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Abstract

The task of accurately identifying autism spectrum disorder presents a significant challenge within

the realm of neurodevelopmental disorders. This study aimed to delve into autism theories, specif-

ically, the notions of overconnectivity and underconnectivity within the autistic brain, employing a

range of computational methods and deep learning techniques. The research began by investigat-

ing different preprocessing strategies, emphasizing their impact on the accurate classification of the

autistic subjects. Subsequently, novel approaches, including a mathematical elimination approach,

an enhancement approach as well as an RGB image mimicking technique based on autism tailored

methods were introduced to investigate and validate the existing theories of overconnectivity and

underconnectivity with an overall goal of improving autism identification. The results demonstrated

the complexity and context-dependent nature of neural connectivity patterns in ASD. Interestingly,

the study led to achieving a high autism identification accuracy of 96% and revealed that no single

computation method or combination proved to be universally effective, as the results consistently

changed with different approaches. This led to the conclusion that even methods initially considered

incompatible could yield remarkable results when thoroughly investigated and tested in diverse con-

texts. These findings highlight the importance of exploring multiple strategies and theories in future

endeavors towards early autism diagnosis. By incorporating a range of tools and methodologies, and

continually refining the detection system, the goal of accurate and early autism identification can be

significantly advanced.

Keywords: Autism spectrum disorder; fMRI-rs; Connectivity; Machine Learning; Deep learn-

ing; Mathematical elimination; enhancement; RGB image mimicking.



Résumé

Dans le domaine des troubles neurodéveloppementaux, identifier avec précision les troubles du spectre

autistique présente un grand défi. Cette étude vise à explorer les théories de l’autisme, en particulier

les notions de surconnectivité et de sous-connectivité, par l’emploi d’une gamme de méthodes informa-

tiques et de techniques d’apprentissage en profondeur. On commence par étudier différentes stratégies

de prétraitement, en mettant l’accent sur leur impact sur la classification précise des sujets autistes.

Par la suite, de nouvelles approches, notamment une approche d’élimination mathématique, une ap-

proche de renforcement ainsi qu’une technique d’imitation d’images RVB basée sur des méthodes

adaptées à l’autisme, ont été introduites pour étudier et valider les théories existantes de surconnec-

tivité et de sous-connectivité dans le but global d’améliorer l’identification de l’autisme. Les résultats

ont démontré la complexité et la nature contextuelle des schémas de connectivité neuronale dans les

TSA. Il est intéressant de noter que l’étude a permis d’atteindre une précision d’identification de

l’autisme de 96% et a révélé qu’aucune méthode ou combinaison de calcul ne s’est avérée universelle-

ment efficace, les résultats changeant constamment avec les différentes approches. On peut donc

en conclure que même des méthodes initialement considérées comme incompatibles peuvent donner

des résultats remarquables lorsqu’elles sont étudiées et testées en profondeur dans divers contextes.

Ces résultats soulignent l’importance d’explorer de multiples stratégies et théories dans les efforts

futurs en vue d’atteindre un diagnostic précoce de l’autisme. En intégrant une gamme d’outils et de

méthodologies et en affinant continuellement le système de détection, l’objectif d’une identification

précise et précoce de l’autisme peut être considérablement avancé.

Mots-clefs: Troubles du spectre autistique; IRMf-rs; Connectivité; Apprentissage automatique;

Apprentissage en profondeur; Elimination mathématique; Renforcement; Imitation d’images RVB.



Résumé étendu

L’autisme, ou le trouble du spectre autistique est un trouble neurodéveloppemental caractérisé par un

large éventail de symptômes, de degrés de sévérité et de particularités individuelles. Son diagnostic est

un diagnostic comportemental reposant sur un processus complexe impliquant plusieurs évaluations.

Le diagnostic rapide de ce trouble permet un accès rapide à des interventions et des soutiens adaptés,

améliorant ainsi les perspectives à long terme pour les personnes affectées. Mais pour atteindre un

diagnostic précoce, il faut trouver une nouvelle méthode alternative de diagnostic, car le diagnostic

comportemental même quand il est mené tôt il n’est jugé fiable qu’après l’âge de 2 ans.

Par conséquent, dans cette thèse, nous nous sommes tournés vers l’étude des images cérébrales pour

étudier la possibilité de créer un nouveau système de diagnostic précoce. Les images cérébrales peu-

vent être acquises par plusieurs techniques. Pour étudier l’autisme la technique que nous avons jugé

la plus adaptée est l’IRM fonctionnel.

En intégrant les théories de la connectivité dans le cerveau autiste nous avons alors commencé notre

quête de l’identification de l’autisme.

Dans le premier chapitre, nous introduisons le contexte et la problématique ainsi que les objectives

poursuivis.

Le deuxième chapitre offre un aperçu général sur l’autisme, son historique, sa prévalence, diagnostic et

traitement. Il cite également les différentes techniques d’acquisition d’images cérébrales et explique le

choix de l’utilisation des images d’IRM fonctionnel. Ce chapitre également comprend la présentation

de la base de données utilisée ainsi que les importantes méthodes utilisées dans les différents tests et

analyses menés.

Le troisième chapitre représente la première contribution de ce travail, qui est une approche d’élimination

basée sur l’apprentissage automatique. Ici, nous avons intégré les théories de l’autisme dans notre

investigation pour mettre en évidence leur importance. Nous avons également vérifié l’impact de

plusieurs éléments, comme le prétraitement et les caractéristiques des personnes affectées par l’autisme,

sur l’identification de ce dernier.

Le quatrième chapitre qui est la deuxième contribution de ce travail, intègre l’apprentissage en pro-

fondeur dans la quête de l’identification de l’autisme. Il explore comment l’apprentissage en pro-

fondeur, en particulier les réseaux de neurones convolutifs, peuvent améliorer la détection de l’autisme.

Dans le cinquième chapitre, nous allons plus loin dans l’utilisation de l’apprentissage en profondeur

en introduisant une méthode de renforcement d’information novatrice. Cette méthode tire profit des

théories de l’autisme vérifiées dans la première contribution. Le meilleur résultat de précision atteint

avec cette approche est de 96%. Ce résultat démontre le potentiel remarquable des techniques avancées

de l’apprentissage en profondeur, et de l’intégration des théories de l’autisme dans l’investigation de

ce dernier.

Finalement, dans le dernier chapitre, nous récapitulons les principales conclusions de notre thèse.

Nous soulignons comment nos méthodes ont permis d’améliorer la détection de l’autisme, en met-

tant en évidence l’importance de l’intégration des théories de connectivité du cerveau autiste dans le

processus de détection.
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Chapter 1

Introduction and background

1.1 Context and motivation

In the last decades, the humanity has been confronted with the emergence of growing numbers of

psychological disorders that challenged all knowledge and required expert attention all around the

globe.

Autism spectrum disorder (ASD) is part of these pandemic psychological disorders. ASD is a neu-

rodevelopmental disorder that exhibits a range of genetic, pathophysiological, and environmental

conditions. Its symptoms include qualitative impairments in social interaction as problems in using

nonverbal behaviors, facial expression and body postures, failure to develop peer relationships, lack of

spontaneous seeking of others and lack of social/emotional reciprocity. They also include the manifes-

tation of qualitative impairments in communication as a delay or lack of the development of spoken

language with no attempt to compensate through alternative modes of communication, inability to

initiate or sustain a conversation with others, stereotyped and repetitive use of language or idiosyn-

cratic language. Autistic children also manifest restricted, repetitive, and stereotyped patterns of

behavior, interests, and activities as giving abnormal intensity or focus to a preoccupation with one

or more stereotyped and restricted patterns, inflexibility when adhering to a certain routine, stereo-

typed and repetitive motor mannerisms that may include one part or the whole body and persistent

preoccupation with parts of objects [1].

The variation in the symptoms, their severity and combinations lead to a spectrum of autism man-

ifestations. These latter lead to difficulty to diagnose and digging out the origin of this disorder. It

also renders finding the exact deficit location in the brain challenging, since every symptom can be

related to a different brain zone.

During the early stages of childhood, the brain undergoes a crucial process of neural circuit formation,

where non-functional and unnecessary neurons are selectively removed to enhance the efficiency and

power of the functioning ones. This natural pruning process results in a decrease in the total number

of neurons, while the remaining neurons establish intricate connectivity as each day progresses. How-

ever, in children with ASD, this vital pruning process is impaired, leading to the retention of a larger

number of neurons compared to typically developing brains.

According to [2], brain development involves two significant processes that entail substantial loss of

neural elements. The first process is naturally occurring cell death, where more than 50% of neurons

1
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are eliminated. The second process, known as synaptic exuberance and pruning, involves the gener-

ation of an abundance of connections followed by the systematic elimination of up to 50% of those

connections. In contrast, [3] highlights that males with autism exhibit an abnormal excess of prefrontal

neurons, with a mean of approximately 67% more neurons than observed in the control group. This

excess of neurons in the prefrontal region adds complexity to the understanding of brain development

in individuals with autism and underscores the intricate nature of the disorder’s neurobiological basis.

Several studies also investigated early brain development in infants at high risk for ASD or those who

later receive an ASD diagnosis. These studies have observed differences in brain growth trajectories

and structural characteristics. One notable finding is that children who later develop ASD tend to

show accelerated brain growth during the first year of life. This accelerated growth is often followed

by a plateau or deceleration in brain growth in the second year. These patterns have been observed

in various brain regions, including the frontal cortex, temporal cortex, and amygdala [4], [5], [6].

During the adolescent period, individuals with autism spectrum disorder may face an increased risk

of developing seizures and experiencing behavior problems and psychiatric symptoms. Several studies

have highlighted these challenges during this developmental stage [7], [8], [9].

Further more, children and adolescents with ASD may also develop maladaptive behaviors including

irritability, hyperactivity, aggressivity, depression, and anxiety, among others [10]. However, It is

important to note that these maladaptive behaviors can vary widely among individuals with ASD,

and their underlying causes and manifestations may differ.

In adulthood, in some cases, the core symptoms of autism spectrum disorder may become milder

compared to early development. This phenomenon is often referred to as ”improvement” or ”amelio-

ration” of symptoms. While the severity of symptoms can vary widely among individuals with ASD,

research suggests that there may be a reduction in certain core symptoms as individuals transition

into adulthood. Several studies have explored this topic and reported findings indicating a decrease in

the severity of core ASD symptoms in adulthood [11], [12]. These age behavioral improvements, may

be a result of the maturation and the stabilization of the disease processes. This may also be because

the brain returns to a normal size and the growth to a normal pace in comparison to the overgrowth

the brain goes through in childhood.

In general, autism characteristics can manifest before the age of 3 years old. Many abnormalities

in the social interaction, language as used in social communication, or symbolic or imaginative play

can be remarked. However, due to some factors as lack of parental perception and unavailability of

diagnostic centers, the average age of autism detection has reached 5 years old [13].

Moreover, the DSM-5, that specify the criteria to autism diagnosis, has been criticized for its po-

tential limitations in capturing the full heterogeneity of symptoms and co-occurring conditions that

can accompany ASD. The DSM-5 criteria primarily focus on core symptoms related to social com-

munication deficits, restricted and repetitive behaviors, and sensory sensitivities. Some individuals

with ASD may present with additional symptoms and co-occurring conditions that are not adequately

addressed by the DSM-5 criteria. These may include intellectual disabilities, language impairments,

attention-deficit/hyperactivity disorder (ADHD), anxiety, depression, and other psychiatric or medical

conditions. Furthermore, the most cognitively able cases and those with less classic autism presen-

tations can also present a challange, diagnosis wise. All these contribute in some cases to excluding

affected individuals from the correctly diagnosed subjects [14], [15].
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When we exclude the aforementioned diagnosis problems, early behavioral characteristics of ASD can

be remarked at the first year of life with a rate of diagnosis stability that reaches 90%[16] and can be

confirmed around the age of 2 through a bunch of behavioral tests. But this process is very costly

and cannot be provided to all children.

According to experts, early and accurate detection of autism spectrum disorder (ASD) through the

implementation of tailored intervention programs can significantly enhance the life of the affected

child as they progress into adulthood [17]. Early identification enables a comprehensive understand-

ing of the child’s potential and the severity of the disorder, facilitating the provision of appropriate

support and targeted interventions. Such early interventions and services are vital in helping children

from a very young age to develop essential skills, including speech, mobility, and social interaction.

By offering these crucial therapies and support, the child’s quality of life improves, increasing their

potential to smoothly integrate into society as they grow.

Given this objective, ASD research strives not only to find a cure but also to expedite the detection

process using non-harmful methods, especially considering that the affected individuals are children.

This necessitates careful consideration when selecting the means and methods of diagnosis.

Brain imaging techniques offer promise as a potential means of autism diagnosis. The reason is that

the age is not a key factor. Hence an early diagnosis may be possible. A wide array of anatomical

and functional neuroimaging techniques is at our disposal, including X-ray, MRI, MEG, fMRI, PET,

and SPECT [18], [19], [20]. Anatomical techniques enable the visualization of the brain’s structure

and its various components, providing valuable insights into its morphology. In contrast, functional

neuroimaging serves a distinct purpose, aiming to unravel the cognitive organization of the brain and

its dynamic processes, unraveling the brain communication processes.

In the first years, children can vary in their rate of development, therefore, appearances can be de-

ceiving [21]. Using anatomical imaging to detect autism may then be untrustworthy. The alternative

is studying the functionality of the brain. In other words, studying the brain network communica-

tion. This may give more insight about the differences between autistics and controls. In this light,

FMRI, Functional MRI, present an important advantage compared to its peers, as it stands out as

the most widely used neuroimaging technique, primarily due to its availability and safety, particularly

for use with children. This non-invasive method identifies various neural connections by measuring

the temporal correlation between fluctuations in the Blood Oxygen Level Dependent (BOLD) signal

of distinct anatomical regions [22]. The resultant output consists of four dimensional images, offering

the visualization of the brain’s structure and functional activities.

fMRI can be employed in two different settings: resting state and task-based paradigms. Although

task-based fMRI may be better suited to investigate certain theories related to autism, such as the

weak coherence theory [23], it may pose challenges for many individuals with ASD, especially those

who are considered low-functioning or young children [24]. In contrast, resting state fMRI does not

necessitate a constrained experimental setup or the active and focused participation of subjects. It

has also demonstrated the ability to capture interactions between brain regions, potentially leading

to the identification of diagnostic biomarkers for neuropathological conditions [25]. Hence, rs-fMRI

can be concluded to be very fitted to study ASD.
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1.2 Goals

When talking about autism we refer to a vast spectrum of symptoms that vary in severity and

occurrence. Some autistic subjects can present all the symptoms while others may have less severe and

more subtle behavioral features that may only manifest after a big change in environment. Moreover,

the symptoms manifestation and severity can change throughout development. All these factors render

the diagnosis difficult and may lead to delaying it.

Another setback that faces the early detection of autism is the vagueness that encloses autism causes.

As there are theories of hereditary autism [26], [27] but also theories about environment induced

autism [28], [29]. Lead author John Lewis, a researcher at the Montreal Neurological Institute and

Hospital of McGill University and the Ludmer Centre for Bioinformatics and Mental Health, found a

correlation between network inefficiencies and autism symptom severity. He concluded that identifying

the earliest signs of autism is important because it may allow for diagnosis before behavioral changes

appear, leading to earlier intervention and better prospects for a positive outcome [30].

By identifying the brain regions with anomalies and pinpointing the neural dysfunctions associated

with autism, researchers can narrow down the genetic factors and mechanisms potentially responsible

for the development of autism. This, in turn, could pave the way for the development of preventive

measures aimed at curtailing the progression of the disorder.

Therefore, in this thesis we study the possibility of early diagnosis based on brain images with the

objective of eradicating the drawbacks that the actual used methods of diagnosis present and paving

the way for a future detection system that can restrain autism before the appearance of its symptoms.

To achieve this goal, we need to adapt the means of diagnosis to young children and verify their safety

of use. Then apply the methods and tools that will help extract any useful information related to the

disorder. Cluster this information and analyze it to build a system that can permit to classify the

tested subjects into their true category with the highest possible accuracy.

Through this work we also pursued other minor goals as:

Verifying the impact of certain characteristics as the age and gender on the autism detection.

Levering the effects, the choice of the preprocessing strategy can have on the final result of the fMRI

images analysis.

Finding methods and tools that can encapsulate some of the most recurrent autism theories, with a

primary aim to verify their authenticity and, in tandem, enhance the detection system—ultimately

giving rise to a tailor-made autism detection framework.

Underscoring the potential of utilizing multiple combinations in offering fresh insights into alternative

outcomes by employing a mix-and-match approach across various methods and datasets. This includes

evaluating the effectiveness of machine learning and deep learning techniques in classifying subjects

as either autistic or non-autistic.

1.3 Contributions

Through this thesis, by conducting multiple analysis with different batches of component and strate-

gies, we were able to reach a variety of conclusions concerning the autism detection that go from the

preprocessing phase to the classification process.

The contributions of this work can be summarized in the following:
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Firstly, by testing different preprocessing strategies, we were able to highlight their impact on the

results of the following analysis. Additionally, the mix and match strategy showed that there is no

perfect preprocessing strategy. As every strategy can achieve good results when coupled with its

matched analysis method. Hence, there is no bad or perfect preprocessing pipeline.

Another point worth mentioning concerns the impact of age. In the first tests conducted, it was

visible that the subjects with age over 18 had the lowest accuracy whilst those younger were more

easily separable. This result corroborates the theories regarding the decreasing effect that age have

on the severity of the disorder, especially on the subjects receiving medical help.

Continuing on the same path of theories investigation, another important contribution stems from

searching for methods that can embody some of the autism theories to explore this disorder in depth.

This approach was crowned by finding evidence of a deficit of under-connectivity between the regions

of the autistic brain.

This also opened the path to using some new approaches to utilizing brain images while reducing

the calculation consumption by exploring the brain connectivity instead of the raw four-dimensional

fMRI images. In this same track, we developed new methods that permit to retrieve the maximum

information possible by mimicking, condensing and mathematically modifying methods usually used

with other types of data to fit our investigation and keep the cost of analysis to a minimum.

Furthermore, this work embraced the heterogeneity of the data to deduce the most effective results

since autism spectrum disorder, as its name suggests has a spectrum of characteristics and a spectrum

of manifestations. Hence, the need of a strategy permitting to detect autism without any concern

about other factors. Since when studying groups of subjects sharing the same characteristics, the

results become biased to those traits and when changing the tested subjects to others with a slight

difference, the results become void. However, by keeping the heterogeneity of the data and reducing

the elimination of images to the strict minimum by only excluding damaged material, the study can

then be generalized.

Last but not least, by introducing mathematical theories into the autism detection combined with the

autism tailored methods the accuracy of detection was greatly impacted in a good way and permitted

to reach new highs in the autism detection. In other words, by pooling all the information extracted

from the above-mentioned conclusions, we were able to create a final detection system that permitted

to classify autistic subjects with an accuracy that reached the highest value of 96%.

1.4 Thesis outline

This thesis is organized as follows:

• Chapter 1: Introduction to the thesis topic, background information and theory.

• Chapter 2: Presentation of the autism spectrum disorder, the imaging techniques, the database,

preprocessing and ASD-adapted methodology.

• Chapter 3: Investigation of ASD theories using a novel approach of elimination.

• Chapter 4: Features extraction for autism detection using a combination of machine and deep

learning.
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• Chapter 5: Details of the experiment of connections enhancement for autism detection using

deep learning.

• Chapter 6: Conclusion and future directions.



Chapter 2

Data and methods

Finding an alternative mean of diagnosis is one of the big poles of autism research. Using brain images

is one of the leads researchers have been pursuing to achieve this goal. However, a major obstacle

faced in analyzing brain images is the limited availability of data. Early studies on ASD using fMRI

images encountered the issue of small dataset sizes, which hampers the generalization of results.

To surmount this critical concern, the Autism Brain Imaging Data Exchange (ABIDE) database

emerged as a groundbreaking solution. This repository constitutes an expansive trove of fMRI images

gleaned from a substantial array of subjects spanning diverse international locations. The inclusion

encompasses a tapestry of variables, including age demographics, IQ levels, genders, and other per-

tinent characteristics. The ABIDE initiative is delineated into two distinct parts, namely ABIDE I

and ABIDE II with a preprocessed version for ABIDE I.

The influence of the preprocessing on the eventual outcomes of any analytical endeavor cannot be

overstated. The selection of these pipelines is a paramount determinant of the conclusions drawn

from the data [31] and [32]. The advent of a shared resource such as ABIDE casts its brilliance in

facilitating meaningful juxtapositions with other research revelations.

Henceforth, our work takes the preprocessed ABIDE database as the cornerstone for our investiga-

tive and exploratory pursuits into Autism. Prior to delving into the tests and analyses, this chapter

begins by unfolding the tapestry of Autism disorder, from tracing its historical roots to examining its

diagnostic and treatment paradigms. The chapter continues by giving a brief overview of the different

imaging techniques with an explanation regarding the reason behind the choice of using fMRI as the

main data source.

Later, in this same chapter, we introduce more in detail the ABIDE database and its preprocessed

version. Finally, we present the focal methods of this work, namely, the autism tailored methods.

2.1 Autism Spectrum Disorder

2.1.1 History

The term autism was first used around 1911 by the Swiss psychiatrist Eugen Bleuler [33]. He used

autism to describe a group of symptoms related to schizophrenia. According to the perspective of

Bleuler, autistic thinking is distinguished by the presence of infantile wishes aimed at escaping from

7
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unsatisfying realities. Individuals exhibiting autistic thinking tend to replace these unsatisfying as-

pects with fantasies and hallucinations. In this view, the individual retreats into a world of their own

imagination as a coping mechanism to distance themselves from distressing or dissatisfying aspects

of reality. The term ”autism” finds its origin in the Greek word ”autos” which means ”self”. It

describes conditions in which a person experiences a disconnection from the social world, leading to

the phenomenon of an ”isolated self”.

In the 1940s, Leo Kanner, a renowned psychiatrist and the founding director of the child psychia-

try program at the Johns Hopkins University School of Medicine, introduced the term ’autism’ into

psychiatric classification [34]. His work centered around observing and describing the behavior of sev-

eral children who displayed withdrawn and socially disconnected behaviors. Kanner’s groundbreaking

research culminated in the first systematic description of what he termed ”Autistic Disturbance of

Affective Contact,” which served as the initial comprehensive characterization of this distinct neu-

rodevelopmental disorder.

Following the publication of Kanner’s paper in 1943, there was considerable debate about the clas-

sification of the described children. There was even a belief that those characteristics were an early

manifestation of schizophrenia. This lack of clear understanding surrounding autism’s nature resulted

in its classification in DSM-II as an infantile psychosis, grouped within the broader diagnostic category

of childhood schizophrenia [35].

Later, due to the resemblance in phenotypic and clinical features, Autism and schizophrenia were

linked in many researchers’ minds until the 1960s. This overlap between schizophrenia and autism

was also related to the fact that some of the individuals diagnosed with ASD subsequently develop

schizophrenia symptoms. It has even been demonstrated later that the two disorders co-occur fre-

quently [36].

It was only in 1971 that medical professionals began to have a separate understanding of autism,

and the conceptual separation of the autistic disorder from schizophrenia was ultimately achieved

by carefully delineating symptomatic differences (such as age of onset), examining family histories,

and comparing treatment responses in individuals with suspected adult schizophrenia and those with

infantile autism. These thorough investigations allowed for a clear distinction between the two condi-

tions, paving the way for their separate classification and facilitating a more accurate understanding

of their unique characteristics and treatment approaches. [37].

While Kanner’s initial description of ’infantile autism’ was indeed replicated in the scientific literature,

it took considerable time for his diagnostic term to be officially included in the American Psychiatric

Association’s Diagnostic and Statistical Manual (DSM). Specifically, it was not until 1980, approxi-

mately 37 years later, that ’infantile autism’ was formally incorporated into the DSM-III [38].

In the 1980s, according to the National Dissemination Center for Children with Disabilities (NICHCY)

[39], a new term Pervasive Developmental Disorders emerged and was first used to describe a class

of disorders with many similarities to autism. However, it was not introduced in the DSM-III as a

new term. The specific diagnostic criteria including the differentiation between different subtypes and

the inclusion of specific disorders under the PDD umbrella, were only defined in 1987 and refined in

subsequent editions of the Diagnostic and Statistical Manual of Mental Disorders, starting with the

DSM-III-R [40]. This class of disorders share common characteristics that can be categorized into

the following groups: difficulties in social interaction, challenges in imaginative activities, impaired
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verbal and nonverbal communication skills, and a tendency to engage in a limited number of repetitive

interests and activities.

Later in 1994, the manual used by professional to diagnose psychiatric disorders the Diagnostic and

Statistical Manual of Mental Disorders published a revised version DSM-IV [41] that listed five dis-

orders under the category of Pervasive Developmental Disorders, namely, Autistic Disorder, Rett’s

Disorder, Childhood Disintegrative Disorder, Asperger’s Disorder, and the Pervasive Developmental

Disorder Not Otherwise Specified, or PDDNOS.

In 2013, the American Psychiatric Association introduced the fifth edition of the Diagnostic and

Statistical Manual of Mental Disorders, DSM-5 [42], which replaced DSM-IV and brought significant

changes to the diagnostic definition of autism. In the DSM-5, the individual disorders of autistic disor-

der, Asperger’s disorder, and PDD-NOS were amalgamated under the unified term ”autism spectrum

disorder” (ASD). This change aimed to recognize the continuum of symptoms and severity observed

in individuals with autism, providing a more comprehensive and inclusive framework for diagnosing

and understanding the condition.

2.1.2 Characteristics

As autism history has gone through many changes since the first use of the term ”autism”, the char-

acteristics definition of this disorder has also seen many changes. From Kanner to DSM, every update

added a new triad of characteristics broadening the spectrum of autism.

In his 1943 publication, Kanner highlighted two fundamental features of what he termed ”inborn

autistic disturbances of affective contact” [34]. Firstly, he emphasized the presence of severe difficul-

ties in social interaction and connectedness right from the beginning of life. Secondly, he identified

a resistance to change or a strong insistence on sameness. This term ”sameness” was employed to

describe stereotyped movements observed in autistic children, such as body rocking and hand flap-

ping. Kanner believed that these repetitive movements were ways for the child to maintain a sense of

consistency and stability in their world.

On the other hand, Asperger’s study revealed characteristics that resembled personality disorders,

and he also reported similar issues in the fathers of the cases he examined. Asperger’s work sparked

a continuing debate on the boundaries of autism, leading to the exploration of the ”broader autism

phenotype” and discussions on the concept of neurodiversity [35].

