XGB 2.45 ('\\
Source: Research Result, 2024 @J
O\
Classifier Model Parameters Optimal Model Parameters
SVM {"C":[0.1.1.10], {'C'": 1, 'gamma': 'scale’'. 'kernel': 'linear
"kernel":['linear’, rTbf, 'sigmoid'.'poly'], ', 'random_state': 15}
"gamma'':['scale’, 'auto'],
"random _state':[15]}
KNN {'n neighbors':[5,7,9.11,13.15], {'metric': 'manhattan’',
‘weights' : ['uniform','distance'], 'n_neighbors': 15, 'weights': 'uniform'}
'metric':
['minkowski','euclidean’,'manhattan’] }
GNB {'var smoothing': np.logspace(0,-9, {'priors': None, 'var smoothing': 0.004
num=100)} 328761281083057}
RF {'n_estimators': n_estimators, {'n_estimators': 200,
'‘max_features': max features, '‘min_samples split': 2,
'max depth': max depth, '‘'min_samples leaf': 2,
‘min_samples_split': min_samples_split, '‘max_features': 'auto’,
‘min_samples leaf': min samples leaf, '‘max_depth': 80,
'bootstrap’: bootstrap} 'bootstrap': False}
MLP {'hidden lawver sizes' [(10.30,10).(20.)]. {'n estimators': 200, 'min samples spl
'activation': ['tanh’, 'relu'], it': 2, 'min_samples leaf': 2, 'max feat
'solver': ['sgd', 'adam'], ures': 'auto', 'max_depth': 80, 'bootstrap
'alpha': [0.0001, 0.05]. ': False}

'learning_rate': ['constant'.'adaptive'],}

Figure 4.15: Optimal Model Parameters after Tuning of Hyperparameters
Source: Research Result, 2024
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models accuracy precision recall fiscore roc_auc_score average_precision auc_precision_recall
0 SVM  1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000
1 KNN 0962085 00965002 0962085 0.962638 0.968503 (0.994473 0995329
2 GNB 0952607 0959576 0.952607 0953687 0.967320 0.999829 (.9998238
3 MLP 0995261 0995291 0.995261 0.995248 0991379 0.999958 0.999957
4 RF 0976303 0977141 0976303 0976485 0978307 0.999097 0999094
5 XGB 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000
6 BAG SVM 1000000 1000000 1.000000 1.000000 1.000000 1.000000 1.000000
7 BAG KNN 0952607 0957515 0.952607 0953499 0961968 0995718 0.995705
8 BAG GNB 0952607 0957515 0.952607 0953499 0961968 0.999566 0.999564
9 BAG MLP 0995261 0995291 0.995261 0995248 0.991379 0.999829 0.999828
10 STACK 0995261 0995291 0.995261 0995248 0991379 0.999829 09998248
Figure 4.16 Evaluation Metrics of Each Model \J
Source: Research Result, 2024
\f)\Q
Evaluation metrics of the different models
Metrics
accuracy
precision
recall
flscore

Metric Values

Fig 4.17 Grouped Bar Chart Comparing Evaluation Metrics of Classifiers

Source: Research Result, 2024
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Chapter Five
Conclusion

This chapter discusses a summary of the findings of the research, as well as the conclusion,
recommendations, contributions to knowledge, and areas where additional research is needed.

5.1 Summary of Findings

The research developed an optimal classification/predictive model for use in the as\sment,
screening, detection, and diagnosis of autism spectrum disorder (ASD). ﬁndings,
"Q Chat 10" was found to have the highest correlation with the cla a<! suggesting it
was a perfect predictor. However, to avoid overfitting, this fe Q excluded from the
model training. The dataset was partitioned using the ".iloc ction and split into training
and test sets with a 20% test size. A 10-fold croga ation was applied to prevent
overfitting and ensure the models' generalizability@earchCV and RandomizedSearchCV
were used for hyperparameter tuning. Fo (bary algorithms (Support Vector Machine,
Gaussian Naive Bayes, K-Nearest Ni \%urs Multilayer Perceptron) were optimized and
evaluated on metrics like accure%&precision, recall, F1, and AUROC score. Furthermore,
ensemble models (Rand st, XGBoost, Bagging, and Stacking) were applied, and their

performances were compared.

Also, con gdatrlces for each model revealed that SVM and MLP have perfect
classiﬁc@%with no false positives or negatives, KNN has high accuracy but with more
false&aﬁves than false positives, which is a concern in a medical context. GNB has no
false positives but several false negatives, indicating high precision but lower recall. RF
showed a balance between precision and recall with few misclassifications, XGB achieved
perfect classification, akin to SVM and MLP. It was noted that Bagging did not affect SVM's
classification but improved KNN by reducing false positives. It also slightly improved GNB.

Stacking Classifier performed comparably to MLP, with only one instance of
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misclassification. The differences in recall and precision across models were marginal and

deemed negligible.

Further, the dataset was characterized by a diverse population in terms of gender, ethnicity,
and age. A large percentage of children had jaundice, and a minority had family members
with ASD. The time taken for hyperparameter tuning varied across models, with Random
Forest being notably slow with GridSearchCV, prompting the use of Randomized&archCV
as an alternative. Accuracy and recall were equivalent across models, with @chassiﬁers
performing well, especially SVM which had a perfect score pre- and@s perparameter
tuning. Ensemble methods like XGB and Bagging with SVM ached 100% in all
metrics. F1 scores were generally high but lower than othe@rics. All models performed
excellently on the ROC curve, indicating effective clas&@on abilities. The area under the
Precision-Recall Curve matched the average p@%n, further confirming the models'

classification performance. b

Finally, the study found that SVM a:@ﬂ%were the most precise models in the experiment,

with perfect scores across @s metrics. The ensemble models also performed
exceptionally well, with @king classifier showing no significant difference compared to
the individual mo The study highlighted the importance of feature selection and model

validation tegh&ys such as cross-validation to ensure generalizability and avoid overfitting.