In DSM-II, the only available category to describe individuals with early childhood onset of severe

developmental disturbances, as described by Kanner, was ”childhood schizophrenic reaction.” This

highlights the historical challenges in accurately defining and diagnosing autism and the evolving un-

derstanding of the spectrum of neurodevelopmental disorders.

However, this anomaly was a distinctive concept in its own right and not the earliest manifestation

of schizophrenia. Thus, the emergence of a new definition of autism as proposed by Rutter in 1978

which included delayed and deviant social and language abilities with restricted interests and repeti-

tive behaviors that appears beyond the general developmental level.

The American National Society for Autistic Children [43] put forward a definition of autism that

encompassed not only unusual rates and sequences of development (similar to Rutter’s concept) but

also highlighted hypo- and hyper-sensitivities to the environment. This definition underscored the
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importance of considering sensory sensitivities as a core aspect of autism, acknowledging that indi-

viduals with autism may exhibit atypical responses to sensory stimuli. These sensory sensitivities

can manifest as either hypo-sensitivity, where there is decreased sensitivity to certain sensory inputs,

or hyper-sensitivity, where there is heightened sensitivity and over-responsiveness to sensory stimuli.

The inclusion of these sensory aspects in the definition expanded the understanding of autism beyond

developmental patterns and contributed to a more comprehensive characterization of the disorder.

Leading in addition to other lines of research to the establishment of the validity of autism as a diag-

nostic concept in DSM-III [40].

By conducting a comprehensive comparison of the clinical phenomenology of autism, including age

and family history of schizophrenia and childhood schizophrenia, researchers found distinct differences

between these concepts [44], [45]. Additionally, the treatment patterns used to approach these dis-

orders further highlighted their dissimilarity. Structured teaching approaches appeared to be more

effective for children with autism, in contrast to the unstructured psychotherapy used in schizophrenia

treatment [46].

Moreover, evidence of the strong genetic basis of autism emerged, with higher rates of concordance

observed in monozygotic twin pairs compared to same-sex dizygotic twin pairs [47]. This finding

discredited the disproven ”refrigerator mother” theory of autism [48] and lent support to the notion

that autism has a biological origin.

Based on these substantial considerations, autism, previously referred to as ”infantile autism,” was

officially included as a diagnostic category for the first time in the third edition of the Diagnostic and

Statistical Manual [40]. It was placed within a new class of conditions known as Pervasive Devel-

opmental Disorders (PDDs), encompassing disorders characterized by delays in the development of

multiple basic functions, including socialization and communication. However, it became evident that

individuals with autism exhibit changes over time that deviate from the classic presentation of the

disorder in infancy. As a result, the term ”residual infantile autism” was introduced to accommodate

cases where individuals once met the criteria for infantile autism but no longer do so at a later stage

in their development. This acknowledgment allowed for a more nuanced understanding of the diverse

presentations of autism and emphasized the importance of considering developmental changes when

diagnosing and supporting individuals with this condition.

With the introduction of the residual form of autism in DSM-III, concerns emerged regarding the

rigidity and lack of a developmental orientation in the diagnosis. As a response to these concerns,

significant changes were made in the 1987 revision of DSM-III, known as DSM-III-R. One of the most

important changes was the transition from ”infantile autism” to ”autistic disorder” as the name for

the condition.

In DSM-III-R, a new polythetic set of 16 detailed criteria was provided, organized into the standard

three major domains of dysfunction observed in autism, namely, the qualitative impairments in re-

ciprocal social interaction, the impairments in communication, and the restricted interests/resistance

to change and repetitive movements. The diagnosis of autistic disorder was considered valid when at

least eight out of the total criteria were met.

Meanwhile, the World Health Organization’s International Classification of Diseases, 10th edition

(ICD-10) [49], adopted a different approach with two diagnostic guides, one for clinical work and one

for research. However, this resulted in a divergence between the DSM and ICD-10 views, potentially
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complicating research comparisons and international collaborations, especially in fields like genetics

and epidemiology. In response to these challenges, the fourth edition of DSM (DSM-IV) [41] under-

went major revisions.

In DSM-IV, the traditional three-category model was retained, but the final set of criteria underwent

changes, becoming more detailed. The minimum number of criteria required for a diagnosis of autism

was reduced to include at least six of the characteristic features.

Later, building upon the foundations laid by DSM-IV and decades of research, DSM-5 [14] was in-

troduced, representing a significant shift in the conceptualization of autism. The DSM-5 merged the

Pervasive Developmental Disorders into the autism spectrum disorder (ASD) category, transforming

autism diagnosis from a multi-categorical system to a single diagnosis based on multiple dimensions.

This unification better reflected the diverse presentations and variations within the autism spectrum,

providing a more comprehensive and flexible framework for understanding and diagnosing autism.

2.1.3 Prevalence

Autism prevalence has also gone through a significant change throughout history since it was first in-

troduced as a psychiatric disorder. In the beginning it was considered a rare disorder that amounted

to nearly 5 per 10,000 emergence of autism among children known to have special needs in the former

London Borough of Camberwell. This study was conducted by Lorna Wing and Judith in 1979 on

children with IQ under 70 [50].

During that year, Wing and Gould made a significant discovery by identifying a subgroup of children,

comprising approximately 15 per 10,000, who exhibited challenges in social interaction, communica-

tion, and imagination, along with repetitive and stereotyped behaviors. Despite not entirely fitting

the classic description of autism presented by Kanner, these children were classified within the broader

category of the autism spectrum.

As a result of their research in the Camberwell study, the overall prevalence rate for all children with

special needs falling within the autism spectrum was estimated to be around 20 in every 10,000 chil-

dren [50].

During the 1990s, Stephan Ehlers and Christopher Gillberg conducted a study aimed at exploring

the prevalence of Asperger syndrome and other autism-related profiles among children with an IQ of

70 or above, who attended mainstream schools [51]. Asperger syndrome was initially described by

Hans Asperger in 1944, focusing on children who shared many similarities with those diagnosed with

Kanner autism. However, the key distinction was that individuals with Asperger syndrome exhibited

average to superior grammatical language abilities.

Inclusion of Asperger syndrome in this study was warranted due to its alignment with the core char-

acteristics of autism, such as the triad of impairments involving social interaction, communication,

and imagination, as well as the presence of repetitive patterns of activities, akin to those observed in

Kanner autism.

Based on the number of children identified in their research, they computed a prevalence rate of 36 per

10,000 for children who were confirmed to have Asperger syndrome and an additional 35 per 10,000 for

those experiencing social difficulties. Some of these children might have met the criteria for Asperger

syndrome if more comprehensive information had been available, but they were undoubtedly within

the autism spectrum. Teachers of these children had previously noticed social and/or educational
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differences, yet they had not been able to pinpoint the exact cause for these disparities.

Later on, after a three-decade-long study focusing on children of average or high intelligence who

struggled with social interaction, Sula Wolff referenced Ehlers and Gillberg’s study. She regarded the

total rate of 71 per 10,000 mentioned in their paper as encompassing the children she examined and

categorized as belonging to the most ’subtle’ end of the autism spectrum [52].

In the beginning of the twenty first century the autistic disorder began to get more attention and more

surveys of its prevalence began seeing the light. In 2005, the Office of National Statistics conducted a

survey in Great Britain to assess the mental health of children and young people, revealing a preva-

lence rate of 90 in 10,000 for individuals categorized as having autism [53]. However, this figure did

not distinguish between autism, Asperger syndrome, or other profiles within the autism spectrum.

A year later, Gillian Baird and her colleagues published a report based on a survey of children aged

between 9 and 10 years old in the South Thames region. The study included children who had already

received a diagnosis of autism or had difficulties with social and communication skills. Additionally,

children considered at risk of being undetected cases were included if they had a statement of special

educational needs. The diagnosis conducted followed the criteria outlined in the ICD-10.

The results of this study indicated a prevalence rate of 38.9 in 10,000 for ’childhood autism’, and a rate

of 77.2 in 10,000 for other conditions within the autism spectrum, resulting in an overall prevalence

figure of 116 in 10,000 [54].

In 2008, the Autism and Developmental Disabilities Monitoring Network in the USA investigated

eight-year-old children in 14 states. They found an overall rate of 1 in 88 of autism, with around five

times as many boys as girls diagnosed.

Later, from telephone surveys undertaken in 2011 and 2012 of parents of children aged between 6 and

17 years old, the National Center for Health Statistics in the USA published findings. The report

showed a prevalence rate for autism of 1 in 50, [55].

In the same period, a higher prevalence rate of 2.64% emerged in a study done in South Korea, where

it was reported that two thirds of the people on the autism spectrum were in the mainstream school

population, and had never been diagnosed before. [56].

Hence, taking into consideration studies from different parts of the world, researchers put forward an

estimation of 62 autistic children in every 10,000. According to them the increase in estimation autism

showed in the last decades was related to the broadening diagnostic criteria, service availability and

increasing awareness of autism among professionals and the public, [57].

From then on, the prevalence rate of autism kept on increasing as published on the center of disease

control and prevention reports reaching in 2023, an estimation of 1 in 36 children diagnosed with

autism spectrum disorder (ASD) in the U.S, according to data of 2020. With 1 in every 23 boys

identified with autism and 1 in every 87 girls identified with autism. Making the rate of boys being

identified with autism four times more likely than girls. Autism was also found to affect all ethnic

and socioeconomic groups [58].

2.1.4 Diagnosis

The fact that Autism is one of the most challenging disorders is partially due to the difficulty of

diagnosis. To this day, autism diagnosis is mainly based on behavioral tests and/or relatives and
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entourage reviews. Most of these assessments are generally developed for early detection as autism is

a disorder that shows early. However, no final conclusion is decided before the child reaches the age

of two years old.

From the diagnostic assessments used to measure ASD, some are semi-structural while other are com-

puterized. From the semi-structural tests, we can cite ADI-R, ADOS and DISCO [59].

The Autism Diagnostic Interview – Revised (ADI-R) relies on information provided by parents or

caregivers for assessment. This diagnostic tool is suitable for children and adults aged 18 months and

older. It employs a diagnostic algorithm that aligns with both DSM-5 and ICD-11 criteria. The evalu-

ation focuses on reciprocal social interaction, communication, and restricted and repetitive behaviors

to aid in diagnosing autism.

On the other hand, the Autism Diagnostic Observation Schedule (ADOS) evaluates social communi-

cation, interaction, and play habits through direct observation. It consists of various modules tailored

to the individual’s verbal abilities, whether they are children or adults. Each module comprises spe-

cific activities that enable the examiner to identify behaviors consistent with an Autism Spectrum

Disorder (ASD) diagnosis.

As for DISCO, The Diagnostic Interview for Social and Communication Disorders, it is used to assess

a suspected autistic patient over a lapse of time. In this test it is important to have an assessor who

is well acquainted with the subject to monitor the subject over a course of time that can be measured

in years. Its objective is to delineate behavioral patterns that have developed throughout the growing

process of the subject.

The computerized assessment used for ASD detection is The Developmental, Dimensional, and Diag-

nostic Interview (3Di) [60] which is dedicated to parents of autistic subjects with no restriction of age.

It measures the intensity of symptoms across the autistic spectrum as well as offering information

about potential comorbidities.

Another test worth mentioning is the Childhood Autism Rating Scale – Second Edition The (CARS-2)

[61] that aims to differentiate between children with moderate or severe Autism Spectrum Disorder

(ASD) and those with other cognitive disorders, including developmental delays. This assessment

tool is commonly utilized in research studies and complements other diagnostic evaluations to aid in

clinical diagnoses. It can be administered either by the subject’s caregivers or by clinicians.

All the above-mentioned tests rely solely on observations, which cannot be completely trusted espe-

cially in the first years of childhood. Hence, research turned toward finding a new mean of diagnosis

that can be conducted early and be more trustworthy.

Hence, risk factors including genetics, prenatal conditions, and sociodemographic backgrounds were

investigated.

According to researchers, genetics are involved in the vast majority of autistic cases [62]. Children

born to older parents have been found to be at a higher risk for having autism. Parents who have a

child with ASD have a 2 to 18 percent chance of having a second child who is also affected. Among

identical twins, if one child has autism, the other will be affected about 36 to 95 percent of the time.

In non-identical twins, if one child has autism, then the other is affected about 31 percent of the time.

Looking into the gender differences in ASD manifestation, the official accepted ratio is of 4:1 [63],

males to females, with several studies reporting ratios varying from 2:1 to 7:1, males to females. This

imbalance engendered different explanations. A social one based on the male bias suggesting that
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females are being marginalized and under-recognized. Alternatively, some proponents argued that

females might possess a protective effect, making them less susceptible to developing autism.

Biologically, two theories, the extreme male brain theory and the fetal testosterone theory, shed light

on the relationship between autism and testosterone levels in the amniotic fluid during pregnancy.

According to these theories, higher levels of testosterone in the amniotic fluid are associated with

improved abilities in analyzing and understanding complex systems and patterns. However, at the

same time, they may lead to a reduction in empathetic traits. This theory also suggests that certain

features may become exaggerated, such as larger brain volume, over-connectivity within hemispheres,

enlarged amygdala, and reduced inter-hemispheric connectivity due to a diminished corpus callosum.

Supporting the testosterone theory further, elevated testosterone levels in both males and females

have been connected to some autistic behavioral traits, like avoiding eye contact [64].

Investigations into the prenatal environment have revealed significant factors that contribute to the

development of autism in children. Notably, maternal drug intake, illness, immune response, stress,

and exposure to pollution have been identified as potential influencers. Maternal substance abuse,

alcohol or drug use for mental illness treatments like selective serotonin uptake inhibitors and sodium

valproate, have all been associated with an increased risk of ASD [65]. Additionally, the presence of

certain genetic susceptibilities related to drug intake, whether for mental illness or abused, increases

the likelihood of psychiatric disorders in offspring. Moreover, illnesses like hypertension, obesity,

asthma, diabetes, and autoimmune disorders have also been linked to possible autistic symptoms in

children. Maternal immune activation was also found to affect a child’s neurodevelopmental outcome.

According to [66] Maternal infection during critical stages of pregnancy leads to acute fetal inflamma-

tion. The consequences of acute fetal neuroinflammation on early neurodevelopmental consequences

may facilitate the development of psychopathological and neuropathological phenotypes shared be-

tween schizophrenia and autism.

On another hand, Air pollution not only presents a threat to pregnant woman resulting in a higher

risk of having autistic children, but also increase the chance of postnatal infants to develop autism

throughout life [67].

Even with the advance in autism investigation, most children are still being diagnosed after the age

of four.

Since autism is a neuro developmental disorder, research also turned to studying the brain to locate

the dysfunction origin, with the objective of early diagnosis of this disorder.

However, the huge complexity of the brain renders identification of the said dysfunction very difficult.

As all brain zones are not only physically related but also functionally related. On the bright side,

huge advance has been made.

2.1.5 Treatment

Even though, there is no known medication to completely treat autism, there are some available med-

ications that help the children with some symptoms as autism-associated agitation and irritability.

However, medication works best when paired with therapy to develop socialization and other life skills.

These therapies vary depending on the specific needs of each individual.

A therapist with expertise in ASD treatments can conduct sessions aimed at fostering various skills,
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such as language and social abilities. One-on-one support within the classroom or enrollment in spe-

cialized education programs can also be beneficial.

Behavioral interventions play a crucial role in reducing negative behaviors while encouraging positive

ones. Additionally, family counseling can provide valuable support and guidance for families of indi-

viduals with ASD.

Moreover, since autism usually co-occur with other health problems, certain medications may help.

According to [68] more than half the children with autism have one or more chronic sleep problems.

Children with autism also suffer of the Deficient Hyperactivity Disorder (ADHD) with an estimation

of 30 to 70 percent [69]. Additionally, almost a third of the autistic population have epilepsy [70] and

11 to 40 percent of the autistic children can also display anxiety disorders [71]. Depression is also one

of the ailments that touches autistic children [72] with a prevalence that goes from 7 percent in child-

hood to 26 percent in adulthood. Schizophrenia is also one of the disorders which prevalence increases

with age to reach 35 percent. Moreover, children with autism are nearly eight times more likely to

suffer from one or more chronic gastrointestinal disorders than other children. Autistic children are

also more affected by obesity than the non-autistic.

Hence, early detection can be life changing as children affected by autism can benefit from many

interventions such as the aforementioned treatments as well as speech and occupational therapy. The

early intervention can improve learning, communication and social skills, as well as underlying brain

development. It can also permit to reduce the risk of developmental regression, or loss of skills, that

affects around 1 in 5 children with autism and typically occurs between ages 1 and 3.

Farther more, it provides the best opportunity to support healthy development and deliver benefits

and minimize the disorder impact across the lifespan.

2.2 Imaging techniques

One of the axes of research for autism detection is based on visualizing and studying the brain. The

neuroimaging presents a key to uncovering the secrets of the brain. The different imaging techniques

available provides a vast choice of procedures that can be categorized into structural and/or functional.

The structural techniques permit the visualization of the morphology of the brain and its different

components. While the goal of functional neuroimaging is to understand the cognitive organization of

the brain and its dynamics, in typical condition and when affected by a disease or a mental disorder.

2.2.1 Structural imaging techniques

The structural imaging techniques are non-invasive procedures that use different types of technology

to provide a representation of a structure without having to remove the skin or bone that protects

that structure. They are not only used to visualize the brain but also the other parts of the human

body. However, in the neurological field they have been of big help in tracing many diseases. The

techniques that have received big acknowledgement and been vastly used are mostly X-ray, CT scan

and MRI.
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2.2.1.1 X-ray

X-rays are a type of high-energy electromagnetic radiation characterized by a short wavelength that

has the ability to penetrate solids and ionize gases [73]. Widely employed in the field of medicine,

X-rays are generated by an X-ray machine and directed towards a specially treated metallic plate

positioned behind the patient’s body. As the radiation beam interacts with the plate, it causes dark-

ening. Soft tissues moderately impede X-rays, resulting in a gray appearance on the plate, while hard

tissues like bones largely obstruct the rays, creating a lighter ”shadow.” Consequently, X-rays are

particularly effective for visualizing rigid anatomical structures such as teeth and bones.

2.2.1.2 Computed Tomography

Tomography is a method of obtaining sectional images of the body. Computed tomography (CT),

also known as computerized tomography, is an imaging technique that utilizes computer analysis

of multiple cross-sectional X-rays to provide detailed information about structures within the body.

This technique was developed in the 1970s and is based on the principle that X-rays are absorbed

or deflected at various levels as they pass through the body. During a CT scan, the patient lies on

a motorized platform while a computerized axial tomography (CAT) scanner revolves 360 degrees

around them, capturing X-ray images from multiple angles [74].

2.2.1.3 Magnetic resonance imaging

Magnetic resonance imaging (MRI) is a medical imaging method that harnesses a phenomenon in

nuclear physics discovered in the 1930s [75]. Unlike other techniques, MRI does not expose patients

to radiation and relies on magnetic fields and radio waves. The procedure involves the use of an MRI

scanner, essentially a large tube housing a powerful circular magnet. This magnet generates a strong

magnetic field that aligns the hydrogen atoms’ protons within the body.

By applying a radio frequency (RF) magnetic pulse at the appropriate frequency, the hydrogen nuclei

absorb energy and subsequently emit a brief, weak signal known as the MR signal. This signal is

detected by the RF coils in the MRI system, allowing the creation of an image.

Early MRI scanners were initially rudimentary, but advancements in digital computing and electronics

propelled their refinement, surpassing other techniques in precise imaging. Presently, MRI has become

a standard tool in Radiology due to its ability to produce high-resolution images with excellent tissue

contrast.

2.2.2 Functional imaging techniques

In ASD investigation, structural imaging techniques have focused on detecting the brain structures

with physical differences that might be related to this disorder. In [76] thicker frontal cortex and in

[77] a thinner temporal cortex were reported in patients with ASD. These areas are notable because

the frontal cortex is linked to communication and language abilities and the temporal cortex is linked

to auditory processing (ie. language input), both of which are issues that many with ASD struggle
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with.

However, the drawback of using structural imaging in autism detection is the fact that the rate of

development of children in the first years vary tremendously from child to child. Hence, the physical

attributes of the brain that can pop up as showing abnormality can only be due to the growing pace

and not be related to any problem.

Hence, a need for a method that does not rely on brain structure but goes deeper into the functioning

of the brain. This is where functional imaging techniques come in handy. Functional imaging tech-

niques include but is not restricted to functional MRI (fMRI), MEG, MRS, PET, and SPECT.

2.2.2.1 Single-photon emission computed tomography

Single-photon emission computed tomography (SPECT) is a nuclear imaging technique frequently

employed in diagnostic medicine [78]. SPECT generates a three-dimensional image displaying the

distribution of a radioactive tracer that is injected into the bloodstream and subsequently absorbed

by specific tissues.

The SPECT procedure consists of several stages. In cerebral studies, the patient is initially seated

in a calm, dimly lit room and instructed to refrain from reading or speaking for a minimum of 10

minutes. Subsequently, the patient receives an injection of a radio-labeled tracer compound, carefully

selected by a nuclear pharmacist. If sedation is required, it is preferably administered after the tracer

injection. Following the injection, a variable waiting period is observed to allow the tracer to circulate

and be absorbed by the target tissues. The duration of this waiting period may vary based on the

specific study, tracer selection, and tracer dosage, and it can range up to 90 minutes.

After the waiting period has elapsed, the patient is positioned within the detector apparatus. In

certain studies, vasodilatory medications may be used to assess tissue perfusion. Once the patient

is properly positioned, and any necessary medications have been administered, the detector rotates

around the patient, capturing planar scans at intervals of 3 to 6 degrees. These scans are subsequently

combined to generate the final three-dimensional image. While SPECT provides detailed information

about the tissues, it does have limitations. Small metabolic abnormalities detected by SPECT can

often be challenging to precisely locate without corresponding anatomical imaging.

2.2.2.2 Positron emission tomography

Positron emission tomography (PET) [79] is a functional imaging technique that utilizes radiotracers

to visualize and measure metabolic and physiological processes within the body. PET relies on the

detection of small amounts of radioactive substances known as positron emitters. Commonly used

positron emitters in PET imaging include carbon-11, oxygen-15, nitrogen-13, and fluorine-18, each

with its own specific imaging purposes based on the target process in the body.

The radioactive isotopes used in PET imaging have short half-lives, such as 2 minutes for oxygen-

15 and 109 minutes for fluorine-18. Regional tracer concentration is imaged using the properties of

positron decay and annihilation. After emission from the parent nucleus, the emitted positron travels

a short distance within the tissue until it is slowed down and combined with a free electron, forming

a positronium. This positronium then decays through annihilation, producing a pair of gamma rays.
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These gamma rays, with an energy of 511 kiloelectron volts (keV) each, travel in nearly opposite

directions. PET detectors, arranged in pairs aligned collinearly, capture and detect these coincident

gamma rays. This ”electronic collimation” technique is what allows PET to be much more sensitive

(over 100 times) than conventional nuclear medical techniques like single-photon emission tomography

(SPECT), which uses gamma cameras and lead collimators [80].

However, despite the high sensitivity of 3D PET, there is a significant amount of scattered radiation

that can interfere with the quality of the final 3D acquisition. Scattered radiation refers to gamma rays

that deviate from their original path due to interactions within the tissue. These scattered gamma

rays can be detected and measured, affecting the overall quality and accuracy of the PET images

obtained.

2.2.2.3 Magnetoencephalography

Magnetoencephalography (MEG) [81] is a non-invasive functional neuroimaging technique used to

map brain activity by detecting and recording the magnetic fields generated by the electrical cur-

rents naturally occurring in the brain. MEG employs highly sensitive magnetometers to measure the

magnetic fields, which typically range from femto-tesla to pico-tesla in strength. It offers exceptional

temporal resolution, accurately capturing the timing of neuronal activity, and also provides good spa-

tial resolution.

During MEG recording, the magnetic fields are generated by the electric currents produced by acti-

vated neurons in the brain. According to the right-hand rule, an electric current is always associated

with a magnetic field that is perpendicular to its direction. Since the magnetic permeability of bio-

logical tissues is similar to that of empty space, the magnetic field is not significantly distorted by the

scalp or skull.

The source of the magnetic fields recorded by MEG is the dendritic currents of pyramidal neurons

that fire synchronously and in parallel. Axonal and synaptic currents, along with their magnetic

fields, tend to cancel each other out. Consequently, the synchronous activation of pyramidal neurons

produces detectable magnetic fields outside the head, allowing MEG to capture the neural activity.

The amplitude of the magnetic fields generated by the brain is extremely small, typically in the range

of a few hundred femto-tesla (10−15T ). By comparison, the Earth’s magnetic field ranges from 10−4

to 10−5T . Therefore, the challenge lies in detecting and recording these small magnetic fields while

effectively shielding out the relatively stronger Earth’s magnetic fields. This challenge is addressed

by employing superconducting quantum interference detectors (SQUIDs), which act as highly sensi-

tive magnetic field detectors. These SQUIDs are housed within magnetically shielded rooms, which

provide a controlled environment free from external magnetic interference.

2.2.2.4 Functional Magnetic Resonance Imaging

Functional Magnetic Resonance Imaging (fMRI) [82] revolutionized the landscape of human systems-

level brain research. It is a class of imaging methods developed in order to demonstrate regional,

time-varying changes in brain metabolism. This technique brought many key advantages for the

brain research community and have been used in an exceptionally large number of studies in the
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cognitive neurosciences, clinical psychiatry/psychology, and presurgical planning.

The popularity of fMRI derives from its widespread availability. It can be carried out on clinical

scanners, which enabled rapid growth using the clinical scanner infrastructure. Moreover, its price

is more affordable when compared to other technologies. Therefore, it can be found in hospitals

worldwide. FMRI is also a non-invasive technique that does not require any injection of radioisotope

or other pharmacologic agent. This makes it safe to use on all population categories. Especially, on

young children.

The spatial resolution of fMRI images is also considered a great advantage when compared to other

functional imaging techniques. It can show functionally informative voxels as low as 0.5 mm x 0.5

mm x 0.5 mm. FMRI is also characterized by speed. The acquiring time of the sequential imaging

volumes can be as low as 200ms for every sequence. Moreover, fMRI has sufficient sensitivity to create

functional maps on individuals in minutes.

Functional MRI involves the use of an MRI scanner equipped with hardware and software to scan

an entire volume of data using a pulse sequence called echo planar imaging (EPI) [83]. It captures

the activity of the brain by mapping the metabolic changes that can be consequent to task-induced

cognitive state changes or the result of unregulated processes in the resting brain.

FMRI measures the small changes in blood flow that occur with brain activity. All the actions

and reactions of the human body induces a reaction in the brain that may include the formation

and propagation of action potentials, binding of vesicles to the pre-synaptic junction, the release of

neurotransmitters across the synaptic gap, their reception and regeneration of action potentials in

the postsynaptic structures, scavenging of excess neurotransmitters, etc. All these require energy

in the form of adenosine triphosphate (ATP) [84]. This nucleotide is produced principally by the

mitochondria from glycolytic oxygenation of glucose, and its production results in carbon dioxide as

a byproduct. When a region of the brain activates, the additional neural firing and other increased

signaling processes result in a locally increased energy requirement, in turn resulting in up-regulated

cerebral metabolic rate of oxygen in the affected brain region.

FMRI measurements can be accomplished with different techniques. Bolus tracking measures the

increase of regional cerebral blood volume. Spin tagging assesses the regional cerebral blood flow.

However, since its discovery in 1990, the blood-oxygen-level dependent (BOLD) contrast have been

the most used making it the standard technique. This technique takes advantage of the different

magnetic properties of oxygenated and deoxygenated hemoglobin to generate an image contrast [85].

2.3 Data

2.3.1 ABIDE

Data availability can play a significant role in the advance of research. Hence, with the goal of facili-

tating discovery and comparisons in the Autism research, the Autism Brain Imaging Data Exchange

(ABIDE) initiative has aggregated functional and structural brain imaging data collected from labo-

ratories around the world in a base named ABIDE [86].

ABIDE includes two large-scale collections: ABIDE I and ABIDE II. Each collection was created

through the aggregation of datasets independently collected across more than 24 international brain

imaging laboratories and made available to investigators throughout the world, consistent with open
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science principles, such as those at the core of the International Neuroimaging Data-sharing Initiative.

The Autism Brain Imaging Data Exchange I (ABIDE I) is the first ABIDE initiative. It was launched

in August 2012 and involved 17 international sites. ABIDE I aggregates collected resting state func-

tional magnetic resonance imaging (RS-fMRI), anatomical and phenotypic datasets made available for

data sharing on multiple platforms. This database yields 1112 dataset, including 539 from individuals

with ASD and 573 from typical controls with different range of age comprised between 7 and 64 years.

Since its establishment, ABIDE I has been used in multi research works across the globe. Through

these works, it was demonstrated that brain imaging can be a mean to capture whole brain and/or

regional properties of the brain connectome related to autism spectrum disorder. Hence, the feasibility

of aggregating resting state fMRI and structural MRI data across sites was proved very beneficial for

autism detection. In accordance with HIPAA guidelines and 1000 Functional Connectomes Project /

INDI protocols, all datasets have been anonymized, with no protected health information included.

Later, ABIDE II was established to further promote discovery science of the brain connectome in

ASD. It saw the light in June 2016 and provided the researchers with new data. ABIDE II aggregates

more than 1000 additional datasets with greater phenotypic characterization, particularly in regard to

measures of core ASD and associated symptoms. In addition, two collections including longitudinal

samples of data collected from 38 individuals at two time points with intervals between 1 and 4 years

were added. To date, ABIDE II involves 19 sites, 10 charter institutions and 7 new members. The

number of samples comprises 1114 datasets from 521 individuals with ASD and 593 controls with age

range between 5 and 64 years. In accordance with HIPAA guidelines and 1000 Functional Connec-

tomes Project / INDI protocols, in ABIDE II also, all datasets are anonymous, with no protected

health information included.

2.3.2 ABIDE Preprocessed

Preprocessing in the medical field is very important, especially in the case of heterogeneous imaging

data. Because, the different types of imaging machines used to produce the brain images have different

rendering with different characteristics [87]. Preprocessing helps diminishing those differences by

giving the data a same format and correcting all abnormalities.

The preprocessing techniques applicable on functional images are vast and different, it goes from timing

correction to giving the same format to data from different acquisitions among other corrections. The

preprocessing on imaging data can be applied through different pipelines of methods and strategies.

Its focal point is to reduce the noise of the data, since a small amount of noise can lead to results that

can be very far from reality.

Combining the multiple preprocessing methods can lead to different preprocessing pipelines. However,

the choice of the preprocessing pipeline has been proven to impact the results of any analysis [31]. A

same analysis done to the same data with different preprocessing pipelines can give different results.

This showcases the importance of the choice of the preprocessing pipeline.

To cope with the dilemma of the choice of the preprocessing pipeline, an open sharing of preprocessed

neuroimaging data from the Autism Brain Imaging Data Exchange was released. The database

concerned was ABIDE I. This latter was preprocessed by five different teams using their preferred

tools. The functional preprocessing was performed using the Connectome Computation System (CCS),

the Configurable Pipeline for the Analysis of Connectomes (CPAC), the Data Processing Assistant
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for Resting-State fMRI (DPARSF) and the NeuroImaging Analysis Kit.

Due to the controversies surrounding bandpass filtering and global signal regression, four different

preprocessing strategies were performed with each pipeline. These strategies were made to add filtering

with and without global signal correction in addition to the initial pipeline with no added filtering

also with and without global signal correction.

These strategies were named as follows:

• TrueTrue: This strategy includes band-pass filtering and global signal regression.

• TrueFalse: In this strategy only the band-pass filtering is included.

• FalseFalse: Neither the band-pass filtering nor the global signal regression is included.

• FalseTrue: Only the global signal regression is included.

Moreover, to limit the variance between outputs, statistical derivatives for each pipeline and strategy

were calculated by the CPAC software.

In the state of art most research papers use the Configurable Pipeline for the Analysis of Connectomes.

This provides a comparison base for autism research. Additionally, ABIDE preprocessed have an

advantage of processing time and space gain.

2.3.3 Brain parcellation

In the context of fMRI data, each image encapsulates a vast amount of information. In our research,

we have chosen to concentrate on studying the connectivity of the brain. However, it’s important

to acknowledge that the brain consists of billions of interconnected synapses, resulting in colossal

connectivity matrices. This complexity poses significant challenges in interpretation.

To address this issue, atlases offer a solution by reducing the complexity. Atlases group the synapses

of the brain into specific regions known as regions of interest (ROIs). Essentially, an atlas establishes a

relationship between a set of coordinates and an anatomical label, facilitating a simpler understanding

of brain interactions [88].

2.3.3.1 AAL

The AAL atlas, referenced in [89], provides a framework for labeling brain activation. It is constructed

based on an anatomical parcellation of the Montreal Neurological Institute (MNI) single-subject brain.

The AAL atlas is bundled with the AAL Toolbox. To achieve functional resolution (3x3x3 mm3), the

AAL atlas is subdivided using nearest-neighbor interpolation, resulting in the division of the brain

into 116 regions.

2.3.3.2 Dosenbach

The Dosenbach 160 atlas, which is distributed with DPARSF/DPABI and mentioned in [90], con-

sists of 160 spheres with a radius of 4.5 mm, positioned at specific coordinates. These regions were

identified based on meta-analyses of task-related fMRI studies. The Dosenbach atlas is known for
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its reliability and is particularly suitable for constructing functional networks, as opposed to purely

anatomical atlases. Its design takes into account the functional characteristics of the brain, making

it a valuable tool for investigating brain connectivity and network analysis.

2.3.3.3 CC200

The CC200 atlas, described in [91], divides the brain into 200 regions based on functional parcellation.

To achieve this, a two-stage spatially-constrained functional procedure was applied to preprocessed

and unfiltered resting-state data from an independent dataset comprising 41 individuals aged between

18 and 55 years old.

For each individual, a grey matter mask was created by averaging individual-level grey matter masks

obtained through automated segmentation. Connectivity graphs were then constructed by considering

each voxel within the grey matter mask as a node and the temporal correlations with neighboring

voxels on a 3D level as edges. From these connectivity graphs, association matrices were generated,

setting the connectivity between voxels to 1 if they belonged to the same region of interest (ROI) and

0 otherwise.

Later, a group-level correspondence matrix was constructed by averaging the individual-level associ-

ation matrices and subsequently partitioned into 200 regions using normalized cut clustering. The

resulting analysis at the group level was fractionated into functional resolution using nearest-neighbor

interpolation.

The labels for each ROI of the CC200 atlas were assigned based on their overlap with the Eickhoff-

Zilles (EZ) atlas [92], Harvard-Oxford (HO) atlas [93], Talaraich and Tournoux (TT) atlas [94], and

the AAL atlas.

The EZ atlas is a functional atlas derived from the max-propagation atlas found in the SPM Anatomy

Toolbox. To make it compatible with template space, the EZ atlas was transformed and aligned

accordingly. Additionally, the atlas was fractionated into functional resolution, allowing for more

detailed analysis of brain regions and their functional properties.

The HO atlas, which is distributed with FSL, underwent a series of steps to create both cortical and

subcortical probabilistic atlases. Initially, the atlas was subjected to a threshold of 25%, retaining

regions with a probability above this threshold. The subcortical regions, representing white matter,

gray matter, cerebrospinal fluid, and the brainstem, were then excluded from the subcortical atlas.

The cortical and subcortical regions were combined to form a comprehensive atlas, and like the EZ

atlas, it was also fractionated into functional resolution to enable detailed functional analysis.

Finally, the TT atlas, distributed with AFNI, went through a registration process to align it with a

common template space. After coregistration, the TT atlas was further warped to ensure accurate

alignment with the template space. Similar to the other atlases, it was also fractionated into func-

tional resolution using nearest-neighbor interpolation, providing a functional parcellation that can be

used for detailed analysis of brain regions and their functional characteristics.

2.3.4 Time series

A time series refers to a sequence of data points or observations collected and recorded over time. It

is a collection of data points ordered chronologically, with each data point associated with a specific
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time or time interval. Time series data is often used to study how variables change over time and to

identify patterns, trends, and relationships in the data [95].

In time series, the time dimension is a fundamental component, and the data points are typically

recorded at regular intervals (e.g., hourly, daily, monthly) or irregular intervals depending on the

nature of the data collection process. Time series data can be univariate, involving a single variable

observed over time, or multivariate, involving multiple variables observed simultaneously over time.

Time series data can originate from various sources and fields, such as economics, finance, meteorol-

ogy, healthcare, engineering, and many others [96]. It can be taken on any variable that changes over

time.

Time series analysis accounts for the fact that data points taken over time may have an internal struc-

ture (such as autocorrelation, trend or seasonal variation) that should be accounted for. In particular,

a time series allows one to see what factors influence certain variables from period to period.

In the human body every action and reaction engage fluctuations in the brain activity. Going further

in the specification, looking, hearing, talking, feeling, etc, induce different patterns of fluctuations and

involve different brain zones. These fluctuations are captured in the functional brain images. As the

brain can be segmented into a group of specialized regions. Each one of these regions is responsible

for one or more activities. Even in rest with closed eyes, the brain is still highly active, and the

patterns of activity in this resting state are thought to reveal particular networks of areas that often

act together.

The time series of brain functional imaging contain rhythmic activity that reflects neural oscillations

[97], these oscillations represent the fluctuations in the excitability of populations of neurons that we

refer to as regions of interest. These oscillations can be slow or fast they can last over a long period

of time or be transient. Thus, time series permit to capture the interactions of the brain regions into

a one-dimensional signal.

Time series analysis techniques applied in brain research include spectral analysis (e.g., Fourier anal-

ysis, wavelet analysis), time-frequency analysis (e.g., spectrograms, wavelet transforms), connectivity

analysis (e.g., coherence, phase synchronization), and advanced machine learning algorithms to ex-

tract temporal patterns or predict brain states [98], [99].

By leveraging time series analysis in brain research, scientists gain insights into brain function, connec-

tivity, cognitive processes, and neurological disorders. It aids in understanding the brain’s temporal

dynamics, identifying biomarkers, and developing diagnostic tools and therapeutic interventions for

neurological and psychiatric conditions.

2.3.5 Connectivity matrices

The primary objective of connectomes, as discussed in [100], is to create comprehensive maps of

connections between neural elements that are distributed anatomically. These elements can include

individual neurons, specific groups of neurons, or large-scale brain regions. The connectivity between

any two nodes in a network is typically represented using a two-dimensional matrix.

In a network with N nodes, the potential number of connections can be on the order of N2. Conse-

quently, a connectivity matrix is constructed, where the rows and columns correspond to the different

nodes in the network. The matrix element positioned at the intersection of each row and column

encodes information about the connection between the nodes represented in that row and column.
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Given that the brain consists of billions of synapses that are interconnected, the resulting connectivity

matrices are enormous, leading to a highly complex system that is challenging to interpret. However,

the use of atlases helps alleviate this complexity by approaching the brain at a regional level rather

than focusing on individual synapses.

Furthermore, employing atlases allows for more comprehensible connectivity matrices as they provide

a condensed description of the pairwise connections between regions that serve a common function or

are involved in a shared activity.

To construct a connectivity matrix, denoted as CM, for a brain network consisting of N nodes, a

square matrix is created. This matrix has N rows and N columns, with each row and corresponding

column representing a unique node in the network. The connectivity values estimated for each pair

of nodes are then populated in the elements of this matrix, resulting in an NxN connectivity matrix.

The subscripts of CM are used to index each element, where the first subscript, i, represents the row

index, and the second subscript, j, represents the column index. This matrix representation is highly

versatile and can be utilized to encode various structural properties of a network.

2.3.5.1 Covariance matrices

In mathematics and statistics, covariance serves as a measure of the relationship between two random

variables. It quantifies the degree of variation shared by the two variables [101]. Essentially, covari-

ance provides insight into how two variables change together.

Covariance is expressed in units, which are determined by multiplying the units of the two variables

being analyzed. The resulting covariance value can be positive or negative. A positive covariance

suggests that the two variables tend to move in the same direction, meaning they exhibit similar

patterns of variation. Conversely, a negative covariance indicates that the two variables tend to move

in opposite directions, demonstrating an inverse relationship.

To compute the covariance between two variables, X and Y, the calculation involves measuring the

differences between the X-component and the mean of X, as well as the differences between the

Y-component and the mean of Y. These differences are multiplied together, and the products are

summed. Finally, the sum is divided by the number of samples to obtain the covariance value.

Mathematically this can be formulated as:

Cov(X,Y ) =

∑
(Xi − X̄)(Yi − Ȳ )

n
(2.1)

Where:

Xi – the values of the X-variable

Yi – the values of the Y-variable

X̄ – the mean (average) of the X-variable

Ȳ – the mean (average) of the Y-variable

n – the number of data points
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2.3.5.2 Correlation matrices

While covariance measures the direction of a relationship between two variables, correlation [102] goes

a step further and quantifies the strength of that relationship. Positive values for both covariance

and correlation indicate that the variables move in the same direction, while negative values indicate

movement in opposite directions.

When it comes to correlation, a coefficient close to +1 indicates a strong positive correlation, meaning

the variables have a strong linear relationship in the same direction. A coefficient close to -1 repre-

sents a strong negative correlation, indicating a strong linear relationship in the opposite direction.

A coefficient close to zero suggests a weak or no linear relationship between the variables.

Covariance, on the other hand, measures the overall variability of two random variables from their

expected values. While it provides information about the direction of the relationship, it doesn’t pro-

vide insight into the strength of the relationship or the degree of dependency between the variables.

Correlation, being a scaled measure of covariance, not only captures the direction of the relationship

but also quantifies its strength. One crucial distinction between covariance and correlation is that

correlation coefficients are dimensionless. Unlike covariance, correlation coefficients have no associ-

ated units and are purely numerical values, making them more interpretable and comparable across

different studies or datasets.

The correlation between two random variables (X, Y) is obtained by computing the variables mean

and standard deviation, then summing all the squares of the difference between every sample and the

mean of the variable. Divide by the number of samples and do the square root of this fraction. By

using the covariance, the correlation can be computed using the formula:

ρ(X,Y ) =
Cov(X,Y )

σXσY
(2.2)

Where:

ρ(X,Y ) – the correlation between the variables X and Y

Cov(X,Y ) – the covariance between the variables X and Y

σX – the standard deviation of the X-variable

σY – the standard deviation of the Y-variable

2.3.5.3 Tangent space matrices

When working with brain images, the most used connectivity matrices are the correlation matrices.

However, new matrices have emerged that are computed in the tangent space [103].

Tangent space connectivity matrices are mathematical constructs used in the field of differential

geometry to describe the local geometric properties of a manifold. In particular, they provide a way

to measure how tangent vectors on a manifold are related to each other.

A manifold is a geometric space that locally resembles Euclidean space. In simple terms, a manifold is

a geometric object that appears flat or Euclidean when viewed up close but may have more complicated

global properties.

At each point on the manifold, there is a tangent space, which is a vector space that approximates

the manifold’s geometry at that point. Tangent vectors in the tangent space represent directions and
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velocities that can be taken from the given point.

The tangent space connectivity matrix describes the relationship between these tangent vectors at

different points on the manifold. The size of the matrix depends on the dimension of the manifold

and the number of tangent vectors being considered.

Each entry of the matrix corresponds to the inner product between two tangent vectors at different

points. The inner product measures the extent to which the vectors are aligned with each other. A

high inner product value indicates that the vectors are similar in direction, while a low value indicates

that they are orthogonal or pointing in different directions.

By examining the tangent space connectivity matrix, one can gain insight into the connectivity and

curvature properties of the manifold. The matrix can reveal information about how the manifold is

locally connected, whether it has areas of high curvature or flat regions, and how tangent vectors

change as one moves along the manifold.

In the medical field and precisely in autism detection, the tangent space connectivity matrices have

been tested in [104] and gave good results. Because these matrices permit to go one step further at

a group level, they couple the information from all interactions in a unique group connectome using

a geometrical framework. Hence, allowing to measure interactions in the common space called the

tangent space [105].

2.3.6 Brain connectivity graphs

Connectivity matrices are a two-dimensional representation of the activity of the brain. To visualize

this information into a three-dimensional space, the graphs are the best tools to be used.

A brain connectivity graph, also known as a connectome or brain network, is a graphical represen-

tation of the connections between different regions or nodes in the brain. It describes the structural

or functional interactions among various brain areas and provides insights into the organization and

communication patterns within the brain.

A brain connectivity graph g = (V,E) typically consists of a finite set V of vertices or nodes that rep-

resent specific brain regions or anatomical locations, and a finite set of edges E ⊆ V V , that represent

the connections or interactions between these regions. The nodes can be defined based on anatomical

landmarks, functional parcellation, or a combination of both. The edges can represent structural con-

nections (e.g., white matter tracts) or functional connections (e.g., statistical dependencies between

brain activity).

Brain connectivity graphs provide a valuable framework for studying the complex interactions and

organization of the brain, advancing our understanding of brain function and dysfunction. There are

two primary types of brain connectivity graphs:

• Structural Connectivity Graph: This type of graph represents the anatomical connections be-

tween brain regions. It is derived from techniques such as diffusion MRI (dMRI) and trac-

tography, which allow the estimation of white matter fiber tracts connecting different regions.

In a structural connectivity graph, each node represents a specific brain region, and the edges

represent the physical connections or fiber tracts between them.
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• Functional Connectivity Graph: This graph represents the statistical dependencies or correla-

tions between the activities of different brain regions. It is derived from functional neuroimaging

data, such as fMRI, EEG, or MEG. Functional connectivity is based on the temporal synchrony

or coherence of neural activity between different brain regions. In a functional connectivity

graph, each node represents a brain region, and the edges indicate the strength or similarity of

functional activity between them.

Overall, brain connectivity graphs provide valuable insights into the complex network architecture

of the brain and its underlying dynamics. They allow researchers to investigate how different brain

regions interact and cooperate to support various cognitive functions, behaviors, and neurological

processes. Connectivity graphs can reveal important information about information flow, integration,

segregation, network hubs, and communication pathways within the brain. By applying graph theory

and network analysis techniques, properties of brain networks can be quantified. These latter can be

used to identify network-level features, connectivity patterns, and alterations associated with specific

brain disorders, cognitive processes, or states.

Brain connectivity graphs have diverse applications in neuroscience, cognitive science, clinical research,

and computational modeling. They contribute to our understanding of brain function, provide insights

into neurological and psychiatric conditions, aid in the development of biomarkers, and facilitate the

advancement of personalized medicine and brain-based interventions.

2.4 Autism theories adapted tools

As aforementioned, the growth process of the autistic brain can lead to abnormalities that primarily

affect neural patterning and wiring. These abnormalities often result in an excess of local and short-

distance cortical interactions, which can hinder the proper functioning of long-distance interactions

between different regions of the brain [106].

One theory that provides an explanation for these abnormalities is the weak central coherence [107].

This latter stipulates that cognitive differences observed in individuals with autism can be attributed

to a reduced ability to integrate contextual information, coupled with a tendency towards local rather

than global processing. Essentially, individuals with autism tend to exhibit a processing style that is

focused on details, emphasizing specific features of objects while potentially overlooking the broader

configurations and contextual meanings.

Functional neuroimaging studies consistently demonstrate that performing even simple cognitive tasks

involves activation in multiple brain regions, with successful performance relying on interactions among

these regions. However, in concordance with the aforementioned theories the abnormally reduced level

of neuronal interactions between cortical areas, leads to alterations in region-specific activation. This

disruption in long-range neural connectivity is thought to contribute to the core features of ASD.

Furthermore, research findings indicate that individuals with ASD exhibit poor coordination of brain

activity within cortical networks, particularly in frontal and parietal cortices, compared to typically

developing individuals [108]. More recent studies utilizing group-wise analysis have identified signif-

icant deficiencies in long-range connectivity in terms of both intra- and inter-connectivity weights
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[109]. These findings further support the concept of long-range neural disconnectivity as a character-

istic feature of ASD. On the other hand, there is also short-range intra-regional connectivity, and on

this issue, there is less empirical evidence and theoretical agreement [110].

To identify autism successfully, integrating these theories in the investigation process can be a decisive

factor. Therefore, verifying these theories by shaping them into a testable form, through tools that

permit to extract information that can be said to be autism tailored, can turn autism identification

into a new path that might lead to breakthrough in this disorder future diagnosis.

2.4.1 The spanning trees

In the mathematical field of graph theory, a spanning tree is a concept that refers to a subgraph of a

connected graph that includes all the vertices of the original graph while maintaining the connectivity

and having no cycles.

A graph consists of a set of vertices or nodes and a set of edges that connect pairs of vertices. A

spanning tree is a subset of the edges that retains the connectivity of the graph but eliminates any

cycles. As a result, a spanning tree is always acyclic and connected [111].

In other words, a spanning tree includes all the vertices of the original graph and ensures that every

vertex is reachable from any other vertex in the tree. This property ensures that the spanning tree

captures the entire connectivity of the graph.

Furthermore, with no cycles, there are no closed paths or loops within the tree. Hence, removing any

edge from the spanning tree would result in a disconnected graph.

In the research field, the spanning tree is considered as an unbiased graph theory tool that simplifies

high-order network structure while preserving its core framework [112], [113].

A graph can have many spanning trees, however, when a condition is met, specific trees can be

extracted as the widely known minimum spanning tree (MST). Hence, using this graph tools, we can

model some of the brain connectivity deficits based on the chosen condition.

2.4.1.1 Minimum spanning tree

As mentionned above, a spanning tree T of an undirected weighted graph G is a subgraph that in-

cludes all vertices of G, and connects them together without any cycles. A graph may have several

spanning trees where the most known is the minimum spanning tree.

The minimum spanning tree connects all the vertices of a connected, weighted graph while minimizing

the sum of the weights of its edges. It seeks to find a spanning tree with the lowest possible sum of

edge weights.

These trees can help identify the most cost-efficient or shortest paths between nodes in a graph, en-

suring connectivity while minimizing overall costs or distances.

However, for the sake of autism detection, by extracting the brain connections that have the weakest

connections, the minimum spanning tree can permit to investigate the underconnectivity deficit of the

autistic brain, since weak connections can be related to this aforementioned autistic brain problem.

To find a minimum spanning tree, various algorithms can be employed. These algorithms systemati-

cally select edges to include in the minimum spanning tree based on their weights, gradually growing

the tree until all vertices are connected. In this work, the minimum spanning trees are extracted using

the Kruskal algorithm [114] which is a Greedy Algorithm. The Greedy Choice is to pick the smallest
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weight edge in order to create the minimum spanning tree. To achieve that, the algorithm sorts the

edges based on their weight. Then, it began building the tree by adding increasing cost arcs at each

step while respecting the acyclic proprety of the tree and keeping the total weight of all the edges to

the minimum. This process is represented on the right side of figure 2.1.

Figure 2.1: Construction of the minimum and maximum spanning trees.

2.4.1.2 Maximum spanning tree

A maximum spanning tree (MaxST) is a concept in graph theory that refers to a tree that spans or

connects all the vertices of a connected, weighted graph while maximizing the sum of the weights of

its edges.

In other words, in a weighted graph, where each edge is assigned a weight or cost value, the maximum

spanning tree seeks to find a spanning tree with the highest possible sum of edge weights.

This process is achieved in the same way as for the minimum spanning tree and is represented on

the left side of figure 2.1. To find a maximum spanning tree, various algorithms can be employed,

such as Kruskal’s algorithm or Prim’s algorithm, which are commonly used for the minimum spanning

tree calculations. However, the approach for finding a maximum spanning tree is slightly different.

Instead of selecting the edges with the smallest weight as in the minimum spanning tree, the maximum

spanning tree algorithm chooses the edges with the largest weight, prioritizing higher-weighted edges

for inclusion in the tree.

The resulting maximum spanning tree has the following properties:

It is a tree: which is a connected acyclic subgraph that spans all the vertices of the original graph.

It maximizes the sum of edge weights: among all possible spanning trees, the maximum spanning tree

has the highest total weight.

Maximum spanning trees find applications in various fields, such as network design, transportation

planning, and communication networks. They can help identify critical edges or connections in a
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network based on their weights, determining the most influential or significant components of the

graph. In the case of autism detection, the MaxST permits to extract the brain connections that have

the highest correlation values. Hence, it can be used to detect overconnectivity.

2.4.2 Clustering

In addition to examining the over and under-connectivity, investigating the connectivity patterns in

the autistic brain involves considering both the local and long-range connectivity deficits.

To assess the validity of these theories, it is necessary to cluster the regions of interest (ROIs) within

the brain into groups and analyze the connectivity within and between these groups, thus evaluating

the intra and inter-connectivity.

The hierarchical clustering (HC) algorithm [115] is a widely used approach for this purpose. It

constructs a cluster hierarchy, often visualized as a dendrogram, which is a tree-like diagram. Initially,

each object or ROI is assigned to its own separate cluster. Then, in a step-by-step process, the

dissimilarity distances between every pair of clusters are computed, and the two most similar clusters

are merged into a new cluster. This process continues iteratively until a final cluster is formed that

contains all the elements.