5.2 Cor@m
\/

Motivated by the age-long debate of whether accuracy is the best metric for model evaluation
in machine learning models, It was pertinent to thoroughly investigate the machine learning
classification algorithms that were selected. The selection was solely based on empirical
evidence of their high performances and adjudged robustness. The global pandemic of

neurodivergence at this time further fanned this flame. Exploratory data analysis revealed
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that ASD is more prevalent in males than females. It can be argued that this was merely a
factor of the available population dataset. No concrete evidence was extrapolated from
ethnicity. No subject instance was dropped in terms of outliers, as every sampled case
contained useful information for the success and completion of this diagnostic experiment,

hence, was taken into account.

Hyperparameter tuning is a methodology which should be lauded as it enhanced model
performances as well as fine-tuned the experimental outcomes. The SVM to be the
best classifier at the initial fitting to the data, as it returned all evalua}QQJrics as 100%.
These values raised utmost concerns about overfitting of the mode @r a critical appraisal
of all methods applied, parameter hyper tuning seemed ta principal contribution to
overfitting, but proper mitigative approaches like (@SS lidation had been applied to
checkmate this menace. For example, during mar%{@rameter tuning, it was observed that
all evaluation metrics dropped drastically{éqw kernel in SVC was changed to poly,
sigmoid or rbf. The resultant perform@ialues were in the range of 60%. This explicitly
shows that the dataset is stronglyé\e . For the ensemble methods, there was no significant
difference in metrics, as th . *neters of the model that was fit had already been optimised.
It was also deduced %& decision boundary was strictly simple and linear, and it was not

cost-effective @

employed itigate overfitting is the loss function which measures the “error” or

uilt complex models for the classification task. Another method

“dep}&’ from the true values of the outcome. For every model, the train and test accuracy
score was computed and the absolute deviations were recorded. It was observed that the loss
function ranged from 0 to 2.4 (which was recorded by the RF model). Given that models are

usually not expected to perform this synchronously, there might still be some predictive bias.

Given that the models were fit to a clinical dataset, the 95% - 100% results on each model are
a step in the right direction for the screening and diagnosis of Autism Spectrum Disorder. In
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the medical field, only a 1% chance of error is allowed in design experiments, hence, it
suffices to say that the DSM-V interview method is robust and efficient in the diagnosis of
Autism Spectrum Disorder. Conclusively, classification models will perform optimally if the
data collection method is well-tailored to capture important and deterministic features, the

underlying structure of the data is properly understood, and appropriate techniques and

algorithms are employed. \

5.3 Recommendations Q
Based on the findings the following recommendations were made ’XQJ

i.  conduct thorough feature selection to eliminate features that c@ ad to overfitting,
such as "Q Chat 10" in this study. Use techniques lik66s validation consistently to

assess the generalizability of models to unseen data. Q

ii. Also, hyperparameter tuning for all models&bg methods like GridSearchCV and
RandomizedSearchCV, as they can sig@y improve model performance. However,

consider the trade-off between com&[ional cost and performance gain, particularly for

complex models like Randm@r%t.
iii. When deploying r@l a clinical setting, prioritize not only accuracy but also

interpretabilitys\'
Valuablq1 to@ians.

5.4 Co %tion to Knowledge

dels that provide insight into their decision-making process are more

This study's contributes to knowledge in the following ways:

i.  Highlighting the significance of careful feature selection in model training has
underlined the potential pitfalls of including highly predictive but potentially overfitting

features. The decision to exclude "Q Chat 10" due to its high correlation with the target
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ii.

iii.

1v.

variable serves as a valuable case study for proper data preparation in predictive

modeling.

By employing both GridSearchCV and RandomizedSearchCV for hyperparameter tuning,
the study provides empirical evidence on the effectiveness of these methods. This work

reinforces the notion that proper hyperparameter tuning is essential for achieving optimal

model performance. \

The comprehensive evaluation of traditional classifiers alongside e methods
offers a robust benchmark for future research. It presents a detailed, comparison of the
performance metrics (accuracy, precision, recall, F1, and A cores) across models,

establishing a precedent for the assessment of classiﬁ%’@mdels in medical datasets.

The study contributes insights into the ut'liq;ernsemble methods in enhancing
predictive accuracy. The successful aleic nd performance of stacking classifiers,
in particular, illustrate the potential c@mble methods in clinical predictive analytics.

By discussing the performa&(eoof various models, including those with perfect

classification abilities, .t$udy contributes to the understanding of the balance needed

between model acc&l, interpretability, and practical deployment in a clinical setting.

5.5 Suggested @ urther Studies

Based O@ﬁndings, the following are suggested for future research;

\Y

Future studies could explore longitudinal data tracking individuals over time to better
understand how predictive models can adapt to changes in behavioral and medical

indicators of autism.
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ii.

1il.

1v.

While the study's models have shown high accuracy in a controlled environment, further
research is needed to validate these models in real-world clinical settings with diverse

and larger populations.

There is a growing need for models that are not only accurate but also interpretable.
Research into explainable Al could make machine learning models more transparent and

their decisions more understandable to clinicians. \

Exploring how to effectively integrate different types of data (gene@roimaging,

behavioral, etc.) could lead to more robust and compreheﬁ\models for ASD

prediction and diagnosis. %

Comparing machine learning approaches with traditiohal”statistical methods or other

non-machine learning approaches used in me ic?@gnostics could provide insights into

the unique benefits and limitations of these ced techniques.

O
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