To calculate the dissimilarity distances, an appropriate metric is used, which measures the distance

between pairs of objects or ROIs. In the context of brain connectivity, the Euclidean distance is often

advantageous when working with ROIs defined in a 3-dimensional space. Using this distance metric

ensures that the resulting clusters are spatially homogeneous, meaning that the ROIs within each

cluster exhibit similar spatial characteristics.

Employing hierarchical clustering with the Euclidean distance as the dissimilarity measure, allows for

the investigation of both local and long-range connectivity deficits in autism and provides insights

into the organization of neural networks in the autistic brain. The Euclidean distance between two

points a = (a1, a2, . . . , an) and b = (b1, b2, ..., bn) of an Euclidean n-space is given by:

d(a, b) =

√√√√ n∑
i=1

(ai − bi)2 (2.3)

When performing hierarchical clustering to compute the dissimilarity of sets, the Ward’s method is

often utilized. As mentioned in [116], this method is known to provide higher accuracy compared to

other clustering methods and aims to minimize the variance within each cluster.

The Ward’s method selects clusters to merge at each step based on optimizing an objective function.

The objective is to minimize the total within-cluster variance or the sum of squares of the differences

between each element and the centroid of its cluster. By minimizing the variance, the Ward’s method

aims to create clusters that are as compact and homogeneous as possible, ensuring that the elements
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within each cluster are similar to one another. Mathematically, its formula is represented as:

d(Ci ∪ Cj , Ck) =
ni+nk

ni+nj+nk
d(Ci, Ck)

+
nj+nk

ni+nj+nk
d(Cj , Ck)

− nk
ni+nj+nk

d(Ci, Cj)

(2.4)

Where, Ci, Cj and Ck are disjoint clusters with sizes ni, nj and nk respectively. A summary of the

hierarchical clustering process is represented in figure 2.2.

Figure 2.2: Summary of the hierarchical clustering process.

2.5 Classification

Classification plays a crucial role in categorizing subjects based on their features, and it can be used

to evaluate the validity of theories or the effectiveness of specific methods. In our case, we employ

classification for both purposes: to examine the theories regarding autistic connectivity deficits and

to assess the performance of the aforementioned methods in enhancing autism detection.

In this work, there are two official groups: group 0 representing neurotypical subjects and group 1

representing individuals with ASD. The classifier used in the first part of this work is SVC, which

is an implementation of Support Vector Machine (SVM) available in the scikit-learn library [117].

The objective is to approximate the decision boundary that distinguishes ASD patients from control

subjects. This is done in three different spaces:

• The space of feature vectors obtained from the connectivity matrices.

• The space of features generated by applying autism-tailored methods on the connectivity ma-

trices.

• The space of feature vectors extracted using deep learning techniques.

The classification process follows a 10-fold cross-validation procedure, where the data is divided into

10 subsets, and the classification model is trained and evaluated multiple times, with each subset

serving as the validation set once.
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To assess the performance of the classification, three metrics are used, namely, the accuracy, the sen-

sitivity and the specificity [118].

The accuracy measures the overall correctness of the classification, indicating the proportion of cor-

rectly classified samples. It is defined by:

Accuracy = TP+TN
TP+TN+FP+FN (2.5)

The sensitivity, also known as the true positive rate, quantifies the ability of the classifier to correctly

identify individuals with ASD and is defined by:

Sensitivity = TP
TP+FN (2.6)

The specificity metric, also called the true negative rate, evaluates the ability of the classifier to

correctly identify neurotypical individuals using the equation:

Specificity = TN
TN+FP (2.7)

Where:

True positive (TP) = the number of cases correctly identified as ASD.

False positive (FP) = the number of cases incorrectly identified as ASD.

True negative (TN) = the number of cases correctly identified as TDC.

False negative (FN) = the number of cases incorrectly identified as TDC.

Employing these metrics, help evaluate the effectiveness of the classification approach in distinguishing

between individuals with ASD and neurotypical individuals, providing insights into the performance

and applicability of the methods used for autism detection.

In the last part, we use deep learning for classification also with a 10-fold cross validation and assess

it with the accuracy value.

2.6 Conclusion

In this chapter, we embarked on a comprehensive exploration of the materials and methods employed

in our investigation of the Autism Spectrum Disorder through brain connectivity.

We contextualized our investigation by providing a historical background of ASD, analyzing its defin-

ing characteristics, and examining its prevalence across populations, its diagnostic methods and treat-

ment strategies.

With the goal of finding a new mean of efficient diagnosis, we explored different brain imaging tech-

niques. Then taking into consideration the availability of data, its fit to be harmlessly used with

young children and the comparative advantage it gives in the state of art, we decided to use fMRIs

extracted from ABIDE I preprocessed.

Later on, we presented the components extracted from these images, namely the connectivity matrices

and graphs. Considering, the analysis of these latter can present a unique lens to explore network-

level changes in the brain. Corroborating that visualizing brain connectivity matrices as graphs can
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illuminate the potential disruptions in brain network properties related to ASD, furthering our un-

derstanding of the altered brain connectivity in the disorder.

Moreover, to boost the efficiency of this autism investigation, we took a new path of adapting theories

and tools related to ASD, such as spanning trees and clustering methods and explained these methods

in the Autism theories adapted tools section.

In conclusion, this chapter serves as a critical cornerstone of our research journey, paving the way

for a deeper understanding of the intricate link between ASD and brain connectivity. Through the

integration of diverse data sources and advanced methodologies, we set out in the remaining chapters

to shed light on the unique neural signatures characterizing individuals with ASD.
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Elimination approach for autism

identification

In the state of art, autism is the subject of multiple theories. Hence, to make our work autism tailored,

using some of these theories can be pivotal. The objective behind investigating existing theories about

autism have not only an aim to verify the veracity of these theories but also, to leverage them in order

to improve the accuracy of diagnosis.

Our concern here is twofold:

On the one hand, to conduct the investigation on brain images of subjects with different backgrounds,

age and other characteristics to abide by the heterogeneity resulting of real case scenarios.

On the other hand, to find and apply methods that allow to extract information related to the studied

theories to efficiently model an autism adaptive system and improve the results of the study.

The most known theories about autism are the under-connectivity reflected by a lack of connection

between some of the regions of the brain, and the over-connectivity theory reported in [109, 119, 120]

where an excess of signal exchange results in over-communication. The over-connectivity is usually

reported between regions that are physically close, and the under-connectivity between long-range

regions.

In this chapter, we investigate both theories based on a novel mathematical elimination approach that

corroborates the autism tailored methods.

Technically two important methods can be said to be adapted to these theories, namely, Hierarchical

clustering [115] and the Spanning trees [111]. HC permits to extract what we would call local-ranged

connections, i.e. connections of physically close brain regions, and long range connections, while

the spanning trees permit to extract brain connections with specific criteria, with: the maximum

spanning tree extracting connections with specificity of over-connectivity and the minimum spanning

tree connections with specificity of under-connectivity.

3.1 The elimination approach

The concept of eliminating connections in neural networks is often related to network pruning, which

aims to reduce the number of parameters and computational complexity while maintaining or improv-

ing the network performance. However, it is important to note that simply eliminating connections

34
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based on mathematical theory without careful consideration can have reverse consequences [121].

Network pruning techniques typically involve evaluating the importance or relevance of connections

using different criteria. They can help identify and remove connections that contribute less to the

overall network performance [122].

Removing connections arbitrarily or without proper analysis can lead to loss of important informa-

tion and degrade the model’s performance. Pruning should be performed with careful consideration,

validation, and possibly retraining to ensure that the pruned network still achieves the desired level

of performance.

Hence, to avoid the huge loss of information that can result from eliminating all connections by only

keeping the spanning trees, we decided to use a reverse approach based on the Mathematical law of

double negation [123] where one can negate certain information in order to prove its veracity.

The mathematical law of double negation states that a double negation of a proposition is equivalent

to the original proposition [124]. In other words, if you negate a proposition twice, you get back the

original proposition.

Symbolically, if P represents a proposition, the law of double negation can be expressed as:

¬(¬P ) = P (3.1)

This law holds true in classical logic, where a proposition can be either true (T) or false (F). When

you negate a proposition, you switch its truth value. Negating it again brings it back to its original

truth value.

The law of double negation is often used in logic and mathematics as a tool to simplify expressions

or proofs.

3.1.1 Connections elimination

As aforementioned, the theories of under-connectivity and over-connectivity in autism represent the

pillar of our approach. Assuming a strong relation between over-connectivity and high connectivity

values, as well as between under-connectivity and weak connectivity values, we utilize spanning trees

to explore these connectivity patterns.

A spanning tree is a subgraph of a graph that includes all the vertices of the original graph, connect-

ing them together without forming any cycles. To extract the spanning tree, we employ the Kruskal

algorithm, which is a greedy algorithm that orders the connections between vertices based on their

weights. It constructs the spanning tree by selecting edges from the ordered list of connections ac-

cording to the desired criteria.

Since spanning trees can only be extracted from graphs and not connectivity matrices, we construct

our connectivity graphs using the regions of interest (ROIs) from the chosen atlases as vertices. The

connectivity values stored in the computed connectivity matrices are then used as the weights of the

edges connecting these vertices. This results in the creation of undirected graphs that model the

interactions between brain regions.

However, instead of using the spanning trees as descriptors or representation of the network, the

uniqueness of our approach stems from the fact that we remove the spanning trees from the complex

networks. The reason behind this removal is to prevent the substantial loss of information that would
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occur if we were to focus solely on the spanning tree structure.

By removing the spanning trees, we aim to explore the remaining connectivity patterns in the brain,

beyond the highly organized structure represented by the spanning trees. This allows us to delve

deeper into the complexity of the network and investigate additional aspects of connectivity beyond

the primary tree-like structure. Two main advantages are deduced from the elimination strategy:

The first resides in the alleviation of the network, which is of a great help when dealing with complex

structures such as the brain connections.

The second is that the elimination helps bringing out the impact of the suppressed phenomenon (the

over and under connections). The effect of the elimination will help to prove the existence of the

studied theories.

The elimination process proceeds as follows:

Firstly, the spanning trees are extracted from the constructed graphs for each test. Next, the extracted

STs are subtracted from the initial graphs, resulting in graphs that retain all connections between

regions of interest except for the connections with the specification based on the ST criteria.

Subsequently, the matrices of these modified graphs are utilized for classification using a Support

Vector Machine (SVM) with a 10-fold cross-validation. The classification quality is assessed using

three metrics, namely accuracy, sensitivity, and specificity [125].

The cross-validation is a technique used to assess the performance and generalization ability of a

machine learning model. It involves dividing the available dataset into multiple subsets or ”folds” to

train and evaluate the model iteratively. It involves multiple steps:

• Data Split: The dataset is divided into k equal-sized folds. Typically, 10, but it can vary

depending on the specific application.

• Iterative Training and Evaluation: The model is trained and evaluated k times. In each iteration,

one fold is used as the test set, while the remaining k-1 folds are combined to form the training

set. The model is trained on the training set and then evaluated on the test set.

• Performance Metrics: Performance metrics are computed for each iteration based on the model’s

predictions on the test set.

• Average Performance: The performance metrics obtained from each iteration are averaged to

provide an overall performance estimate of the model.

The advantage of using cross-validation stems from the fact that it helps in assessing how well a

model generalizes to unseen data by simulating the process of training and testing on different data

subsets. It reduces the impact of data partitioning and provides a more reliable estimate of the

model’s performance. Overall, cross-validation is a valuable technique for assessing the performance

and robustness of machine learning models by providing more reliable estimates of their performance

on unseen data.
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3.2 Investigation of the overconnectivity deficit in autism

3.2.1 Data

As mentioned before, our objective is to study the brain connectivity. Hence, we compute connectivity

matrices from the rs-fMRI datasets of the C-PAC pipeline. Then, construct the brain connectivity

networks on which we apply our method. Since the launch of the ABIDE preprocessed, C-PAC has

been the most used in the state of art. Hence, we use the time series provided for this pipeline using

the AAL atlas ROIs. Then, we compute the connectivity matrices 2.3.5 that are afterward, used for

classification.

First, the correlation matrices that have been the most used for brain connectivity investigation [126],

[127]. They are computed by comparing the regions activities and giving a value within -1 and 1.

With 1 highly correlated.

Later, the correlation matrices are compared with the tangent connectivity matrices. The tangent

space matrix approach is based on the concept of Riemannian geometry [128] and is used to analyze

connectivity patterns in a space called the tangent space. It involves transforming the correlation

matrix into a tangent space matrix, which is a more suitable representation for capturing the geometry

of the connectivity patterns. This matrix has been used previously in the context of brain analysis

[129], [130] and was tested in [104] where it was proven to provide the best results for autism detection

when compared to other connectivity computation methods. The figure 3.1 draws the steps needed

to extract the connectivity matrices from the fMRI data.

fMRI Image

 Atlas

extract compute
time series

connectivity matrices

correlation 

matrix

tangent space 

matrix

Figure 3.1: Connectivity matrices extraction from fMRI data.

3.2.2 Elimination of the strong connections

Overconnectivity of the autistic brain refers to the concept that individuals with autism spectrum

disorder may exhibit enhanced neural connections or activity in certain regions of the brain compared

to neurotypical individuals. This idea stems from various neuroimaging studies that have suggested

atypical connectivity patterns in the brains of individuals with ASD.

Typically, the brain exhibits a balance between excitation (increased activity) and inhibition (de-

creased activity) to regulate information processing. However, in the autistic brain, there is evidence

to suggest that this balance is disrupted, leading to overconnectivity in specific neural circuits.
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In terms of connectivity values, overconnectivity can be understood in terms of the relative strength

or magnitude of connectivity observed in specific brain regions or networks. Overconnectivity implies

that the connectivity values in certain regions or networks may be higher in individuals with ASD

compared to neurotypical individuals. These higher connectivity values may indicate stronger or more

synchronized neural communication within these circuits.

Hence, in order to explore the potential overconnectivity deficit in the brain, it is necessary to scru-

tinize connections characterized by notably strong connectivity values. These robust connections can

be isolated using the maximum spanning tree. Consequently, we employ the elimination approach,

utilizing the MaxSt method, on the connectivity matrices derived from brain images of both autistic

and non-autistic patients. These modified matrices are subsequently employed for the classification

process. The steps that begins with a connectivity matrix and finish with the elimination resultant

matrix, using the MaxST elimination, are showcased in figure 3.2. It is to note that we are the first

connectivity 

matrix

transform

eliminate 

the MaxST

maximum 

spanning tree 

connectivity

graph 

extract

new 

connectivity

graph 

retransform

new 

connectivity 

matrix

Figure 3.2: elimination of the maximum spanning tree from the connectivity matrices

to employ the maximum spanning tree in the context of Autism identification.

3.2.3 Elimination of the local-ranged strong connections

In Autism, there is evidence to suggest that overconnectivity may occur within certain neighboring

brain regions or circuits. These areas often involve regions responsible for sensory processing and

integration, as well as regions associated with attention, memory, and social cognition. To verify this

theory, there is a need to create clusters of brain regions and examine the connectivity inside the clus-

ters. To achieve this, we use the Hierarchical clustering to group the neighbouring ROIs into clusters

on which we will focus our investigation. As mentioned in chapter 2.4, clusters are constructed using

the Euclidean distance since it provides enforced spatial contiguity and also because we are dealing

with ROIs that are defined in a 3-dimensional space. For this step, we use Scipy (a Python-based

ecosystem of open-source software for mathematics) [131]. It first allocates each ROI to a separate

cluster, then merges them using the equations described in chapter 2.4 till the creation of the final

cluster that contains all the ROIs.

(Figure.3.3 represents the dendrogram created in this step.)
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Then, a dissimilarity value is fixed to decide the clusters used for creating the local-ranged connec-

Figure 3.3: Dendrogram of the AAL Atlas ROIs.

tivity matrices that we use for classification.

The creation of the local-ranged connectivity matrices is achieved by nullifying all connections of a

cluster ROIs with the other cluster ROIs, keeping only the intra-connectivity within each cluster.

Figure 3.4 summarizes the steps to the creation of the local ranged connectivity matrices.

Figure 3.4: Summary of the creation of the local ranged connectivity matrices.

Constructing the local-ranged connectivity matrices constitute the first step to verifying the local-

ranged overconnectity.

The second step consists in extracting the MaxSts of the connectivity matrices, which are a compo-

sition of all the MaxSTs of the clusters created with HC.

Then, using the elimination approach we eliminate these STs from the local-ranged connectivity ma-

trices.

Finally, we feed the resultant matrices into the SVC classifier described in chapter 2.4.2.

Since the local-ranged overconnectivity theory suggests a deficit between neighbouring regions, exam-

ining the local-ranged matrices classification results might be insightful.

A brief description of the abbreviations used in the figures and tables of this experiment are given as

follows:

• IM (Initial Matrices)
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• HC-LM (Hierarchical Clustering- Local connectivity Matrices): This method extracts the ROIs

clusters local connections. Then it constructs Local connectivity matrices for the classification.

• HCLM-MaxST (Hierarchical Clustering- Local connectivity Matrices Minus MaxST): In this

method the MaxST is removed from the HC-LM matrices before classification. This MaxSt is a

combination of the different MaxSts of every cluster intra-connectivity.

3.2.4 Results and Discussion

3.2.4.1 Experimental Results

As aforementioned, the most used preprocessing pipeline in the state of art is C-PAC. This pipeline

comes with four strategies. That are:

• TrueTrue: is a strategy that includes band-pass filtering and global signal regression.

• TrueFalse: includes only the band-pass filtering.

• FalseFalse: is a strategy where neither the band-pass filtering nor the global signal regression is

included.

• FalseTrue: adds the global signal regression and no band-pass filtering.

To bring out the difference these strategies can have on the analysis, we first conduct tests using the

different strategies using SVC with a 10-fold cross validation and different p-values.

The choice of the p-value is important since it is a statistical measure used in hypothesis testing to

determine the strength of evidence against the null hypothesis. It helps in making a decision about

the null hypothesis. If the p-value is small (typically less than a predetermined significance level, often

denoted as α), it suggests that the observed data is unlikely to have occurred by chance under the

null hypothesis. In such cases, the null hypothesis is rejected in favor of the alternative hypothesis.

Hence, a small p-value reduces the possibility of over-fitting of the data. Thus, for classification, we

use a p-value of 0.1 and 0.01 separately. Then, the classification performance is measured by the

accuracy, the sensitivity and the specificity.

Tables 3.1, 3.2, 3.3 and 3.4 show performances of the classification conducted on connectivity

matrices of the AAL ROIs.

From the values contained in the four tables, the first point that jump to attention is that the

Table 3.1: Classification results of the AAL atlas correlation matrices with a p-value=0.1

Accuracy Sensitivity Specificity

TrueTrue 63 58 68

TrueFalse 63 59 67

FalseFalse 65 59 70

FalseTrue 64 60 67

tangent matrices improve the classification results when compared to the correlation. We also remark
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Table 3.2: Classification results of the AAL atlas correlation matrices with a p-value=0.01

Accuracy Sensitivity Specificity

TrueTrue 65 60 70

TrueFalse 64 59 68

FalseFalse 65 57 71

FalseTrue 66 60 71

Table 3.3: Classification results of the AAL atlas Tangent matrices with a p-value=0.1

Accuracy Sensitivity Specificity

TrueTrue 65 59 71

TrueFalse 67 61 72

FalseFalse 66 60 70

FalseTrue 66 59 71

Table 3.4: Classification results of the AAL atlas Tangent matrices with a p-value=0.01

Accuracy Sensitivity Specificity

TrueTrue 68 61 74

TrueFalse 69 62 75

FalseFalse 67 59 74

FalseTrue 66 57 73

that the four strategies have no significant difference in result values. Moreover, no pattern can be

extracted from the different tables since no strategy keeps the lead in the tests. Concerning the p-

value, it is visible that 0.01 is better. Hence, we continue the tests with the FalseFalse strategy alone

where no additional preprocessing is added.

Once the strategy and p-value decided, we proceed to evaluate the proposed methods using different

sub datasets extracted from this initial ABIDE dataset considering different criteria.

ABIDE is a heterogeneous database with different criteria. Thus, we decided to broaden the inves-

tigation by not only testing the elimination approach on the initial dataset but also on subdatasets

extracted from the initial data as shown in table 3.5. The choice of these subdatasets considered some

of the autism characteristics and brain function as the reported male dominance and handedness as

well as age. As mentioned in chapter 2.1 autism has a four times increased prevalence in males over

girls. Moreover, autism affects children and its manifestation is reported to be more severe in the first

years of childhood. Another interesting criteria that can be considered when dealing with brain func-

tion is the handedness. Handedness is often related to hemispheric dominance, with the majority of

right-handed individuals having left-hemisphere dominance and vice versa for left-handed individuals

[132]. Furthermore, handedness is strongly connected to motor control, as it influences the preference

for using either the right or left hand for various tasks. Motor control involves complex interactions

between the brain’s motor cortex, basal ganglia, and other regions. The connections and coordination
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between these areas may differ depending on handedness [133].

Table 3.5: Sub-datasets of ABIDE used in evaluation

Sub-datasets cardinal Selection criteria

D1 871 All subjects

D2 596 Right handed males

D3 56 subjects with age inferior to 9

D4 12 Right handed males with age inferior to 9

For the tests, we used the aforementioned correlation and tangent connectivity matrices with the ROIs

derived from the parcellation of the AAL atlas. Table 3.6 contains the results of the classification of

the AAL correlation graphs and Table 3.7 the results of the classification of the AAL tangent space

connectivity graphs.

Table 3.6: Results of the classification of the AAL correlation graphs of the subjects before and after the
elimination of the Maximum spanning tree.

Accuracy Sensitivity Specificity

Initial matrices
D1 classification 66.51 61.25 70.98

Classification after
elimination of MaxST 66.47 60.35 71.64

Initial matrices
D2 classification 62.55 54.44 69.16

Classification after
elimination of MaxST 64.12 56.27 70.63

Initial matrices
D3 classification 69.58 65.14 73.46

Classification after
elimination of MaxST 70.21 66.03 73.87

Initial matrices
D4 classification 65.35 58.16 70.73

Classification after
elimination of MaxST 64.58 59.27 68.74

The first visible point in table 3.6 and table 3.7 is the difference in values between the correlation and

tangent matrices classification. There is a visible lead of the tangent matrices over the correlation in

almost all datasets, especially the initial dataset containing all subjects.

Looking at the correlation matrices classification results, we remark that the specificity that represent

the system ability to classify control subjects is always better than the sensitivity, which is the abil-

ity to correctly identify autistic subjects. The sensitivity achieved for all subjects classification is of

61.25%. After elimination of the MaxSt the value diminishes to 60.35%. This decrease in sensitivity

can be interpreted to be a result of eliminating connections that might contain some autism biomark-

ers.

Nevertheless, when examining the results of the subdatasets, the sensitivity does not decrease; in fact,
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Table 3.7: Results of the classification of the AAL tangent connectivity graphs of the subjects before and
after the elimination of the Maximum spanning tree.

Accuracy Sensitivity Specificity

Initial matrices
D1 classification 68.13 61.90 73.42

Classification after
elimination of MaxST 66.95 60.13 72.79

Initial matrices
D2 classification 63.88 53.43 72.14

Classification after
elimination of MaxST 63.66 51.52 73.11

Initial matrices
D3 classification 67.30 61.57 72.62

Classification after
elimination of MaxST 66.98 61.28 72.43

Initial matrices
D4 classification 67.04 55.59 76.52

Classification after
elimination of MaxST 65.08 54.65 73.55

it exhibits an increase. This disparity in outcomes opens the door to multiple potential conclusions.

The first, is that the use of the spanning trees might not be compatible with the correlation matrices.

Or in the substructed datasets the strongest connections might not be related to the overconnectivity

deficit in autism. But it can also be due to the fact that the overconnectivity is not general in the

autistic brain but specific to some regions.

The results of the tangent connectivity matrices classification show a slight difference in the sensitivity

value of all subjects when compared to the correlation. Correlation matrices 3.6 lead to a sensitivity

of 61.25%. This value increased to 61.90% when considering the tangent matrices 3.7. Added to the

overall increase in accuracy of the tangent classification, we can say that the tangent computation

method is more compatible with autism detection.

Looking more closely at the results of the subdatasets results, we remark a contradiction in the form

of a decrease in sensitivity between the correlation and tangent matrices.

However, after elimination of the MaxSt from the tangent matrices, the sensitivity always decrases.

Going back to the stipulated theories above, we can not reach any conclusive decision about their

veracity.

Using the same subdatasets described in table 3.5, we continue our investigation of the overconnec-

tivity, going to the local-ranged overconnectivity examination.

In this part, we extract the local ranged connectivity matrices, then, we eliminate the MaxSts of every

cluster of connections.

Table. 3.8 and table. 3.9 contain the results of classification of the initial matrices, the local ranged

connectivity matrices and the local ranged connectivity matrices after elimination of the MaxSts,

according to the three metrics using the correlation and tangent connectivity matrices, respectively.

Both tables show an undeniable humongous decrease in accuracy in the intra-connectivity matrices
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Table 3.8: Results of the classification of initial matrices, the HC-LM and HCLM-MaxST of the correlation
graphs.

Accuracy Sensitivity Specificity

Initial matrices
classification 66.51 61.25 70.98

D1 HC-LM
classification 60.88 49.19 70.94

HCLM-MaxST
classification 61.43 48.72 72.37

Initial matrices
classification 62.55 54.44 69.16

D2 HC-LM
classification 58.34 43.52 70.34

HCLM-MaxST
classification 59.62 43.29 73.32

Initial matrices
classification 69.58 65.14 73.46

D3 HC-LM
classification 64.09 54.94 72.27

HCLM-MaxST
classification 64.07 63.37 69.60

Initial matrices
classification 65.35 58.16 70.73

D4 HC-LM
classification 61.63 48.88 72.73

HCLM-MaxST
classification 61.04 47.82 71.89

classification, referred to in the tables as HC-LM classification.

To this result we can give two interpretations:

First, the decrease can be due to the big loss of information resultant from the inter-connectivity

nullification, (by examining the figure 3.4, we can see that the intra-connectivity matrices contain

very few connections when compared to the initial matrices.)

But from another angle, taking into consideration the elimination approach theory, we can say that

this decrease is a proof that the inter-connections of the brain have more conclusive autism biomarkers,

hence the big decrease in accuracy and sensitivity.

The results also show that in some cases, the accuracy gets slightly better when MaxSTs are suppressed

from the initial correlation matrices, compared to classification before the MaxSt elimination. Here

also, the atlases shows different patterns. In the correlation matrices classification results, D1 and

D2 show an improvement of the accuracy of classification after elimination of the MaxST. While in

the other subdatasets the classification accuracy decreases. For the tangent the datasets showing

improvement in accuracy after elimination of the MaxST are D2 and D4.

As for the sensitivity, there is also heterogeneity in the results, for both the correlation and tangent

local ranged connectivity matrices classification.
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Table 3.9: Results of the classification of initial matrices, the HC-ML and HCLM-MaxST of the tangent
connectivity graphs.

Accuracy Sensitivity Specificity

Initial matrices
classification 68.13 61.90 73.42

D1 HC-LM
classification 60.96 51.33 69.24

HCLM-MaxST
classification 60.74 49.41 70.44

Initial matrices
classification 63.88 53.43 72.14

D2 HC-LM
classification 59.67 47.25 69.62

HCLM-MaxST
classification 60.15 48.93 69.23

Initial matrices
classification 67.30 61.57 72.62

D3 HC-LM
classification 60.27 53.49 66.31

HCLM-MaxST
classification 56.81 48.02 64.69

Initial matrices
classification 67.04 55.59 76.52

D4 HC-LM
classification 58.02 47.02 67.21

HCLM-MaxST
classification 59.55 49.38 68.04

3.2.4.2 Discussion

In this chapter, we introduced the elimination strategy and used it with multiple settings to verify the

overconnectivity deficit theories of the autistic brain. First we verified the overconnectivity using the

correlation matrix as one of the most used matrices to investigate brain connectivity and the tangent

space connectivity matrix which has been proven to be efficient in brain connectivity analysis. Then

verified the local ranged overconnectivity of the autistic brain using a combination of methods in as-

sociation with the elimination approach. To test the efficiency of the elimination method we extracted

different sub-datasets with different criteria from the initial dataset that contain all subjects.

Before investigating the elimination strategy we began by comparing the different preprocessing strate-

gies proposed with every preprocessing pipeline. The results we got from all these tests led us to

different conclusions. The first, by comparing the impact of the p-value on the classification results,

we were able to see an evident improvement of the classification results using a p-value of 0.01. Repos-

ing on the explanation of the impact of the p-value introduced above, a smaller value is best fit to

decrease the risk of overfitting of the data during classification. From the results achieved, this small

p-value not only help in the overfitting issue, but it also improves the classification results. Second,

from comparing the results of all tables we found that the preprocessing strategies impact the results
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with a difference that can reach up to 3% which is quite important.

However, no strategy kept the lead in all the tests using the different connectivity matrices. In ta-

ble 3.2, the FalseTrue strategy achieved the best accuracy value, but in table 3.4, it achieved the

least accuracy value in comparison to the other strategies. Same goes for the TrueFalse strategy that

achieved the highest value in table 3.4 and the smallest in table 3.2. Thus, we decided to continue

the tests with the FalseFalse strategy that does not add anymore preprocessing other than the basic

preprocessing contained in the pipeline.

When applying the elimination approach on the correlation and tangent matrices, we remarked a

heterogeneity in the results of the subdatasets of the correlation matrices classification. Where only

the complete dataset show a decrease in sensitivity after the elimination of the MaxST. For the other

datasets the sensitivity increases.

Considering the tangent matrices classification, the elimination of the MaxST always leads to a de-

crease in sensitivity which imply leaving out some of the autistic subjects previously correctly clas-

sified. From these results we can conclude that the eliminated strong connections have some autism

biomarkers. However, this conclusion is not general.

Going deeper in the elimination approach and eliminating inter-connections of the clusters of the

regions of the brain, the results showed a huge decrease in accuracy. This decrease, can imply the loss

of important autism biomarkers. But it can also be related to the big loss of information, since the

eliminated connections are a lot more when compared to the remaining ones. However, the fact that

the elimination of the maximum spanning tree affected the sensitivity results, implies a loss of autism

related information. This suggests the presence of over-connectivity in the autistic brain. However,

the fact that this loss is not consistently observed across all datasets can be interpreted as the fact

that over-connectivity may not affect all regions of interest (ROIs) in the brain uniformly.

3.3 Investigation of the underconnectivity theories

3.3.1 Data

In the same light as the experiments conducted in the previous sections of this chapter, the elimina-

tion approach will be used to investigate the underconnectivity of the autistic brain. The goal is to

suppress connections with specifications of the examined theories to highlight their importance.

From a technical perspective, underconnectivity in autism refers to a hypothesis that there are re-

duced or weakened connections between brain regions in individuals with autism spectrum disorder.

To verify these conclusions, there is a need to assess and quantify brain connectivity. This process

is achieved by measuring the correlation or synchronization of neural activity between the different

brain regions.

Hence, in this part, we will be employing the tangent space method as a means for computing con-

nectivity matrices. This decision is grounded in the extensive testing conducted previously. Notably,

the utilization of the tangent matrices not only enhanced classification results within our study but

also demonstrated similar improvements as reported in [104], thereby solidifying its effectiveness in

our research context.

The experiments are conducted on the ABIDE database. To enrich the investigation even more, we
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widened the experimental data by creating a group of sub datasets using multiple criteria as shown

in table 3.10.

Table 3.10: Sub-datasets of ABIDE used in the evaluation process

Sub-datasets cardinal Selection criteria

D1 871 All subjects

D2 726 Males subjects

D3 719 Right handed subjects

D4 556 Subjects with age between 9 and 18

D5 56 Subjects with age inferior to 9

3.3.2 Elimination of the weak connections

As aforementioned the under-connectivity theory stipulates that some regions in the autistic brain are

under-connected, or in other words, cannot communicate efficiently. Therefore, to verify this theory,

we use the elimination approach to remove the weakest connections between the regions of the brain.

The elimination process involves many steps beginning with transforming the connectivity matrices

into graphs. Then extracting the minimum spanning trees from the initial connectivity graphs using

the algorithm described in section 2.4. Followed by eliminating the constructed tree by suppressing

all its edges from the original graph from which it was extracted. Finally, retransforming the graphs

weights into new correlation matrices for the classification. Figure.3.5 presents all the important steps

of this elimination process.

It is to note that the minimum spanning tree (MST) has been already used in the context of brain

Elimination 

of the MST

From the 

intial graph

Extraction 

of the MST

Figure 3.5: Elimination of the minimum spanning tree. The blue connections’ weights are inferior to 0 and
the red’s superior to 0. The strong degrees of color represent the extremes

imaging considering other diseases as in [134] where its potential as a powerful method has been

demonstrated in analyzing the structural brain network in schizophrenia. Moreover, its application

greatly improved the diagnostic accuracy for Alzheimers disease [135].
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3.3.3 Elimination of the Long-range connections

The investigation of long-range underconnectivity in autism can involve an elimination approach

based on eliminating connections with a specific underconnectivity specification from connectivity

brain maps. This approach aims to identify and analyze the disrupted or weakened connections be-

tween distant brain regions in individuals with autism spectrum disorder (ASD).

The elimination process suppresses connections extracted using the tools also described in section 2.4.

It is also to note, that the approach is ASD specific since the used tools are technically tailored to

autism theories. It first separates the brain connectivity map into long-range and local connectivity.

Then, weak connections are eliminated from the long-range connectivity matrices to test the long-

range-under-connectivity.

Figure 3.6 summarizes all the steps of the proposed approach.

The process typically involves transforming brain connectivity maps that represent the initial con-

Figure 3.6: Summary of the proposed approach.

nectivity patterns of both the autistic group and control group into graphs. These gaphs serves as a

base to apply the different tools that permit to investigate the long-range overconnectivity.

First, separating the brain connectivity map into long-range and local connectivity is a form of ap-

plication of the elimination approach. In other words, to create the long range connectivity matrices,

the eliminated connections are those constituting the intraconnectivity of the HC clusters.

Next, applying the elimination approach on the inter-connectivity graphs (the initial graphs after

nullifying the inta-connections), where we systematically eliminate connections from the connectivity

brain maps based on the inter-connectivity graphs MSTs, results in the final graphs representing the

long-range connectivity minus the strongest connections.

By eliminating the connections that meet the underconnectivity criterion, we were able to generate

modified connectivity brain maps that highlight the disrupted long-range connections associated with

autism. These modified maps allow for a focused analysis of the remaining connections and their

potential implications for the observed cognitive and behavioral characteristics in individuals with

ASD.
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This approach can provide insights into the specific patterns of underconnectivity in the brains of in-

dividuals with autism, helping to identify regions or networks that may be critical for understanding

the disorder. It may also contribute to a better understanding of the neurobiological basis of autism

and guide the development of targeted interventions and treatments.

In the same light as for the creation of the intraconnectivity matrices, the technical steps of this ap-

proach, begin firstly by creating the clusters of the AAL atlas ROIs using Scipy. Then, a dissimilarity

value is fixed to decide the clusters, before extracting the connections outside these clusters. In other

words by eliminating the inta-connections we construct the long-range connectivity matrices that we

use for classification.

Depending on the value of the dissimilarity measure, the number of ROIs in the clusters changes. This

can be seen in Figure 3.3. Therefore, multiple dissimilarity measures have been tested to bring out

their impact on the results. Their values and results are reported below in the experimental results

section.

3.3.4 Results and Discussion

3.3.4.1 Experimental results

In this chapter, we investigate the connectivity patterns of individuals with autism in a highly diverse

setting, using large test datasets. Our approach involves applying various methods to the entire

ABIDE I dataset to examine the overall connectivity of autistic brains. Additionally, we analyze

different sub-datasets to assess the influence of specific criteria such as age, gender, and handedness

on the results as provided in Table 3.10.

Furthermore, to highlight the effectiveness of this approach, we compare its performance with that of

the most influential state-of-the-art approaches, as described in [136] and [104].

Hence, we end up with multiple classifications that we summarize as follows:

• Nielsen and al.: Where a leave-one-subject-out cross-validation approach is applied for classifi-

cation using the correlation matrices of the ABIDE subjects.

• Abraham and al.: utilizes a leave-one-site-out cross-validation on participant-specific functional

connectivity matrices (connectomes).

• IM (Initial Matrices)[Proposed]: Similar to Abraham et al., this classification matrices are com-

puted using the regions of interest (ROIs) from the AAL atlas.

• M-MST (Minus Minimum Spanning Tree)[Proposed]: In this classification, the minimum span-

ning trees (MST) are removed from the initial matrices obtained in the IM method.

• HC-LRM (Hierarchical Clustering- Long Range connectivity Matrices)[Proposed]: Employs hi-

erarchical clustering on the AAL ROIs to form clusters. It then extracts long-range connections

from the initial matrices and constructs long-range connectivity matrices for classification.

• HC-LM (Hierarchical Clustering- Local connectivity Matrices)[Proposed]: Is comparable to HC-

LRM, however, here it extracts clusters local connections. Then it constructs Local connectivity

matrices.
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• HCM-MST (Hierarchical Clustering Minus MST)[Proposed]: Uses the same strategy as M-MST,

where MST is removed from the HC-LRM matrices before classification.

The initial method of the proposed approach, called M-MST, involves removing the connections

extracted from the minimum spanning tree (MST) from the initial connectivity matrices. After per-

forming this elimination, we observe a slight increase in the accuracy values for sub-datasets D1, D2,

and D5. However, in sub-datasets D3 and D4, the accuracy decreases.

Interestingly, a noteworthy finding emerges from these results. The sensitivity decreases across all

datasets, regardless of the change in accuracy. This indicates that the connections removed from the

MST contain valuable information regarding the connectivity deficits in the autistic brain.

These findings are summarized in Table 3.11, which presents the classification results of the initial ma-

trices compared to the results after eliminating the MST values. The table provides insights into the

impact of removing the MST connections on the classification performance, highlighting the trade-off

between accuracy and sensitivity in different sub-datasets. In the second method, where we classify

Table 3.11: Classification results of the subjects before and after eliminating the minimum spanning tree.
IM here refers to the initial matrices and M-MST the matrices after elimination of the MST

Accuracy Sensitivity Specificity

D1 IM 68.13 61.90 73.42
M-MST 68.78 60.69 75.60

D2 IM 66.33 62.82 69.70
M-MST 67.48 62.45 72.30

D3 IM 66.21 53.86 75.80
M-MST 65.93 50.71 77.89

D4 IM 67.31 61.58 72.62
M-MST 66.76 60.03 72.83

D5 IM 53.63 75.42 37.00
M-MST 67.62 65.42 65.50

the HC-LRM (Hierarchical Clustering - Long Range connectivity Matrices), we divide the brain into

multiple clusters. The hierarchical clustering technique allows us to create distinct groups of clusters

based on a chosen dissimilarity measure. Through empirical testing of different dissimilarity values,

we determine the most suitable value to extract different clusters of regions of interest (ROIs).

Using these clusters, we construct both long-range and local connectivity matrices for the first dataset,

D1, and perform separate classifications. The classification performance metrics for this method are

presented in Table 3.12. Notably, we observe an increased accuracy in the classification of inter-

connectivity matrices when utilizing dissimilarity values of 80, 90, and 100, with an average of 6-8

ROIs per cluster.

Following tests on the other datasets, we find that a dissimilarity value of 80 remains the most appro-

priate choice for tuning the clustering algorithm. This value consistently yields optimal classification

results, highlighting the importance of selecting an appropriate dissimilarity threshold for effective

cluster formation and subsequent analysis.

One interesting observation from Table 3.12 is that the inter-connectivity matrices (HC-LRM) exhibit
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Table 3.12: Accuracy results of inter- and intra-connectivity on D1 using different values of the dissimilarity
distance. HC-LRM are the long-range connectivity matrices and HC-LM the local connectivity matrices

d 50 80 90 100 150 250 300

HC-LRM 68.90 69.39 69.34 69.61 67.51 66.94 64.86

HC-LM 61.09 60.96 61.43 62.01 63.09 63.04 65.70

higher accuracy results compared to the intra-connectivity matrices (HC-LM). In fact, the highest ac-

curacy achieved for intra-connectivity classification in the entire dataset (D1) is 65.09%, which was

obtained using a dissimilarity distance of 300 (resulting in 3 clusters of ROIs). However, even with

this value, the accuracy remains lower than the classification accuracy without clustering, which is

68.13%. Moreover, the dissimilarity distance of 80 achieved the second best accuracy in the HC-LRM

classification but the lowest in HC-LM classification but from the elimination approach view angle,

this means that the eliminated connections contain more autistic biomarkers. Hence, moving forward,

the results are obtained from clusters constructed using a dissimilarity value of 80.

In Table 3.13 the results are based on the classification of inter-connectivity matrices. These results

demonstrate an improvement in all three classification metrics (accuracy, sensitivity, and specificity)

when compared to the initial matrices across all datasets. This improvement in classification perfor-

mance even with different dataset criteria underscores the significance of eliminating local connections

within the clusters. This finding provides further support for the presence of communication deficits,

particularly long-range deficits, in the autistic brain. The results presented in Table 3.11 and Table

Table 3.13: Results of the inter-connectivity matrices classification compared to the initial matrices classifi-
cation. IM are the initial matrices and HC-LRM the long-range matrices

Accuracy Sensitivity Specificity

D1 IM 68.13 61.90 73.42
HC-LRM 69.40 63.07 74.78

D2 IM 66.33 62.82 69.70
HC-LRM 67.24 63.65 70.73

D3 IM 66.21 53.86 75.80
HC-LRM 68.81 56.63 78.34

D4 IM 67.31 61.58 72.62
HC-LRM 69.88 63.45 75.71

D5 IM 53.63 75.42 37.00
HC-LRM 56.41 78.33 39.00

3.13 allow us to draw several conclusions. Firstly, both the elimination of the minimum spanning tree

(MST) and the removal of the local connections within the hierarchical clustering (HC) clusters have

an impact on the classification process. When these two approaches are combined, i.e., eliminating

the local connections within the clusters and then removing the MST from the resulting inter-cluster

connections, a similar decrease in sensitivity is observed compared to the results in Table 3.11 after

removing the MST from the initial matrices.
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Table 3.14: Classification results of the inter-connectivity matrices before and after eliminating the spanning
tree. Here HC-LRM are the long range connectivity matrices and HCM-MST the long range matrices after

eliminating the MST

Accuracy Sensitivity Specificity

D1 HC-LRM 69.40 63.07 74.78
HCM-MST 69.76 61.06 77.11

D2 HC-LRM 67.24 63.65 70.73
HCM-MST 67.80 62.71 72.64

D3 HC-LRM 68.81 56.63 78.34
HCM-MST 68.42 54.94 78.98

D4 HC-LRM 69.88 63.45 75.71
HCM-MST 69.88 60.46 78.45

D5 HC-LRM 56.41 78.33 39.00
HCM-MST 61.28 64.17 59.50

This finding indicates that the removal of the minimum spanning tree directly affects the sensitiv-

ity metric, which represents the ability to predict autism. It suggests that the weakest connections

identified by the MST contain valuable information about autism, and their elimination results in a

reduction in sensitivity. Consequently, the sensitivity consistently decreases when the MST is removed

from the connectivity matrices.

Table 3.14 provides a summary of these results, highlighting the impact of removing the minimum

spanning tree and the local connections on the sensitivity metric. The table underscores the impor-

tance of considering the weaker connections and their role in capturing important information related

to autism in connectivity matrices.

By comparing our approach’s methods with the state-of-the-art approaches applied to ABIDE I, as

presented in Table 3.15, we observe an increase in the accuracy values. Our approach achieves an

accuracy of 69.76%, which is 3% higher than the best result reported in [104] where the highest accu-

racy achieved was 66.80%. This improvement in accuracy highlights the effectiveness of our approach

in autism classification.

Furthermore, when examining the sensitivity metric in the long-range connectivity classification, our

approach outperforms the highest result achieved in [136]. This demonstrates the impact and rele-

vance of our proposed method in capturing the connectivity deficits in the autistic brain, particularly

in terms of long-range connections.

Importantly, the significance of eliminating the minimum spanning tree (MST) is underscored when

comparing the sensitivity values across all methods. The sensitivity consistently decreases after remov-

ing the MST, emphasizing the valuable information contained within the weaker connections captured

by the MST.

These findings demonstrate the enhanced performance of our approach compared to the state-of-the-

art methods applied to ABIDE I, specifically in terms of increased accuracy and sensitivity, and the

informative role of the MST removal.
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Table 3.15: Classification performance of the proposed approach compared to state-of-the-art methods ap-
plied to ABIDE I

Accuracy Sensitivity Specificity

HCM-MST 69.76 61.06 77.11

HC-LRM 69.40 63.07 74.78

M-MST 68.78 60.69 75.60

Abraham and al. 66.8 61.0 72.3

Nielsen and al. 60.0 62.0 58.0

3.3.4.2 Discussion

In this section, we conducted a comprehensive study on the connectivity of the autistic brain using

a highly heterogeneous dataset from ABIDE I. Given that autism primarily affects children during

early childhood, we sought to identify the most common and non-invasive imaging acquisition meth-

ods capable of extracting brain connectivity without causing harm. We aimed to utilize an imaging

method that is readily available and cost-effective compared to other techniques.

Using ABIDE data comes with the challenge of uncontrolled heterogeneity due to the multi-site fMRI

data acquisition, which can influence the results. It is important to note that uncontrolled variations

can arise across sites, such as differences in scanner type, pulse sequence, and sample composition.

However, considering our objective of simplifying the process of autism detection and the fact that

heterogeneity is inherent in real-world settings, we chose to use the datasets with minimal changes.

Only images with quality issues were eliminated to ensure the reliability of the analysis. This approach

allowed us to address the challenges posed by the uncontrolled heterogeneity and potentially provide

more robust findings.

Our primary objective was twofold: to investigate the theories surrounding autism spectrum disor-

der (ASD) and to improve the detection process of autism. To achieve this, our approach involved

selectively removing brain connections that were associated with specific theories. We employed a

combination of specific tools to extract and analyze these connections. The use of the minimum span-

ning tree (MST) was particularly significant, as it enabled us to simplify the complex network into a

more straightforward representation based on connection weights. Moreover, the MST aligned with

the under-connectivity theory of the autistic brain, as it emphasized the extraction of the weakest

connections.

By employing these methods, we aimed to contribute to a better understanding of the underlying con-

nectivity patterns in autism and enhance the accuracy of autism detection. By selectively removing

specific connections, we were able to focus on the key connectivity deficits associated with ASD and

potentially uncover novel insights into the disorder.

Additionally, we incorporated hierarchical clustering to divide the brain regions into clusters, enabling

us to examine both intra- and inter-connectivity within the brain, similar to the approach in [109].

The use of clustering allowed us to explore deficits in ASD brain connectivity and better understand

the organization of connections within and between clusters.

Consequently, we tested multiple ASD-specific methods and combined them to enhance the accuracy

of ASD detection. The results demonstrated an accuracy of 69.76% on the whole dataset D1, as shown
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in Table 3.14, surpassing previously published findings in ABIDE [136], [104].

The elimination of the minimum spanning tree resulted in a decrease in sensitivity across all datasets.

This reduction suggests that the weak connections identified by the minimum spanning tree contain

valuable biomarkers related to autism and provides support for the under-connectivity theories of

autism. This outcome is highlighted in Table 3.11.

Conversely, the elimination of intra-connectivity, specifically the removal of local connections within

the clusters constructed by hierarchical clustering, led to improvements in both accuracy and sensi-

tivity. Sensitivity increased from 61.9% to 63.07%, indicating a deficit in long-range connectivity in

individuals with ASD. These results can be observed in Table 3.13, which showcases the elimination

of intra-connectivity across all datasets.

The choice of dissimilarity distance used to construct the clusters also emerged as an important factor,

as different values yielded varying degrees of prediction accuracy and sensitivity. Optimal selection of

the dissimilarity distance greatly influenced the performance of the classification, as demonstrated in

Table 3.12.

When the minimum spanning tree was once again eliminated from the long-range connectivity ma-

trices, we observed the same findings as reported in Table 3.11, which confirmed the decrease in

sensitivity after removing the weak connections extracted from the inter-connectivity matrices. This

provides further evidence for the under-connectivity deficit in autism, particularly in the long-range

connections between brain regions. Therefore, we can confidently conclude the existence of a long-

range under-connectivity deficit in the autistic brain.

Moreover, by eliminating inter-connectivity and the minimum spanning tree, we were able to highlight

the long-range under-connectivity deficit and improve the results compared to existing approaches, as

depicted in Table 3.15.

3.4 Conclusion

In this chapter we investigated the autistic brain connectivity using an approach of elimination.

The analysis of classification approaches involving the elimination of MaxST and inter-connections

among brain regions reveals intriguing insights into Autism Spectrum Disorder. When consider-

ing tangent classification, removing MaxST consistently results in reduced sensitivity, indicating the

exclusion of correctly classified autistic subjects. This suggests the presence of autism biomarkers

associated with the strong connections that are eliminated. However, this conclusion might not uni-

versally apply.

Delving further into the elimination strategy by targeting inter-connections within brain region clus-

ters, a significant drop in accuracy is observed. This decline could signify the loss of vital autism

biomarkers, but it could also stem from the considerable loss of information due to the large number

of removed connections compared to the retained ones.

The noteworthy observation is that the elimination of the maximum spanning tree influences sen-

sitivity results, pointing to the forfeiture of autism-related information. This implies a potential

over-connectivity pattern in the brains of individuals with autism. Nonetheless, the inconsistency in

this loss across different datasets suggests that the impact of over-connectivity might not uniformly

affect all regions of interest in the brain. Thus, while patterns of connectivity alteration are evident
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in ASD, the precise nature of these changes appears to be context-dependent and potentially varied

among different brain regions.

The second investigation, concerning the long range and underconnectivity, offers compelling support

for the existence of impaired long-range connections between different regions of the autistic brain.

Remarkably, this deficit remains consistent across various factors such as age, gender, and handedness,

reinforcing the reliability of our findings. The uniformity of this discovery across different subsets of

data underscores the robustness of our analytical approach.

With an achieved accuracy rate of 70%, our classification method demonstrates its potential for

accurate prediction of autism. Additionally, our innovative strategy, involving the elimination of

inter-connectivity and the minimum spanning tree, has allowed us to pinpoint and enhance our un-

derstanding of the long-range under-connectivity deficit in autism.
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Machine and deep learning

combination for ASD identification

In Deep learning, we go beyond what is visible to extract new hidden information. It can be achieved

through different networks as Artificial Neural Networks (ANN), Recurrent Neural Networks (RNN)

and Convolutional Neural Networks (CNN). All share the same testing structure with a learning phase

where the system matches information from multiple data to extract new markers, and a test phase

where the performance of the network is evaluated. Convolutional Neural Networks are a particular

type of Artificial Neural Networks that comprises many types of layers. Their use in image analysis,

can uncover hidden information and enhance the success of categorizing in classification. This made

them very popular especially in the medical field [137]. For ASD detection, various approaches have

been explored. One notable study by [138] applied deep learning algorithms to identify patients from

large datasets based solely on brain activation patterns. They achieved an accuracy of 70% and

discovered an anticorrelation of brain function between anterior and posterior areas in individuals

with ASD.

Another study by [109] utilized a multi-atlas functional connectivity approach for ASD detection.

They calculated multiple functional connectivity measures based on different brain atlases from the

ABIDE fMRI database. To extract discriminative features, they proposed a multi-atlas deep feature

representation method using stacked denoising autoencoders. The final identification was performed

using a multilayer perceptron and ensemble learning, resulting in an accuracy of 74.52%, sensitivity

of 80.69%, specificity of 66.71%.

However, it is important to note that many existing approaches in the literature do not explicitly

incorporate the known theories about autistic brains into the detection process. They may not consider

the specific characteristics and connectivity deficits associated with ASD. In contrast, basing our

knowledge on the findings of the previous investigation, we take into account the theories of under

and over-connectivity in autism, providing a theoretically adapted framework for ASD detection.

Hence, in this chapter, in the same light as in the previous chapter 3, we focus on the autistic

connectivity deficit theories. After proving their existence through the elimination approach and

the negation theory, we study them in a new context coupled with deep learning with a three-fold

objective:

56
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• 1- To address the issue of early diagnosis based on resting state fMRI images of subjects with

different backgrounds, ages and other characteristics.

• 2- To consolidate the finding of the elimination approach concerning both the over-connectivity,

and under-connectivity.

• 3- To improve the ASD identification by using recent deep learning techniques and by incorpo-

rating the autism theories into the process of detection.

For this, we propose an ASD adaptive transfer learning approach that identifies the disorder and

tests different atlases, different connectivity matrices and different preprocessing strategies separately.

Transfer learning permits to reduce the processing time, because the weights the network uses are

transferred from other systems that have been trained on huge data and given the best possible results

with minimum errors. Here, the model used for transfer learning is a CNN based on Tensorflow [139]

proposed by Keras [140]. We simulate the 3D RGB format which is the base entry of the CNN model

through 3D connectivity matrices that we compose by dividing the original connectivity matrices

extracted from fMRI time series via two approaches:

• The first divides the connectivity matrices information by 3 and puts every third of the infor-

mation on a layer.

• The second is based on the aforementioned maximum and minimum spanning trees. In this

approach, the first layer incorporates the original connectivity matrix minus the highest and

lowest weights extracted using the maximum and minimum spanning trees, respectively. The

second layer contains the high weights, while the third layer contains the lowest weights (under-

connectivity information).

4.1 Machine and deep learning techniques

4.1.1 Machine learning

Machine learning is a subset of artificial intelligence (AI) that focuses on the development of algorithms

and statistical models that enable computer systems to learn from data and improve their performance

on a specific task without being explicitly programmed. Their goal is to allow computers to identify

patterns, make predictions, or take actions based on the data they have been exposed to.

Machine learning can be categorized into three main categories:

• Supervised Learning, where the algorithm is trained on a labeled dataset, where the input data

and the corresponding correct output are provided. The goal is for the algorithm to learn a

mapping function from the input to the output so that it can make accurate predictions on

new, unseen data. Common supervised learning tasks include classification (assigning inputs to

predefined classes) and regression (predicting continuous values).

• Unsupervised learning that involves training the algorithm on an unlabeled dataset, where the

input data is not labeled with the correct output. The algorithm’s objective is to discover

patterns, structures, or representations within the data without specific guidance. Clustering,
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where the algorithm groups similar data points together, and dimensionality reduction, where

the algorithm reduces the data’s complexity while retaining essential information, are examples

of unsupervised learning tasks.

• Reinforcement learning which is concerned with training agents to interact with an environment

and learn from the feedback it receives in the form of rewards or penalties. The agent’s goal

is to maximize cumulative rewards over time, leading to better decision-making and actions in

the given environment. Reinforcement learning has been widely used in various applications,

including game playing, robotics, and autonomous vehicles.

The machine learning process typically involves the following steps:

• Data Collection: Gathering relevant and representative data that will be used for training and

evaluating the model. The quality and quantity of the data are crucial factors in the success of

a machine learning model.

• Data Preprocessing: Cleaning, transforming, and preparing the data to be in a suitable format

for the learning algorithm. This step may involve dealing with missing values, normalizing

features, or encoding categorical variables.

• Model Selection: Choosing an appropriate algorithm or model architecture that best suits the

problem at hand and the nature of the data. Different algorithms have different strengths and

are suitable for different types of tasks.

• Training: In this step, the model is fed with the training data to learn the underlying patterns

and relationships. The learning process typically involves adjusting the model’s parameters

iteratively to minimize errors or maximize performance.

• Evaluation: The trained model is evaluated on a separate dataset (the test set) to assess its

performance and generalization ability. Various metrics are used to measure how well the model

performs on unseen data.

• Deployment: After successful training and evaluation, the model is deployed into production to

make predictions or take actions in real-world scenarios.

In the case of our data, the algorithm best fit is the Support Vector Machines that falls under the

category of supervised machine learning.

4.1.2 Deep learning

Deep learning is a specialized subset of machine learning that focuses on training artificial neural

networks to mimic the human brain’s structure and function. It is a powerful and advanced form of

machine learning that has gained significant popularity and success in various domains, particularly

in areas that involve complex patterns and large amounts of data, such as computer vision, natural

language processing, and speech recognition.

At the core of deep learning are artificial neural networks, which are inspired by the interconnected

neurons in the human brain. These networks are composed of multiple layers of interconnected nodes
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(artificial neurons) that work together to process data and extract patterns. Each layer progressively

refines the representations of the input data, leading to hierarchical feature learning, allowing the

network to capture intricate relationships and abstract features.

Key concepts and components of deep learning include:

• Neural Networks: Deep learning models are built using neural networks, which consist of input,

hidden, and output layers. The hidden layers, also known as ”deep” layers, give deep learning

its name. The connections between neurons in different layers are represented by weights that

are learned during the training process.

• Backpropagation: Deep learning models use a technique called backpropagation to adjust the

network’s weights during training. It involves computing the gradients of the model’s error with

respect to each weight and using these gradients to update the weights, thereby minimizing the

error and improving the model’s performance.

• Activation Functions: Activation functions introduce non-linearity into the neural network,

allowing it to approximate complex functions. Common activation functions include sigmoid,

tanh, and rectified linear units (ReLU).

• Convolutional Neural Networks (CNNs): CNNs are a type of deep neural network specifically

designed for processing grid-like data, such as images and videos. They use convolutional layers

to automatically learn local patterns and spatial hierarchies in the data.

• Recurrent Neural Networks (RNNs): RNNs are designed to process sequential data, such as

time series or natural language. They have recurrent connections that allow information to

persist across time steps, making them suitable for tasks like speech recognition and language

translation.

• Long Short-Term Memory (LSTM): LSTM is a type of RNN that addresses the vanishing gra-

dient problem, allowing it to capture long-term dependencies in sequential data.

• Generative Adversarial Networks (GANs): GANs are a special type of deep learning model

consisting of two neural networks, a generator, and a discriminator, which compete against each

other in a game-theoretic setting. GANs have been successful in generating realistic data, such

as images, and have various creative applications.

Deep learning has achieved remarkable breakthroughs in various fields, including computer vision

(e.g., image and object recognition), natural language processing (e.g., language translation and sen-

timent analysis), autonomous vehicles, drug discovery, and recommendation systems. Its ability to

automatically learn and extract complex patterns from data has made it one of the most exciting and

promising areas of artificial intelligence research. However, deep learning models often require a sig-

nificant amount of data and computational resources for training, making them more computationally

demanding than traditional machine learning algorithms.
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4.1.3 Combining machine and deep learning

Combining machine learning and deep learning techniques is a common and effective approach to

solving complex problems in the field of artificial intelligence. Both machine learning and deep learning

are subsets of AI, but they have different strengths and weaknesses. By integrating the two, we can

leverage the best of both worlds and achieve more robust and accurate models for various tasks.

This combination can take multiple forms as:

• Feature Engineering: Machine learning often relies on handcrafted feature engineering to extract

relevant information from the raw data. Deep learning, on the other hand, can automatically

learn relevant features from the data. By combining the two, you can use deep learning to

automatically extract useful features, which can then be fed into a traditional machine learning

algorithm for further processing and decision-making.

• Transfer Learning: Transfer learning is a powerful technique in deep learning where pre-trained

neural network models on large datasets are used as a starting point for solving a new task. By

fine-tuning these pre-trained models with smaller amounts of task-specific data, you can achieve

better results than training from scratch. Transfer learning can be combined with various

traditional machine learning algorithms to improve their performance.

• Ensemble Methods: Ensemble methods, such as stacking, bagging, and boosting, combine multi-

ple machine learning or deep learning models to make more accurate predictions. For instance,

you can stack together different deep learning models and traditional machine learning algo-

rithms to create a more powerful ensemble model that leverages their individual strengths.

• Data Augmentation: Data augmentation is commonly used in deep learning to artificially expand

the training dataset by applying transformations to the existing data, such as flipping, rotating,

or cropping images. These augmented datasets can then be used to train a machine learning

model, leading to improved generalization and performance.

• Hybrid Models: You can design hybrid models that combine both deep learning and traditional

machine learning layers. For example, you could use a deep neural network as a feature extractor

and then use those extracted features as inputs to a machine learning algorithm, such as support

vector machines (SVMs) or random forests, for the final prediction.

• Improve Training with Machine Learning: Machine learning techniques can be used to optimize

the hyperparameters of deep learning models, helping to speed up convergence and improve

generalization. Additionally, machine learning can assist in handling imbalanced datasets or

generating synthetic data to supplement small training sets.

• Active Learning: Active learning is a machine learning approach that uses human oracles to

label a small subset of the most informative data points, which are then used to train the

model. You can apply active learning to deep learning models to make the data labeling process

more efficient, as labeling large datasets for deep learning can be time-consuming and expensive.

By combining machine learning and deep learning techniques, powerful AI systems that address a

wide range of real-world problems can be created, making the most of both methodologies’ unique
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strengths.

In brain anomalies detection combining machine learning and deep learning techniques is a promising

approach that can leverage the strengths of both methodologies to achieve more accurate and robust

results.

While deep learning models can achieve high accuracy, they are often considered black boxes, making

it challenging to understand their decision-making process. Integrating interpretable machine learning

techniques, can help provide insights into the features contributing to the anomaly detection. Hence,

Deep Learning can be used for Feature Extraction and machine learning for classifying these features.

Deep learning models, especially Convolutional Neural Networks (CNNs), have shown remarkable

success in image feature extraction. However, the drawback of using deep learning manifest in the

size of the data. A database with limited number of samples can not be used for deep learning. The

solustion is using Pre-trained CNNs, such as VGG, ResNet, or Inception, through transfer learning.

These models have been trained on large image datasets, and their convolutional layers have learned

to detect hierarchical features that are useful for various image recognition tasks.

4.2 Data preparation

Continuing our investigation of the autism deficits, we use the preprocessed version of the ABIDE

I dataset after elimination of the defective data. As mentioned before, the most used pipeline in

autism detection is the C-PAC which is also the pipeline used in this work, considering the FalseFalse

strategy.

For parcellation, in addition to the AAL atlas, we use two other atlases, namely, the DosenBach160

with 161 ROIs and the CC200 atlas that divide the brain into 200 regions.

For the connectivity matrices, in addition to the correlation matrices and the tangent space matrices,

we also test the covariance matrices that we compute using the tools proposed by Nilearn [141].

Finally, we construct the connectivity graphs based on the information stored in the connectivity

matrices. The graphs constructed take for nodes the regions of the used atlas and for edges the

connectivity weights of the connectivity matrices.

4.2.1 Extraction of the strongest and weakest brain connections

As mentioned before, the spanning tree is considered as an unbiased graph theory tool that simplifies

high-order network structure while preserving its core framework. A graph can have many spanning

trees, however, when a condition is met, we can extract a specific tree as the widely known minimum

spanning tree (MST). The MST permits to extract the brain connections that have the weakest

connections. As aforementioned, these latter can be related to the underconnectivity deficit, and

through chapter 3, where an elimination approach was used, the connections extracted using this tree

proved their importance.

The other spanning tree used also in this chapter is the maximum spanning tree (MaxST). The MaxST

permits to extract the brain connections that have the highest correlation values. Again, these latter

can be related to the overconnectivity. Both spanning trees are subgraphs that are trees which include

all of the vertices of the graph they were applied to, and connect them together without any cycles.
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To extract our spanning trees, we use the Kruskal algorithm which orders the vertices connections

according to their weight. Then, it constructs the spanning tree by extracting information from the

ordered vertices connections list. The important steps of this extraction are illustrated in figure 4.1.

Figure 4.1: Steps to extract the Spanning Trees matrices from a connectivity matrix.

4.2.2 RGB images alike matrices construction

In this chapter, we propose a new approach, that consists of constructing RGB images alike matrices

to use as base entry for deep learning features extraction. These matrices are constructed by dividing

the connectivity matrix into three layers:

• Strong weighted connections layer.

• Weak connections layer.

• Remaining connections of the connectivity matrix.

Our method introduces a creative approach to convert matrices into visually informative RGB-like

images. By leveraging the inherent structure of matrices, we layer the matrix information onto

three color channels, namely Red, Green, and Blue. Each channel represents specific features or

characteristics of the data within the matrix. For instance, the Red channel signifies the strong
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weighted connectivity patterns, the Green channel encodes the weak connectivity information, and

the Blue channel captures the remaining matrix properties as shown in Figure 4.2.

By mapping the matrix elements to appropriate color intensities, we create RGB-alike images that

visually represent the underlying matrix data. This technique proves particularly useful in visualizing

complex patterns into an image, enabling the use of CNN.

Furthermore, the method is versatile and applicable with numerous variations. Hence, in addition to

Figure 4.2: 3D Connectivity matrices construction with the Spanning trees strategy.

the RGB-image alike based on the MaxSt and MST, we also construct RGB-image alike images by

simply dividing the information of the whole connectivity matrix by three and putting every third of

the information on a layer as shown in Figure 4.3.

Figure 4.3: 3D Connectivity matrices construction with the division strategy.
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4.3 Transfer learning for feature extraction

4.3.1 Transfer learning

In deep learning, to get a high accuracy with little error, the deep learning models have to train on

huge databases. Which is not always possible. For instance, even though ABIDE is considered a big

database, but for deep learning it is still far from the norm. Hence, the solutions to using deep learning

on ABIDE is transfer learning. Transfer learning is a good alternative to creating a network from

scratch, because it permits to use characteristics from previously trained networks that have given

good results on big datasets. It also has a big advantage of time saving, especially in the case of big

sized data. For 2-dimensional data classification, object of this work, Convolutional neural networks

are the most adapted. CNNs take images as entries and are composed of many types of layers, from

which we can cite: the convolution layers, max pooling layers and the fully connected layer.

Keras [140], an open-source neural-network library written in Python, provides many trained CNNs

with different combinations of the aforementioned layers. Keras can run on top of different machine

learning libraries, such as TensorFlow and Theano.

In this chapter, we use ResNet-50 (Residual Network-50) which is a convolutional neural network

architecture that was introduced in 2015 by Kaiming He et al. It is part of the ResNet family, which

includes various network depths (e.g., ResNet-18, ResNet-34, ResNet-101) with increasing numbers of

layers.

The key innovation in the ResNet architecture is the introduction of residual connections, also known

as skip connections or shortcut connections. These connections allow the network to learn residual

functions, which help address the degradation problem encountered in very deep neural networks.

The degradation problem refers to the issue of increasing network depth leading to reduced accuracy

due to the vanishing gradient problem and difficulty in optimization.

By using residual connections, ResNet enables the network to effectively learn the difference between

the desired mapping and the identity mapping. This is achieved by adding the original input to the

output of one or more stacked convolutional layers. The skip connections allow the gradient to flow

directly from later layers to earlier layers during backpropagation, which helps alleviate the vanishing

gradient problem and facilitates the training of deeper networks.

ResNet-50 consists of 50 layers, including convolutional layers, pooling layers, fully connected layers,

and shortcut connections. The architecture follows a ”bottleneck” design, which reduces the compu-

tational cost by using 1x1 convolutions to reduce the dimensionality before applying 3x3 convolutions.

It also incorporates batch normalization for improved training efficiency and utilizes average pooling

instead of fully connected layers at the end of the network.

ResNet-50 has achieved remarkable performance in various image classification competitions and

benchmarks, demonstrating its effectiveness in handling complex visual tasks. It has been widely

adopted as a pre-trained model for transfer learning and has also influenced the design of subsequent

CNN architectures.
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4.3.2 Features extraction

Feature extraction via deep learning is a fundamental process where a deep neural network is used to

automatically learn relevant and informative patterns from raw data. Feature extraction has revolu-

tionized various fields, such as computer vision, natural language processing, and speech recognition.

It allows the automatic learning of discriminative and abstract features, eliminating the need for man-

ual feature engineering and significantly improving the performance of AI systems on a wide range of

tasks.

The process of feature extraction in deep learning begins by the choice of the Neural Network Ar-

chitecture: The deep learning model should be appropriately chosen based on the nature of the data

and the task. For images, CNNs are the best fit, as they can automatically learn hierarchical features

from images and extract meaningful features.

For the Input Data: Deep learning models require raw data as input. In our case, image processing,

the input data is a collection of images. Since the trained deep learning models take 3-dimensional

images as entries, we organized our connectivity matrices into three layers as figure 4.2 and figure 4.3

show.

Then, we feed these three-layered matrices into the Keras ResNet50 model trained with imageNet

[142], an image database with millions of images.

However, using these models is only to extract features. Hence, the execution stops before the fully

connected layer, to extract the features to be used later. As the data flows through the layers of the

deep neural network, each layer learns to extract increasingly abstract and informative features. In

the early layers, the model detects simple patterns, like edges and corners in images, while in the

deeper layers, it captures complex and high-level representations, such as object shapes and semantic

features.

To extend the test and verify the efficiency of the tested approach we used 3 different types of con-

nectivity matrices as a base to create the 3-layered matrices used to extract features. The Correlation

matrices, the Tangent-space matrices and the Covariance matrices proposed by Nilearn. For these

latter, to stay in the image context we divided the matrices with values exceeding 1 by the maximum

value to get matrices with values between -1 and 1.

Then after feeding the 3D matrices into the deep learning models we extracted different arrays of

features. These features sizes go from 4 x 4 to 7 x 7 depending on the fed matrices size.

An example of extracted features is presented in Figure 4.4

4.4 Classification and validation

For the classification of autistic subjects, we employ the widely recognized Support Vector Machine

algorithm, known as SVC and provided by the scikit-learn library. The suitability of SVC for binary

classification tasks, along with its established effectiveness in diverse domains, including medical

diagnostics, motivated our choice to use it for classification in this chapter.

Our primary research objective is to distinguish between individuals with Autism Spectrum Disorder

and neurotypical control subjects based on their brain imaging data. To accomplish this, we adopt

a two-step approach. Initially, we extract features from the raw brain imaging data through the

application of transfer learning. This method enables our deep learning model to leverage pre-trained



Chapter 4 66

Figure 4.4: A sample of extracted features using the spanning trees based RGB images-alike matrices.

neural networks, fine-tuned on extensive image datasets, for the extraction of high-level features from

the 3D matrices. Subsequently, these extracted features are input into the SVC for the classification

task.

Then, based on the features vectors derived, SVC determines the optimal decision boundary that

separates the two classes (ASD and neurotypical). This decision boundary maximizes the margin

between the two groups, allowing for robust classification even in the presence of noisy or overlapping

data points.

In this classification, the approximation of the decision boundary between the ASD patients and the

control subjects is calculated in the space of the feature vectors extracted using transfer learning using

each 3D matrices’ features separately as shown in figure 4.5. Then the data is administered a label of

0 for neurotypical subjects and 1 for ASD subjects.

To evaluate the effectiveness of the proposed method, a validation process is conducted using three

Figure 4.5: summary schema of the extraction and classification of the 3D matrices deep features.
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performance metrics that are the accuracy, sensitivity and specificity. Additionally, cross-validation

techniques are employed to assess the model’s generalization ability and mitigate potential overfitting

issues.

For the p-value choice, since the size of the features matrices are small we decided to test both p-value.

The reduction effect of the use of the p-value is represented in Figure 4.6

Figure 4.6: Effect of the p-value on a matrix representation.

4.5 Results

After processing the connectivity matrices to obtain their corresponding RGB-alike images, we fed

these matrices into the transfer learning model, enabling it to extract essential features. These ex-

tracted features were then flattened into one-dimensional vectors to prepare them for classification

using the Support Vector Classifier (SVC).

To ensure robust evaluation, we adopted a 10-fold cross-validation strategy for the classification pro-

cess. This approach involved dividing the dataset into ten subsets (folds), where one fold was used

for validation, while the model learned from the remaining nine folds. This process was repeated ten

times, with each fold taking a turn as the validation set, thus providing a comprehensive assessment

of the model’s performance.

Furthermore, we used two different p-values, specifically 0.1 and 0.01 to determine the statistical sig-

nificance of the results.

In the first Table 4.1, we present the detailed outcomes of the classification process for the two types

of covariance 3D matrices, which were generated using the division and the spanning trees strategies.

We specifically used the p-value of 0.1 for this analysis.

In Table 4.2, we present the results of the classification process, focusing on the two distinct strategies

Table 4.1: Accuracy of the classification of the covariance features extracted with ResNet50 with a p-value
of 0.1

Covar
with
STs

Covar
with

division

ACC Sen Spe ACC Sen Spe

aal 73.59% 62.39% 86.60% 35.02% 65.17% 0.00%

db 65.10% 65.60% 64.52% 57.18% 64.10% 49.13%

cc200 36.39% 47.65% 23.33% 59.24% 46.15% 74.44%
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employed to construct correlation 3D matrices. These strategies involve the creation of correlation

matrices using both the division strategy and the spanning trees strategy. As for the p-value it is

maintained to 0.1.

In Table 4.3, we present the final set of results for the classification process with a p-value of 0.1. This

Table 4.2: Accuracy of the classification of the correlation features extracted with ResNet50 with a p-value
of 0.1

Cor
with
STs

Cor
with

division

ACC Sen Spe ACC Sen Spe

aal 54.54% 66.24% 40.94% 56.49% 86.11% 22.08%

db 47.53% 12.82% 87.84% 47.19% 87.82% 0.00%

cc200 29.51% 54.91% 0.00% 61.42% 83.55% 35.73%

table results concern the tangent 3D matrices. In the same light as the previous tests, the tangent

matrices were created using both the division strategy and the spanning trees strategy.

In Table 4.1, one immediately notices the remarkable high accuracy achieved by the classification

Table 4.3: Accuracy of the classification of the tangent features extracted with ResNet50 with a p-value of
0.1

Tan
with
STs

Tan
with

division

ACC Sen Spe ACC Sen Spe

aal 31.57% 26.92% 36.97% 32.84% 25.85% 40.94%

db 43.97% 24.57% 66.50% 43.17% 48.50% 36.97%

cc200 44.89% 63.46% 23.33% 18.83% 14.74% 23.57%

of features extracted from the AAL atlas covariance 3D matrices created using the spanning trees

strategy, reaching 73.59%. The DosenBach features, generated with the same strategy, follow closely

with an accuracy of 65.10%. In contrast, the classification performance for CC200 features was com-

paratively mediocre, with an accuracy of 36.39%. The remaining classification results in this table

did not exhibit noteworthy accuracy values.

Moving to the correlation features, as presented in Table 4.2, we observe average accuracy values

across both strategies and all atlases, without any striking variations in performance.

Similarly, the tangent features’ classification results, shown in Table 4.3, indicate below-average per-

formance compared to the other methods explored.

Moreover, Tables 4.2 and 4.3 reveal that when employing a p-value of 0.1, the AAL and Dosenbach

atlases exhibit minimal differences in accuracy between the two strategies.

Changing the p-value to 0.01, to further investigate the impact of the p-value on the classification

results, we conducted additional tests. The first results pertaining to the classification of covariance

features with the p-value of 0.01 are detailed in Table 4.4, shedding light on the changes in accuracy
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with the adjustment in the p-value.

Table 4.4: Accuracy of the classification of the covariance features extracted from ResNet50 with a p-value
of 0.01

Covar
with
STs

Covar
with

division

ACC Sen Spe ACC Sen Spe

aal 25.83% 48.08% 0.00% 13.78% 25.64% 0.00%

db 66.02% 65.60% 66.50% 41.10% 10.68% 76.43%

cc200 33.41% 22.86% 45.66% 57.98% 76.07% 36.97%

Table 4.5: Accuracy of the classification of the correlation features extracted from ResNet50 with a p-value
of 0.01

Cor
with
STs

Cor
with

division

ACC Sen Spe ACC Sen Spe

aal 19.75% 22.44% 16.63% 26.64% 31.84% 20.60%

db 38.81% 63.68% 9.93% 80.48% 63.68% 100.00%

cc200 12.74% 3.42% 23.57% 60.73% 62.61% 58.56%

Table 4.6: Accuracy of the classification of the tangent features extracted from ResNet50 with a p-value of
0.01

Tan
with
STs

Tan
with

division

ACC Sen Spe ACC Sen Spe

aal 8.27% 15.17% 0.25% 19.29% 35.47% 0.50%

db 47.65% 34.40% 63.03% 25.72% 36.32% 13.40%

cc200 77.61% 87.18% 66.50% 25.37% 36.54% 12.41%

When the p-value was changed to 0.01 for the covariance classification (results of Table 4.4), the

DosenBach and CC200 atlases showed nearly identical accuracy values, but the sensitivity and speci-

ficity measures switched values. In contrast, the AAL atlas’s classification performance deteriorated

significantly, resulting in poor accuracy compared to the other atlases.

In Table 4.5, which displays the classification results for correlation features with a p-value of 0.01, the

division strategy took the lead for the first time, achieving the highest accuracy value. Notably, the

DosenBach features achieved an outstanding accuracy of 80.48%, demonstrating their discriminative

power. The CC200 atlas followed in this test, obtaining an average accuracy of 60.73%.

Finally, Table 4.6 showcased the results of classification using tangent matrices with the spanning trees
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strategy at a p-value of 0.01. Surprisingly, the CC200 atlas performed exceptionally well, achieving its

highest result of 77.61% accuracy. On the other hand, the AAL and DosenBach features once again

demonstrated suboptimal performance with both strategies.

These findings underscore the sensitivity of the classification results to changes in the p-value and

the construction strategies of the 3D matrices. The switch in ranking for atlases and strategies em-

phasizes the importance of carefully selecting appropriate parameters and methodologies for accurate

and reliable brain anomaly detection.

The results presented in Tables 4.4, 4.5, and 4.6 collectively contribute to our understanding of the

strengths and limitations of various approaches in neuroimaging-based classification. These findings

prompt further exploration and refinement of our method, aiming to optimize the classification accu-

racy and to enhance our ability to distinguish between Autism Spectrum Disorder and neurotypical

individuals effectively.

4.6 Discussion

Previously, we verified the over and under-connectivity of the autistic brain and found proof of their

existence using an approach of elimination, where connections with specifications related to over and

under-connectivity were eliminated to bring out their importance.

Hence, to explore these theories more in depth, we used a new approach that combines deep learning

with machine learning to classify autistic subjects with the goal of enhancing the ability of detecting

autism through fMRI images information.

In this approach we used two strategies to construct RGB images alike 3D matrices to give as entry

to deep learning models and extract features that will permit the detection of autism.

After identifying the significant connections associated with autism disorder in our previous analysis,

we took a strategic approach to enhance our connectivity matrices. Dividing the matrices into lay-

ers, we incorporated the specific connections that exhibited over-connectivity and under-connectivity

patterns, as extracted from the original connectivity matrices computed using diverse atlas Regions

of Interest (ROIs).

To achieve this, we introduced two additional layers to our connectivity matrices, each dedicated to

preserving the connections with distinct specifications. One layer accommodated the strongest con-

nections, while the other encompassed the weakest connections. This careful layering allowed us to

concentrate on the crucial connections that bear potential diagnostic significance for autism.

Subsequently, we harnessed the power of deep neural networks in combination with the Support Vector

Classifier (SVC) to execute our classification task. Leveraging transfer learning, we extracted features

from the connectivity matrices using deep neural networks. These extracted features, representing the

discriminative patterns found in the data, were then subjected to separate classification with SVC.

The incorporation of deep learning in feature extraction bestowed the model with the capacity to cap-

ture intricate and high-level representations, enabling it to discern subtle differences between autism

and neurotypical cases. Simultaneously, SVC, a proven and effective classification algorithm, facili-

tated the determination of the optimal decision boundary to distinguish between the two classes.

For the sake of comparison, we constructed a basic 3D connectivity matrices where to preserve the

original information within the connectivity weights, we divided the connectivity weights by three.
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This strategic approach ensured that the fundamental information encoded in the connectivity weights

remained intact, while effectively populating the layers of the 3D matrices. By doing so, we aimed

to strike a balance between retaining the essential features of the connectivity data and ensuring the

successful formation of the 3D matrices, setting the stage for subsequent analyses and investigations.

The results achieved were greatly different from those achieved in the previous chapter.

First, the AAL Tangent combination that have been taking the lead in all the previous test plummeted

greatly achieving the worst results in this chapter (see Table 4.6).

Moreover, every atlas performed its best only once in all tests with different combinations.

In these tests, the most remarkable performance was observed, achieving an impressive 80.48% ac-

curacy, 63.68% sensitivity, and a perfect 100% specificity. These exceptional results were attained

through the utilization of a p-value of 0.01 and the classification of features extracted from the 3D

correlation matrices constructed with the DosenBach atlas, combined with the division strategy. This

winning combination demonstrated the robustness and discriminative power of the chosen approach,

highlighting its potential significance in accurately identifying autism cases from the neurotypical

population.

With this same p-value, the CC200 atlas also showed its best reaching 77.61%. However, the 3D

matrices were constructed from the tangent matrices with the spanning trees strategy.

The AAL atlas reached only 73.59% with a p-value of 0.1 and the covariance 3D matrices constructed

using the spanning trees strategy.

From the wealth of results presented in this chapter, several distinct conclusions emerge. Foremost,

the comparisons drawn from all the tests underscore the multifaceted nature of working with hetero-

geneous data. It becomes evident that numerous factors can significantly influence the accuracy of

detection. Notably, the findings revealed that the accuracy of detection can differ substantially when

using various connectivity matrices, even when keeping the same atlas constant. This observation un-

derscores the importance of meticulous consideration and thorough exploration of data features when

striving for accurate and reliable detection in neuroimaging-based studies. The varying outcomes

serve as a poignant reminder of the intricacies involved in analyzing complex brain connectivity data

and the need for a tailored approach to meet the specific demands of each analysis scenario.

Also, testing the two 3D matrices construction strategies showed the huge impact they can have on

the results. Which is quite logical, since one is based on the autism theories while the other is based

on a simple division that add no autism specification to the 3D matrices. Moreover, the combination

of the atlases with the 3D construction strategies also matters. Since the AAL and CC200 best results

were achieved with the spanning trees strategy while only the DosenBach was better with the division

strategy. This last reported result was also the best which is quite interesting.

In the other hand, not all results were above average, which means that the features extracted were

not enough to identify autism with high accuracy. This result might be related to the depth and

structure of the deep learning model. But it can also be related to the choice of the connectivity

matrices computation method as well as the choice of the atlas and the number of its ROIs.
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4.7 Conclusion

In the mathematical field, the negation is used to prove the veracity of a theory by demonstrating

that if its negation is false, automatically the theory is true. In the previous chapter, we used this

concept and were able to detect some changes that proved the existence of communication deficits in

the autistic brain.

Going further, we integrated these findings in a new approach using deep learning. In this approach

we introduced a new vision to using deep learning with connectivity matrices, by pursuing a path of

image mimicking.

This implied constructing a new data based on the connectivity matrices and using a layering strategy

that permitted to construct two sets of RGB images alike matrices for every data source.

Notably, the approach of dividing the information into three equal layers proved to be particularly

well-suited, leading to a significant increase in the accuracy of detection. The integration of autism

theories in this test introduced modifications to the structure of the matrices, resulting in enhanced

detection accuracy compared to the existing state of the art.

By leveraging this division strategy, we were able to capitalize on the inherent information contained

within the connectivity data, resulting in improved performance. This successful approach holds great

promise for advancing the field of autism detection and underscores the importance of incorporating

domain-specific knowledge to optimize classification outcomes in neuroimaging studies.
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Improving Autism Detection through

an enhanced Deep Learning-based

approach

The previous chapter showed that in a heterogeneous setting using the ABIDE dataset, machine

learning achieved an accuracy range of 60% to 70% for autism detection. The application of deep

learning further improved detection accuracy, reaching 80%.

Hence, after investigating autism using machine learning then by combining machine learning and deep

learning, and continuing on the same track of autism tailored detection, in this chapter, we propose a

two-phase deep system with an enhancement approach for identifying autistic patients based on deep

learning.

Deep learning usually requires a large database for the learning phase. However, our data is limited. To

overcome this limitation, similar to the approach in the previous chapter, we adopt transfer learning.

Transfer learning leverages pre-trained models on well-known databases, such as ImageNet, to improve

performance and address the challenge of training deep learning models.

Our approach also addresses the inherent complexity of the brain by leveraging functional magnetic

resonance imaging (fMRI) data to extract connectivity maps that capture the intricate interactions

between different regions of the brain. To overcome the challenges posed by the sheer number of neural

units and enhance interpretability, we utilize atlases to reduce the complexity of the connectivity maps.

What sets our approach apart is the introduction of a novel enhancement method based on a specific

layering of the data within the convolutional neural network. This layering is tailored to ASD and

draws inspiration from previous autism theories. By incorporating layers that represent the properties

of over-connectivity and under-connectivity, we aim to highlight connectivity patterns that have been

identified as relevant autism biomarkers. This approach aims to improve the accuracy of the deep

learning system in detecting autism.

5.1 Data Construction

Since this is a continuation of the previous autism investigation, the data is preprocessed with C-

PAC. The data construction involves two important steps. First, the computation of the connectivity

73
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matrices that include the covariance, the correlation and the tangent methods with the time series of

the AAL, DosenBach and CC200 atlases.

For the second step, similar to the approach outlined in Chapter 4, we mimic RGB images by con-

structing three-dimensional connectivity maps that contain different interactions of the brain regions.

This step includes a novel enhancement method highlighting the connectivity information crucial to

autism detection.

5.1.1 Creation of the 3D Connectivity Matrices

To generate the 3D (RGB images alike) connectivity matrices, following the same methodology from

the previous Chapter 4, we begin by computing the connectivity matrices for subjects in the ABIDE

I preprocessed database using three distinct atlases: AAL, DosenBach, and CC200 atlases. These

atlases offer diverse sets of clusters of Regions of Interest (ROIs) and allow for the construction of

connectivity matrices with dimensions of 116×116, 161×161, and 200×200 connections, respectively.

The connectivity matrices are then derived using three connectivity computation methods:

• The covariance method [143], which calculates coefficients reflecting direct and indirect connec-

tions between each pair of regions.

• The correlation method, which assesses the likelihood of communication between the ROIs.

• The tangent space embedding [144], which goes beyond the individual level and couples informa-

tion from all interactions into a single group connectome using a geometrical framework. This

approach allows the measurement of interactions in a common space known as the tangent space

[145].

By combining the three time series and the connectivity computing methods, a total of nine different

connectivity matrices (CM) are obtained for each subject.

Subsequently, each CM is divided separately by 3 to extract a third of its connectivity weights. The 3D

connectivity matrix of this CM is then constructed by transposing the extracted thirds, as illustrated

on the right side of Figure 5.1.

5.1.2 Enhanced 3D Matrices

The enhanced matrices exhibit specific highlighted connections for each layer, incorporating infor-

mation relevant to autism theories. This process builds upon the earlier division technique while

emphasizing connections aligned with autism-related hypotheses. To achieve this, we first transform

each connectivity matrix into a graph g = (V,E), where V is a finite set of vertices representing the

ROIs from the atlases, and E ⊆ V × V is a finite set of weighted edges representing connections

between pairs of ROIs.

Next, we extract the layers of the enhanced matrices based on high-weight and low-weight connections

using the maximum spanning tree and the minimum spanning tree, respectively, as depicted on the

left side of Figure 5.1.

After extracting both trees, we construct the enhanced 3D matrices for each subject by overlaying the
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Figure 5.1: The 3D matrices construction process. MST and MaxST represent the minimum spanning tree
and the maximum spanning tree, respectively.

original connectivity matrix on the first layer, the maximum spanning tree on the second layer, and

the minimum spanning tree on the third layer (see Figure 5.1).

Thus, the enhanced matrices embody the concepts of over-connectivity and under-connectivity, which

have been previously evidenced in the brain regions in the earlier chapters.

5.2 Classification with CNN

In this stage of our study, we leverage the power of convolutional neural networks and transfer learning

to classify the constructed 3D matrices and overcome the limitation of limited data size. The main

steps of our classification process are illustrated in Figure 5.2, providing a visual representation of our

approach. To begin, we follow a typical transfer learning workflow, where we employ a pre-trained

base model and load its weights. By doing so, we benefit from the knowledge acquired through the

training of the base model on a large-scale dataset. To preserve this valuable information, we freeze

all layers of the base model, ensuring that the learned weights remain unchanged during the training

process.

Building upon the output of the base model, we create a new model that incorporates additional

layers tailored to our specific task. This allows us to extract meaningful features from the connectivity

matrices and capture the distinctive patterns associated with autism.

As the model trains and converges on the extracted features, we unfreeze all layers of the base model

and initiate an end-to-end re-training phase with a very low learning rate. This step aims to further

refine the model’s performance and potentially improve the classification results.

To enhance the reliability of our findings, we adopt a 10-fold cross-validation approach. Where we
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Figure 5.2: The main steps of deep learning classification.

perform ten separate tests, each time reserving one fold as a test set while utilizing the remaining folds

for training and validation. This comprehensive evaluation strategy provides a robust assessment of

our model’s performance.

Then to evaluate the effectiveness of our classification approach, we employ the accuracy metric,

which measures the model’s ability to correctly differentiate between individuals with ASD and control

subjects [146]. We compute the mean accuracy across all ten tests of the cross-validation, ensuring a

reliable estimation of our model’s performance.

By combining transfer learning, CNNs, and cross-validation, we aim to develop a robust and accurate

classification system that effectively distinguishes between individuals with autism and neurotypical

individuals. The utilization of these techniques allows us to leverage existing knowledge while fine-

tuning the model to capture the unique connectivity patterns associated with autism.

The models used are VGG16, VGG19, ResNet50, Inception, InceptionResNet, ResNet152V2, and

Xception with the weights of imageNet.

5.2.1 VGG16

VGG16 is a convolutional neural network architecture that belongs to the VGG (Visual Geometry

Group) family of models. It was introduced by Karen Simonyan and Andrew Zisserman in their

research paper titled ”Very Deep Convolutional Networks for Large-Scale Image Recognition” in 2014

[147].

The VGG16 architecture is known for its simplicity and effectiveness in image classification tasks. The

”16” in VGG16 refers to the number of layers in the network, including convolutional layers, pooling

layers, and fully connected layers.

The key feature of VGG16 is its use of a series of stacked convolutional layers with small 3x3 filters,

along with max pooling layers, throughout the network. The architecture maintains a consistent filter

size and pooling size across all layers, which contributes to its simplicity and uniformity.
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VGG16 consists of multiple convolutional blocks, each containing two or more convolutional layers

with the same filter size, followed by a max pooling layer. The number of filters in each block increases

as we go deeper into the network, allowing for the extraction of increasingly complex features.

The final part of VGG16 comprises fully connected layers that are responsible for the classification

task. These layers take the output of the convolutional layers, flatten it, and pass it through fully

connected layers with progressively reducing dimensions. The final layer uses softmax activation to

produce class probabilities.

With its straightforward and uniform architecture, it serves as a strong baseline for image classification

tasks and has been widely adopted and used as a foundation for many subsequent CNN architectures.

VGG16 is characterized by its depth, as it has 16 weight layers, including 13 convolutional layers

and 3 fully connected layers. It has a homogeneous architecture with a consistent configuration of

convolutional and pooling layers throughout the network that can summarized as follows:

• The input of 224x224 RGB images.

• It begins with a series of convolutional layers, each followed by a rectified linear unit (ReLU)

activation function. The convolutional layers use small 3x3 filters with a stride of 1 and padding

to preserve spatial dimensions. These layers are stacked multiple times to capture increasingly

complex features.

• After each set of convolutional layers, VGG16 applies max pooling layers with a 2x2 window

and a stride of 2. These pooling layers progressively reduce the spatial dimensions of the feature

maps while retaining important features.

• After the convolutional and pooling layers, VGG16 consists of three fully connected layers.

Each fully connected layer has a large number of neurons and is followed by a ReLU activation

function. These layers perform high-level feature extraction and mapping.

• The final layer of VGG16 is a softmax activation function, which produces the predicted class

probabilities for image classification. The number of neurons in the output layer corresponds to

the number of classes in the classification task.

5.2.2 VGG19

VGG19 is also part of the VGG family of models. Its architecture is also simple with ”19” in VGG19

refering to the number of layers in the network, including convolutional layers, pooling layers, and

fully connected layers.

In the same way as VGG16, VGG19 uses the stack of convolutional layers with small 3x3 filters, along

with max pooling layers, throughout the network. The architecture maintains a consistent filter size

and pooling size across all layers, which contributes to its simplicity and makes the model easier to

understand and replicate.

Its architecture is similar to VGG16 with multiple convolutional blocks that contain multiple convo-

lutional layers, followed by a max pooling layer. The final part of VGG19 consists of fully connected

layers, which are responsible for the classification task. These layers take the output of the con-

volutional layers, flatten it, and pass it through fully connected layers with progressively reducing
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dimensions. The final layer uses softmax activation to produce class probabilities.

Although VGG19 is deeper and more computationally expensive than some other architectures, it

provides a strong baseline for image classification tasks. Its straightforward and uniform structure

makes it easier to understand and implement, which has contributed to its popularity and widespread

adoption in the computer vision community.

Its architecture can be summarized in the following:

• The input to the VGG19 model is a 224x224 RGB image.

• VGG19 begins with a series of convolutional layers, each followed by a rectified linear unit

activation function. The convolutional layers use small 3x3 filters with a stride of 1 and padding

to preserve spatial dimensions. These layers are stacked multiple times to capture increasingly

complex features.

• After each set of convolutional layers, VGG19 applies max pooling layers with a 2x2 window

and a stride of 2. These pooling layers progressively reduce the spatial dimensions of the feature

maps while retaining important features.

• After the convolutional and pooling layers, VGG19 consists of three fully connected layers.

Each fully connected layer has a large number of neurons and is followed by a ReLU activation

function. These layers perform high-level feature extraction and mapping.

• The final layer of VGG19 is a softmax activation function, which produces the predicted class

probabilities for image classification. The number of neurons in the output layer corresponds to

the number of classes in the classification task.

5.2.3 Inception

Inception refers to a deep convolutional neural network architecture that was introduced in the research

paper titled ”Going Deeper with Convolutions” [148]. The Inception architecture was designed to

address the challenge of constructing deeper networks while managing computational complexity and

improving accuracy.

The key idea behind the Inception architecture is the use of ”Inception modules” that consist of

multiple parallel convolutional layers with different filter sizes. This allows the network to capture

features at different spatial scales and learn diverse representations. The parallel convolutional layers

within an Inception module are followed by 1x1 convolutions that act as dimensionality reduction

layers to reduce computational cost.

Inception networks have been widely used in computer vision tasks, particularly in image classification,

object detection, and image segmentation. They have achieved remarkable performance on benchmark

datasets, such as ImageNet, and have been influential in the development of subsequent architectures.

It’s worth mentioning that Inception is a foundational concept in CNN architectures, and its principles

have inspired the design of many subsequent models. While the original Inception architecture has

made significant contributions, researchers continue to explore and develop new architectures that

build upon its ideas to further improve the performance of deep neural networks.

The InceptionV3 architecture is a deep convolutional neural network that was introduced by Christian
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Szegedy et al. as part of the Inception family of models. It is designed for image classification and

feature extraction tasks. Its architecture is defined by six important points:

• The input to the InceptionV3 model is a 299x299 RGB image.

• The initial layers of InceptionV3 consist of multiple convolutional layers with different filter sizes

(1x1, 3x3, 5x5) and strides. These layers extract low-level features from the input image.

• The core building blocks of InceptionV3 are the Inception modules. These modules are designed

to capture features at different spatial scales. Each Inception module contains parallel branches

of convolutions with different filter sizes. These branches are combined using concatenation

along the channel dimension. InceptionV3 includes multiple stacked Inception modules, each

with different numbers and sizes of convolutional filters.

• InceptionV3 incorporates auxiliary classifiers at intermediate layers of the network. These auxil-

iary classifiers have their own softmax layer and are used during training to combat the vanishing

gradient problem. They encourage the network to learn more useful and discriminative features.

• The final part of InceptionV3 consists of fully connected layers that take the output of the

convolutional layers and perform classification. The fully connected layers gradually reduce

the spatial dimensions and ultimately produce the predicted class probabilities using softmax

activation.

• InceptionV3 employs various training techniques, including batch normalization, dropout regu-

larization, and gradient normalization. These techniques help in stabilizing and improving the

training process, leading to better generalization and performance.

5.2.4 RESNET50

ResNet50 is a convolutional neural network architecture that belongs to the ResNet (Residual Net-

work) family. It was introduced by Kaiming He et al. in their research paper titled ”Deep Residual

Learning for Image Recognition” in 2015 [149].

Again the ”50” in ResNet50 refers to the number of layers in the network, including convolutional

layers, pooling layers, fully connected layers, and skip connections. ResNet50 is a variant of the orig-

inal ResNet architecture that was specifically designed for image classification tasks.

The key innovation in ResNet50 is the use of residual connections or skip connections, which address

the problem of vanishing gradients in deep networks. These skip connections allow the gradient to

flow directly from one layer to another, enabling the training of much deeper networks without degra-

dation in performance. This helps in mitigating the challenges of training very deep neural networks

and allows for better feature propagation.

ResNet50 consists of several residual blocks, each containing multiple convolutional layers and skip

connections. It also incorporates global average pooling, which replaces traditional fully connected

layers, and a softmax layer for classification.

Due to its architectural simplicity and effectiveness, ResNet50 has become widely adopted in computer

vision applications. It serves as a powerful tool for tasks such as image recognition, object detection,
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and image segmentation. Researchers and practitioners often use ResNet50 as a benchmark or start-

ing point for developing more advanced network architectures.

Its architecture key points are:

• The input to the ResNet50 model is a 224x224 RGB image.

• The initial layer of ResNet50 is a 7x7 convolutional layer with stride 2, followed by a max pooling

layer. This reduces the spatial dimensions of the input image.

• The core building blocks of ResNet50 are the residual blocks. A residual block consists of multiple

convolutional layers with shortcut connections. The convolutional layers learn the residual

mapping, which represents the difference between the desired output and the current input.

The shortcut connections allow the gradients to flow directly through the block, mitigating the

vanishing gradient problem and making it easier to train very deep networks. ResNet50 has 16

residual blocks grouped into four stages, each with a different number of filters. The first stage

has a single convolutional layer, and subsequent stages have three convolutional layers per block.

The number of filters increases as we go deeper into the network, allowing for the extraction of

more complex features.

• After the residual blocks, ResNet50 applies global average pooling to reduce the spatial dimen-

sions to 1x1x2048. This operation summarizes the learned features for each channel.

• The final part of ResNet50 consists of a fully connected layer with 1000 neurons, followed by a

softmax activation function. This layer produces the predicted class probabilities.

5.2.5 InceptionResNet

InceptionResNet refers to a hybrid convolutional neural network architecture that combines the con-

cepts of the Inception architecture and the ResNet architecture. It was introduced in the research

paper titled ”Inception-v4, Inception-ResNet and the Impact of Residual Connections on Learning”

[150].

The InceptionResNet architecture aims to leverage the advantages of both Inception and ResNet net-

works, namely the ability to capture multi-scale features and the ability to train very deep networks

with skip connections.

The main building block of the InceptionResNet architecture is the Inception-ResNet module, which

incorporates the residual connections from the ResNet architecture into the Inception module of the

Inception architecture.

The Inception-ResNet module follows a similar structure as the Inception module, with parallel

branches of different convolutions, but also includes residual connections. These residual connec-

tions allow the gradient to flow directly through shortcut connections, similar to the original ResNet

architecture. This enables the network to mitigate the vanishing gradient problem and make it easier

to train deeper networks.

By combining the benefits of both architectures, InceptionResNet models can effectively capture

multi-scale features with improved training and optimization. They have demonstrated excellent per-

formance on various computer vision tasks, including image classification, object detection, and image



Chapter 5 81

segmentation.

InceptionResNet models are typically named with a combination of the terms ”Inception” and ”ResNet”

followed by a number indicating the number of layers or variations. Examples include InceptionRes-

NetV1 and InceptionResNetV2, which represent different versions of the architecture with varying

modifications and improvements.

The InceptionResNetV2 was introduced by Christian Szegedy et al. in their research paper titled

”Inception-v4, Inception-ResNet and the Impact of Residual Connections on Learning” in 2016. In-

ceptionResNetV2 aims to leverage the benefits of both architectures for improved performance in

image classification tasks.

InceptionResNetV2 architecture is defined by:

• The initial layers of InceptionResNetV2 form the stem. This includes a combination of convo-

lutional layers, pooling layers, and batch normalization to extract low-level features from the

input image.

• Similar to the Inception architecture, InceptionResNetV2 incorporates Inception modules to

capture features at different scales. These modules consist of parallel branches of convolutions

with varying filter sizes. However, unlike the original Inception modules, InceptionResNetV2 also

includes residual connections to address the vanishing gradient problem and improve gradient

flow.

• InceptionResNetV2 includes residual blocks, inspired by the ResNet architecture, to allow for the

training of very deep networks. These residual blocks contain multiple convolutional layers and

incorporate residual connections that directly pass the input through the block. This enables

the network to learn residual mappings and makes it easier to train deeper networks.

• InceptionResNetV2 incorporates reduction blocks that include a combination of convolutional

layers, pooling layers, and dimensionality reduction techniques. These blocks reduce the spatial

dimensions of the feature maps while increasing the number of filters, enabling the extraction

of more complex features.

• After the convolutional layers and residual blocks, InceptionResNetV2 applies global average

pooling to reduce the spatial dimensions to 1x1x2048, summarizing the learned features for each

channel.

• The final part of InceptionResNetV2 consists of a fully connected layer with a softmax activation

function to produce the predicted class probabilities.

5.2.6 RESNET152V2

ResNet152V2, also known as Residual Network-152 Version 2, as it name suggests, is a convolutional

neural network architecture that belongs to the ResNet family.

The ResNet152V2 architecture is an extension of the original ResNet152 model, introducing some

additional enhancements to improve its performance. It utilizes residual connections.

ResNet152V2 consists of 152 layers, making it a very deep model. It has a similar basic structure as

other ResNet models, which is based on the concept of residual blocks. Each residual block contains
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a stack of convolutional layers, batch normalization, and ReLU activation functions, with residual

connections added to the output of each block.

The key improvements in ResNet152V2 include the use of bottleneck residual blocks and a combi-

nation of other techniques such as batch normalization, weight decay, and adaptive learning rate.

These enhancements help to reduce the number of parameters and computational complexity while

maintaining or improving accuracy.

The ResNet152V2 architecture builds upon the ResNet architecture and introduces some additional

improvements, resulting in an architecture with seven important points:

• The input Layer of ResNet152V2 takes an input image of size 224x224x3 (RGB color channels).

• The initial layer applies a convolution operation with a 7x7 kernel and 64 filters, followed by

batch normalization and ReLU activation. A max pooling layer with a 3x3 kernel and a stride

of 2 is then applied to downsample the feature maps.

• ResNet152V2 consists of a stack of residual blocks. Each block is composed of several convolu-

tional layers, batch normalization, and ReLU activation functions. The key difference compared

to earlier ResNet versions is the use of ”bottleneck” blocks, which reduce the number of param-

eters and computational complexity. A bottleneck block consists of three convolutional layers

with 1x1, 3x3, and 1x1 filter sizes, respectively.

• ResNet152V2 uses skip connections or shortcut connections to address the vanishing gradient

problem. These connections allow the gradient to flow directly across layers, improving gradient

propagation and easing the training of deep networks.

• Instead of using fully connected layers, ResNet152V2 employs global average pooling after the

residual blocks. This operation calculates the average value of each feature map, resulting in a

fixed-length feature vector.

• A dense layer with softmax activation is added on top of the global average pooling layer to

perform the final classification. The number of neurons in this layer depends on the specific task

and dataset being used.

• ResNet152V2 is typically pretrained on large-scale image classification datasets like ImageNet.

After pretraining, the model can be fine-tuned on a smaller task-specific dataset to adapt to the

specific classification task.

5.2.7 Xception

Xception is a convolutional neural network architecture that was introduced in the research paper

titled ”Xception: Deep Learning with Depthwise Separable Convolutions” [151]. The name ”Xcep-

tion” stands for ”Extreme Inception,” indicating that it is an extension or an extreme version of the

Inception architecture.

The Xception architecture is based on the idea of depthwise separable convolutions, which aim to

improve the efficiency and effectiveness of convolutional layers in deep neural networks. Traditional
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convolutions apply a series of filters to input channels, resulting in a high computational cost. In

contrast, depthwise separable convolutions split the convolution operation into two separate stages:

depthwise convolutions and pointwise convolutions.

In the depthwise convolution stage, each input channel is convolved with its own set of filters inde-

pendently. This step captures spatial information within each channel. In the pointwise convolution

stage, 1x1 convolutions are applied to combine the output channels of the depthwise convolution. This

step allows for cross-channel interactions and the extraction of higher-level features.

By separating the spatial and cross-channel operations, Xception reduces the number of parameters

and computations required compared to traditional convolutions. This enables deeper networks and

more efficient learning.

The Xception architecture follows a similar overall structure as the Inception architecture, with mul-

tiple parallel branches of different convolutions, pooling layers, and skip connections. However, the

key difference lies in the use of depthwise separable convolutions instead of traditional convolutions.

In summary, the Xception architecture is characterized by:

• An initial part, called the entry flow, which consists of a series of convolutional layers with

depthwise separable convolutions. Unlike traditional convolutions that operate on both the

spatial and channel dimensions together, depthwise separable convolutions decouple the two

operations. They first apply spatial convolutions (1x1 convolutions) to each channel separately

and then combine the outputs with depthwise convolutions (3x3 convolutions). This reduces

computational complexity while preserving representational power.

• The middle flow of Xception repeats a set of residual blocks that further deepen the network.

These residual blocks utilize depthwise separable convolutions and residual connections, sim-

ilar to the ResNet architecture, to capture and propagate information through the network

effectively.

• The exit flow of Xception contains a combination of residual blocks and average pooling layers.

It gradually reduces the spatial dimensions of the feature maps and increases the number of

filters. The exit flow concludes with a global average pooling layer to summarize the learned

features.

• The final part of Xception consists of a fully connected layer with a softmax activation function.

This layer maps the learned features to the predicted class probabilities.

5.3 Results

The combination of the three atlases and the three connectivity methods yields a total of nine distinct

connectivity matrices for each subject. This number doubles after the application of 3D creation, re-

sulting in nine basic 3D matrices and nine enhanced 3D matrices. Consequently, for every individual

in our study, we have a total of 18 different connectivity matrices to analyze.

These matrices are then fed separately into the seven deep learning models, leading to the extraction

of 128 groups of features. The sizes of these extracted features vary depending on the depth of the

model and the specific atlas used, ranging from 2 × 2 to 7 × 7.
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By employing multiple atlases, connectivity methods, and deep learning models, we aim to capture

the diverse aspects of brain connectivity in individuals with autism. This comprehensive approach

allows us to explore various patterns and representations within the connectivity matrices, providing

a rich set of features for our classification task.

Table 5.1 groups all the different features sizes in correspondence with the deep learning model and

matrices type.

Then, for every atlas, by using a 10-fold cross-validation we ended up with 42 groups of 10 accuracy

Table 5.1: Sizes of the features extracted by the different models from the three atlases’ connectivity matrices

RN152V2 Inception RN50 IRN X VGG19 VGG16

Dosenbach 6 x 6 3 x 3 6 x 6 3 x 3 5 x 5 5 x 5 5 x 5

CC200 7 x 7 4 x 4 7 x 7 4 x 4 7 x 7 6 x 6 6 x 6

AAL 4 x 4 2 x 2 4 x 4 2 x 2 4 x 4 3 x 3 3 x 3

values. The mean of these accuracy values are displayed in the tables below.

First, Table 5.2 contains the classification results of the AAL atlas.

Table 5.2: Accuracy of the classification of the AAL 3D matrices with and without enhancement.

Correlation Covariance Tangent

3D
Matrices

Enhanced
3D Matrices

3D
Matrices

Enhanced
3D Matrices

3D
Matrices

Enhanced
3D Matrices

ResNet152 72.12% 90.01% 76.14% 87.97% 87.77% 91.85%

Inception 92.68% 93.59% 82.81% 85.80% 84.99% 94.39%

ResNet50 46.26% 46.26% 85.44% 93.69% 46.26% 46.27%

InResNet 92.22% 93.70% 47.75% 46.85% 85.58% 92.68%

Xeption 89.93% 95.41% 64.42% 78.09% 90.04% 93.58%

VGG16 82.35% 96.10% 73.84% 91.51% 61.91% 92.89%

VGG19 80.39% 95.98% 70.75% 90.48% 68.57% 94.04%

The matrices of the AAL atlas have a shape of (116, 116, 3). When fed into the models, these matrices

result in feature sizes of 2 × 2 for Inception and InceptionResNet models, 3 × 3 for the VGG models,

and 4 × 4 for the remaining models.

An important observation from the results in Table 5.2 is the high number of accuracy values exceeding

90%, which are highlighted in bold font. Many of these values surpass the state-of-the-art achievements

in fMRI-based autism detection. Furthermore, the utilization of the enhancement approach improves

the classification results. Specifically, the classification of enhanced 3D matrices achieves accuracy

values of 96.10% and 95.98% using the correlation matrices with VGG16 and VGG19, respectively.

For the other models, the enhancement approach consistently leads to high accuracy values with all

connectivity calculation methods (correlation, covariance, and tangent), except for ResNet50, which

demonstrates high accuracy only with the covariance method. However, in general, VGG16 and

VGG19 remain the top choices for modeling the enhanced matrices of the AAL atlas, as all their

accuracy values exceed 90%.
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These results indicate the effectiveness of the proposed approach in achieving high accuracy in fMRI-

based autism detection, particularly with the AAL atlas enhanced matrices. Through these results the

enhancement approach, combined with deep learning models, has proven to be successful in capturing

relevant features and improving classification performance.

Moving on to the DosenBach atlas and its matrices with a shape of 161 × 161 × 3, the resulting

features also have varying sizes. Specifically, the features are 3 × 3 for Inception and InceptionResNet

models, 5 × 5 for the VGG models and Xception, and 6 × 6 for the ResNet models.

When comparing the results of the DosenBach atlas to those of the AAL atlas in Table 5.3, the

overall performance is lower. This suggests that the deep learning models struggle to effectively

extract meaningful features from the matrices of this atlas. Interestingly, the VGG models, which

performed well with the AAL atlas features, show poor performance with all strategies and types

of connectivity calculations when applied to the DosenBach atlas. Only Inception and ResNet152

achieved an accuracy of over 90%, but only with the correlation and tangent methods, respectively.

In this case, the poor results obtained with the DosenBach atlas may be attributed to the increased

number of ROIs and the delineation of the ROIs, which could have been the reason of a loss of critical

information necessary for accurate classification.

Table 5.3: Accuracy of the classification of the DosenBach 3D matrices with and without enhancement.

Correlation Covariance Tangent

3D
matrices

Enhanced
3D matrices

3D
matrices

Enhanced
3D matrices

3D
matrices

Enhanced
3D matrices

ResNet152 53.28% 88.42% 58.67% 66.95% 65.12% 91.63%

Inception 70.07% 92.44% 60.16% 64.08% 49.94% 48.22%

ResNet50 46.27% 46.27% 60.41% 77.98% 46.27% 46.27%

InResNet 57.41% 72.23% 49.25% 47.42% 60.41% 81.20%

Xeption 66.83% 79.94% 60.97% 67.18% 63.85% 76.82%

VGG16 46.27% 46.28% 50.07% 59.24% 46.27% 46.27%

VGG19 46.27% 47.07% 57.98% 58.80% 46.26% 46.26%

The classification results of the CC200 atlas in Table 5.4 do not align with the theory that an increased

number of ROIs leads to poor accuracy results. Many accuracy values exceeded 90%. Although the

CC200 atlas did not achieve the same level of performance as the AAL atlas, it still ranked in the

second position. The matrices of the CC200 atlas have a size of 200 × 200 × 3. Notably, the feature

sizes vary between 4 × 4 for Inception and InceptionResNet models, 6 × 6 for VGG16 and VGG19

models, and 7 × 7 for all other models.

the Xception model achieved the highest accuracy of 95.52%, followed by VGG16 with 95.30%. Once

again, the enhancement approach improved the results, although the overall performance was lower

than with the AAL atlas. Additionally, the larger size of the CC200 matrices results in the longest

execution time among all the atlases. As the feature sizes are the largest compared to the other

atlases, they contribute to an extended analysis time. Therefore, considering both accuracy and time,

the AAL atlas using the enhanced 3D correlation matrices remains the best combination.
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Table 5.4: Accuracy of the classification of the CC200 3D matrices with and without enhancement.

Correlation Covariance Tangent

3D
Matrices

Enhanced
3D Matrices

3D
Matrices

Enhanced
3D Matrices

3D
Matrices

Enhanced
3D Matrices

ResNet152 86.72% 89.93% 61.56% 89.23% 78.90% 91.52%

Inception 88.89% 88.55% 72.34% 87.39% 87.40% 92.78%

ResNet50 46.27% 46.28% 84.99% 94.38% 46.28% 46.27%

InResNet 88.56% 94.95% 49.96% 52.93% 84.78% 93.70%

Xeption 88.33% 95.52% 73.27% 75.21% 87.86% 93.01%

VGG16 53.86% 90.15% 93.68% 95.30% 46.26% 51.67%

VGG19 69.60% 53.97% 73.85% 90.13% 46.04% 46.27%

Upon comparing the results from the three tables, several observations can be made. Firstly, ResNet50

consistently performed poorly in the classification of correlation and tangent matrices, but showed

improvement when using the covariance method. On the other hand, ResNet152 consistently achieved

high accuracy in classifying tangent matrices across all three atlases, with only a slight decrease in

performance from the AAL atlas to the CC200 atlas. Inception also exhibited some consistency in

performance across the atlases, particularly with the correlation method. However, a notable decrease

in accuracy was observed when transitioning from the AAL atlas to the CC200 atlas.

These findings highlight the importance of the deep learning model structure in achieving accurate

classification. However, it is evident that a single model structure cannot effectively handle all atlases

and connectivity calculation methods.

Additionally, Figure 5.3 illustrates the classification results before and after fine-tuning. It is clear that

fine-tuning improves the classification accuracy. Furthermore, the enhancement technique positively

impacts the results even without fine-tuning, which aligns with the findings in Tables 5.2–5.4.

5.4 Discussion

The primary objective in this chapter was to assess the efficiency of the enhancement approach in

detecting autism through a classification task. The approach involved two key steps: data preparation

and application of deep learning for classification.

Staying in the same context as the other tests, we utilized the ABIDE I dataset as a base to construct

our data. We explored various options, resulting in nine combinations derived from three atlases

and three connectivity computation methods. Subsequently, we constructed 3D matrices using two

strategies: one that preserved the original information divided into three parts and fed into a CNN

model, and another that incorporated enhancement to address the connectivity deficits associated

with autism, aiming to assist deep learning models in distinguishing between autistic and non-autistic

subjects.

For the deep learning phase, the utilization of transfer learning in this study enabled the application

of deep learning models even with a relatively small dataset of 871 subjects. Hence allowing us to

leverage the advantages of deep learning.
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Classification results before and after fine tuning 
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Figure 5.3: Classification before and after tuning.

Then, by considering the different combinations of atlases, connectivity methods, 3D creation ap-

proaches, and the seven CNN models, a total of 126 classification strategies were evaluated, resulting

in 126 different accuracy values.

To enhance the reliability of the results and mitigate the risk of overfitting, we employed cross-

validation and introduced fine-tuning by incorporating a dropout layer in the transfer learning models.

This fine-tuning step further improved the accuracy of autism detection, as evidenced in Figure 5.3.

Among the various combinations tested, the enhancement strategy proved to be particularly effective

in increasing the accuracy of detection for most models, resulting in notable improvements in autism

detection compared to previous studies. Without deep learning, the highest accuracy achieved in the

literature was only 70% with the entire ABIDE I dataset [104, 144]. In contrast, our work achieved an

accuracy of 90% by employing the RGB-mimicking approach to construct 3D matrices. Furthermore,

the incorporation of the enhancement strategy further boosted the accuracy, with the highest achieved

accuracy reaching 96%.

The combination of VGG models with the connectivity matrices of the AAL atlas, including corre-

lation, covariance, and tangent, consistently yielded high accuracy results. This can be attributed

to the structure of the VGG models, which do not have a large number of layers, and the relatively

small number of ROIs in the AAL atlas. Consequently, the execution time for these combinations was

notably faster compared to others.
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Interestingly, the number of ROIs in an atlas did not show a direct correlation with classification

accuracy. Both the CC200 atlas, with the highest number of ROIs, and the AAL atlas, with the

smallest number of ROIs, yielded high accuracy values with most deep learning models. On the other

hand, the Dosenbach atlas, which falls in between in terms of the number of ROIs, did not achieve

exceptional results. This suggests that the choice and delineation of ROIs can significantly impact the

classification outcomes, as even slight variations in the borders of these regions can lead to different

findings or the exclusion of crucial information.

ResNet152V2 stood out as a model capable of achieving accuracy values above 91% when used with

tangent enhanced matrices across all atlases. It consistently performed well in various enhancement

scenarios and showcased versatility in its accuracy results.

In terms of the connectivity calculation methods, the tangent method yielded favorable outcomes in

over half of the models across all atlases, except for the Dosenbach atlas, which showed good results

only with three out of the seven models. The correlation method resulted in accuracy values above

80% in more than 70% of the cases, particularly excelling with the AAL atlas, where accuracy often

surpassed 90%.

Furthermore, the results displayed in Figure 5.3 indicate that combining correlation with the AAL

atlas already achieved high accuracy values even before fine-tuning. However, fine-tuning further im-

proved performance in most cases, highlighting its effectiveness in enhancing the classification results.

These results highlight the significant impact of deep learning and the enhancement strategy in im-

proving the accuracy of autism detection, even with a limited dataset size. The findings demonstrate

the potential of leveraging advanced machine learning techniques to enhance our understanding of

autism and improve early detection methodologies.

Moreover, the results obtained in this study highlight the importance of testing multiple combinations

of models and methods to achieve accurate autism classification. No single model or method proved

to be universally superior, emphasizing the need for careful exploration and evaluation.

With an unprecedented accuracy of 96.10%, this work surpasses previous achievements using the

ABIDE dataset. The heterogeneity of the dataset, which is often seen as a challenge, actually became

an advantage in identifying common characteristics among individuals with autism. Furthermore, by

focusing on functional images rather than structural images, potential confounding factors such as

differences in brain growth rates were minimized. Structural abnormalities in brain volume observed

in children with autism tend to normalize as they reach adulthood. Therefore, investigating functional

abnormalities provides more decisive and age-independent insights.

Farther more, the utilization of a large and diverse database like ABIDE I enhances the generalizabil-

ity of the results, avoiding limitations typically associated with small datasets.

Overall, this study contributes to the ongoing efforts in understanding and detecting autism by demon-

strating the significance of leveraging existing knowledge and conducting further investigations to

enable early diagnosis of autism and mitigate its impact while awaiting a definitive cure.

5.5 Conclusion

This chapter has delved into the exploration of autism detection through an innovative enhancement

approach. By seamlessly integrating deep learning methodologies and meticulous data curation from



Chapter 6 89

the ABIDE I dataset, our study has yielded remarkable accuracy rates, peaking at an impressive 96%.

The incorporation of enhancement strategies has proven pivotal in significantly elevating accuracy

levels, eclipsing previous benchmarks. This achievement underscores the remarkable potential of

advanced machine learning techniques, even in the face of constrained datasets, as well as the autism

theories integration. Our findings shows the power of collaborative research and innovative methods

in advancing autism detection, offering a promising path towards early diagnosis and intervention.

The diversity within the dataset, once viewed as a challenge, has served as an asset in identifying

common characteristics among individuals with autism. This underscores the importance of leveraging

large and varied datasets to enhance the reliability and generalizability of our findings. Our extensive

assessment of different models, methods, and strategies underscores the nuanced nature of this task.

As our understanding of autism continues to evolve, the collaborative synergy of advanced machine

learning and comprehensive datasets will undoubtedly remain a cornerstone in the quest for earlier

diagnosis, tailored interventions, and ultimately, improved quality of life for individuals on the autism

spectrum.

In conclusion, this chapter has been dedicated to evaluating the effectiveness of an enhancement

approach for detecting autism through a classification task. With an unprecedented accuracy of

96.10%, this work surpasses prior achievements using the ABIDE dataset, showcasing the significance

of building on existing knowledge and conducting further investigations. This paves the way for early

autism diagnosis and mitigation, contributing to the broader goal while awaiting definitive cures.
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Conclusion

Autism is a disorder that impacts a person’s whole life and can lead to many problems as the difficulty

to deal with the outside world, which may finally lead to isolation. Therefore, studying and under-

standing this disorder is very important. Especially, since specialists declared that early discovery of

the disorder can be a good alternative in the present circumstances where no cure is available. Because

an early diagnosis permits to put the child through an adapted program that can help lessening the

disorder’s severity. So, the most important task in parallel to finding a cure is to find a method of

early diagnosis. This task is the objective of our study.

To achieve early diagnosis, there is a need for a mean that can be applied as early as possible to

detect this disorder, such as the brain images. Taking into consideration the development pace that

vary for every child and the fact that imaging techniques used for diagnosis should be non-invasive

and safe for use on children, we decided to focus on the functional brain by studying the connectivity

activity of the brain’s regions to extract biomarkers that can permit the detection of autism. But, in

the same time we wanted to take advantage of the existing autism theories, especially those tested

on small data that prevented the generalization of their findings, to tailor the detection process more

specifically to autism.

Neuroimaging studies have revealed both overconnectivity and underconnectivity in various brain re-

gions and networks associated with social cognition, sensory processing, and executive functions.

Overconnectivity refers to the idea that certain brain regions or circuits in individuals with ASD

exhibit heightened neural connections or activity compared to neurotypical individuals. It suggests

an increased level of connectivity within specific circuits.

Going deeper into the specifics of this theory, individuals with ASD may exhibit stronger or more nu-

merous connections between neighboring brain regions compared to typically developing individuals.

This local overconnectivity theory suggests that there is an increased functional connectivity within

specific local brain circuits in individuals with autism.

The idea behind local overconnectivity is that heightened connectivity within specific brain circuits

may lead to an increased focus on local details and difficulties in integrating information across larger

brain networks. This hyperconnectivity hypothesis suggests that individuals with autism may have a

tendency to process and perceive information at a more local level, rather than integrating it into a

broader context.

Underconnectivity, on the other hand, refers to reduced connectivity or weaker neural connections

between brain regions in individuals with ASD compared to neurotypical individuals.

90
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This theory also includes a variant, which is the Long-range underconnectivity, refering to a hypoth-

esis that suggests individuals with ASD may exhibit reduced functional connectivity between distant

brain regions. It is one of several proposed theories aiming to explain the neural basis of autism.

Long-range underconnectivity specifically refers to weaker functional connectivity between brain re-

gions that are anatomically distant from each other. In typical brain functioning, distant brain regions

often communicate and coordinate their activities through long-range connections, allowing for effi-

cient information processing and integration. However, in individuals with autism, these long-range

connections may be weaker or less efficient.

The hypothesis of long-range underconnectivity suggests that reduced connectivity between distant

brain regions could lead to difficulties in integrating and coordinating information across different

brain regions, resulting in the atypical cognitive and behavioral characteristics observed in individuals

with autism. These difficulties may manifest as challenges in social interaction, communication, and

the processing of complex information.

It is worth noting that both long-range underconnectivity and local overconnectivity are not mutually

exclusive and may coexist in individuals with ASD. These connectivity abnormalities are part of a

complex network-level dysregulation that can vary among individuals. The exact relationship between

local overconnectivity and long-range underconnectivity, as well as their impact on the cognitive and

behavioral features of autism, are still topics of ongoing research and investigation.

However, understanding the patterns of both local overconnectivity and long-range underconnectivity

is essential for gaining insights into the neural mechanisms underlying autism and potentially devel-

oping targeted interventions or therapies in the future.

In fMRI, neural connections are identified by measuring the temporal correlation between fluctua-

tions in the Blood-Oxygen-Level-Dependent (BOLD) signal of distinct anatomical regions [152]. The

outcomes are 4-dimensional images that facilitate the visualization of brain structure and the study

of functional activities in different brain regions. Two types of fMRI settings are commonly used:

resting-state and task-based fMRI.

While task-based fMRI might be more suitable for achieving high classification accuracy, it faces chal-

lenges in acquiring large datasets. Typically, the sizes of task-based datasets consist of fewer than 50

subjects [153]. Moreover, task-based fMRI might not be well-suited for certain individuals with ASD,

particularly those considered low-functioning or young children [24].

On the other hand, resting-state fMRI does not require a constrained experimental setup or the active

and focused participation of the subjects. This makes it more accessible for a broader range of indi-

viduals, including those with ASD. Resting-state fMRI has also demonstrated its ability to capture

interactions between brain regions that could serve as diagnostic biomarkers for neuropathology [25].

Various methods have been employed to study connectivity networks in resting-state fMRI images,

including multi-echo independent component analysis (multi-echo ICA) [154], Group-ICA [155], and

neighborhood one-class SVM [156]. These methods aim to derive descriptors for classifying subjects

based on their connectivity patterns.

However, a significant challenge in previous studies lies in the limited size of the data, which hinders

the generalization of descriptors, as highlighted by [157] and [158]. Researchers in [136] and [104]

addressed this using the extensive ABIDE database.

In [136], the authors used fMRI images of 964 subjects to compute 7266 × 7266 connectivity matrices
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by calculating the pair-wise correlation between each ROI. Then applied a leave-one-out approach,

resulting in a classification accuracy of 60%.

Subsequently, in [104], the authors adopted a specific intra and inter site classification approach using

cross-validation, achieving an accuracy of 67%. However, the pipeline did not specifically focus on

autism-related connections, as the connectomes were utilized without any intermediate processing

before classification.

Contrastingly, [159] highlighted the importance of considering autistic traits to achieve improved re-

sults in autism identification. In support of this notion, [160] demonstrated significant differences in

connectivity patterns between healthy children and those with autism when local and long-distance

deficits were taken into account. This underscores the significance of focusing on autism-specific con-

nections and features to enhance the accuracy of classification methodologies.

Therefore, in this work, we focused on integrating autism tailored methods that have technical simi-

larities with the above mentioned theories and conducted multiple tests based on multiple approaches

with the objective of improving autism identification.

In doing so, we focused on the functional brain to construct brain communication networks which

we first analyzed and compared to detect the autism-related over and under-connectivity deficits. In

other words, we examined the brain connectivity activity to validate existing autism theories, while

also extending them to encompass large and diverse datasets. To achieve this, we employed spanning

trees, an unbiased graph theory tool that permits to extract specific information based on predefined

conditions. In our case, we applied this tool to identify overconnectivity conditions associated with

strong connections and underconnectivity conditions associated with weak connection values.

Following that, in our pursuit of validating and exploring the variations of these theories, we intro-

duced novel methods and experimented with different combinations of tools. One such method was

hierarchical clustering, which allowed us to test the hypotheses of local over-connectivity and long-

range under-connectivity in ASD. This involved nullifying the connections both within and between

clusters in the computed connectivity graphs. Additionally, we incorporated spanning trees into the

investigation process using the elimination approach to further analyze these theories and their impli-

cations. These additional methods and approaches provided us with valuable insights and expanded

our understanding of the neural connectivity patterns in individuals with autism spectrum disorder.

However, prior to delving into the investigation of the elimination strategy, we recognized the signifi-

cance of the preprocessing strategy and its potential impact on the analysis. Therefore, we initiated

our research by comparing various preprocessing strategies proposed within the preprocessing pipeline.

Notably, we discovered that these preprocessing approaches significantly influenced the results, with

differences of up to 3 %. This finding aligns with previous studies [31], emphasizing the crucial role

of preprocessing in influencing test outcomes. The observed disparities in results among preprocess-

ing strategies underscore the potential of this choice to enhance the identification of autism through

imaging-based approaches.

After establishing the presence of overconnectivity and underconnectivity deficits in autism through

the elimination approach, we subsequently modified our methodology by incorporating deep learning

techniques.

Staying in the realm of machine learning, our initial approach employing deep learning involved ex-

tracting features from the data, which were subsequently used for classification purposes. As we
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progressed, we further developed our methodology by constructing a comprehensive system based on

deep learning. This system incorporated a novel enhancement approach that specifically targeted the

identification of overconnectivity and underconnectivity patterns associated with autism. Through

this approach, we achieved remarkable results, attaining the highest accuracy of 96%. This signifi-

cant improvement in accuracy demonstrates the effectiveness of our enhanced deep learning system

in accurately identifying autism based on the identified connectivity patterns.

In conclusion, based on our extensive experimentation and exploration of various tests and meth-

ods combinations in this study, we have come to the realization that there is no universally perfect

method or tool for detecting autism. Our findings consistently demonstrated that the results varied

significantly each time we altered our approach, even when working with the same underlying data

and methods. Our research has demonstrated that methods initially deemed incompatible with the

optimal combination can still yield remarkable results when thoroughly investigated and tested in

different contexts and with different strategies. This underscores the importance of open-mindedness

and thorough exploration in the field of autism detection. By embracing a diverse range of approaches

and adapting them to specific contexts, we increase the likelihood of uncovering valuable insights and

achieving accurate results in the identification of autism.

Hence, based on the insights gained from our research, pursuing multiple strategies and continuously

exploring the theories of autism will be crucial for future advancements in early autism diagnosis. By

incorporating a diverse range of tools and methodologies into the detection system, we can enhance

our ability to identify and diagnose autism at an early stage. This approach will enable us to capture

a broader range of potential indicators and manifestations of autism, leading to more accurate and

timely diagnoses. Ultimately, the goal of early autism identification can be better achieved by con-

tinually expanding our knowledge, refining our detection systems, and leveraging multiple strategies

to comprehensively address the complexity of autism spectrum disorder.

Expending a targeted investigation of over and under-connectivity, long range and short ranged con-

nectivity, can provide valuable insights into the neural underpinnings of autism, elucidating the specific

regions or circuits involved and their potential role in the development and manifestation of autism-

related symptoms. It can contribute to a more nuanced understanding of the complexity of brain

connectivity in autism and guide future research and interventions aimed at addressing the connec-

tivity deficits of the autistic brain in a targeted and effective manner.
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Sebastian Ocklenburg, and Silvia Paracchini. Human handedness: A meta-analysis. Psycholog-

ical Bulletin, 146, 04 2020. doi: 10.1037/bul0000229.

https://doi.org/10.1038/nrn2575
https://www.sciencedirect.com/science/article/pii/S1053811920309496
https://www.sciencedirect.com/science/article/pii/S1053811920309496
https://doi.org/10.1016/j.neuroimage.2010.08.063
https://doi.org/10.1162/netn_a_00033
https://doi.org/10.1038/s41592-019-0686-2


Bibliography 108

[133] Zhiqiang Sha, Antonietta Pepe, Dick Schijven, Amaia Carrión-Castillo, James M. Roe, René
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[138] Anibal Sólon Heinsfeld, Alexandre Rosa Franco, R. Cameron Craddock, Augusto Buchweitz,

and Felipe Meneguzzi. Identification of autism spectrum disorder using deep learning and the

ABIDE dataset. NeuroImage: Clinical, 17:16–23, 2018. doi: 10.1016/j.nicl.2017.08.017. URL

https://doi.org/10.1016/j.nicl.2017.08.017.

[139] TensorFlow Developers. Tensorflow, 2023. URL https://zenodo.org/record/4724125.

[140] François Chollet et al. Keras. https://github.com/fchollet/keras, 2015.

[141] Alexandre Abraham, Fabian Pedregosa, Michael Eickenberg, Philippe Gervais, Andreas Mueller,

Jean Kossaifi, Alexandre Gramfort, Bertrand Thirion, and Gaël Varoquaux. Machine learning
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