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ABSTRACT

Autism Spectrum Disorder (ASD) is extensively studied by medical practitioners,

health researchers, and educators. ASD symptoms appear in early childhood, within

the first two years of life, but diagnosing it remains challenging due to its complex

and diverse nature. Nevertheless, early diagnosis is crucial for effective intervention.

Traditional methods rely on behavioral observations, while modern approaches involve

applying machine learning (ML) to brain networks derived from fMRI scans. Limited

explainability of these advanced techniques poses a significant challenge in gaining

clinician’s trust.

This thesis builds on recent works that design explainable approaches for ASD

diagnosis from fMRI data preprocessed as graphs. Our research makes three key

contributions. Firstly, we demonstrate that a simple approach based on viewing

graphs as tables and using tabular data classifiers can achieve the same performance as

state-of-art, explainable graph theoretic methods. Secondly, we provide evidence that

by adding higher-order connectivity information as attributes does not improve their

performance. Most importantly, we show why the classification of brain networks is

challenging by demonstrating the similarity between graphs belonging to individuals

with ASD and those without, using a novel k-core based approach.
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Chapter 1

Introduction

Autism Spectrum Disorder (ASD) is a developmental disorder caused by abnormal

brain development, and encompasses a wide range of symptoms and severity levels,

varying from mild to severe [16]. According to the Diagnostic and Statistical Manual

of Mental Disorders (DSM-5) [4], a guide created by the American Psychiatric Asso-

ciation that health care providers use to diagnose mental disorders, people with ASD

often have:

• Difficulty with communication and interaction with other people.

• Restricted interests and repetitive behaviors. Difficulties sharing in imaginative

play or in making friends.

• Symptoms that affect their ability to function in school, work, and other areas

of life

• Infrequently sharing interest, emotion, or enjoyment of objects or activities

(including infrequent pointing at or showing things to others)

• Not responding or being slow to respond to one’s name or to other verbal bids

for attention. Having difficulties with the back and forth of conversation and

without noticing that others are not interested or without giving others a chance

to respond.

• Not displaying facial expressions, movements, and gestures and having an un-

usual tone of voice that may sound sing-song or flat and robot-like.
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Autism is known as a “spectrum” disorder because there is wide variation in the

type and severity of symptoms people experience. People of all genders, races, eth-

nicities, and economic backgrounds can be diagnosed with ASD. Although ASD can

be a lifelong disorder, treatments and services can improve a person’s symptoms and

daily functioning. The exact cause of ASD is not fully understood, but research

suggests that it results from a complex interplay of genetic and environmental fac-

tors [11, 15,23,32].

ASD Symptoms typically emerge in early childhood affecting approximately 1

in 36 children, with boys being diagnosed four times higher than girls. It occurs

across different racial, ethnic, and socioeconomic backgrounds without specific limi-

tations [9]. Although there is no cure for ASD, early intervention, specialized services,

and parental support improve a child’s growth and development [24].

Individuals with ASD may have co-occurring conditions such as Attention Deficit

Hyperactivity Disorder (ADHD), anxiety, or depression, which need to be addressed

for comprehensive support [18]. They also face challenges in social interactions, ex-

hibit repetitive behaviors and often have heightened sensitivity (hypersensitivity) or

reduced sensitivity (hyposensitivity) to stimuli like light, touch, taste, or smell [32]. ).

ADHD is considered a chronic and debilitating disorder and is known to impact the

individual in many aspects of their life including academic and professional achieve-

ments, interpersonal relationships, and daily functioning. An estimated 8.4% of chil-

dren and 2.5% of adults have ADHD. Inattentive refers to challenges with staying

and focusing on daily task, doesn’t pay close attention or listen when spoken to. On

the contrary, Hyperactivity refers to excessive movement such as fidgeting, excessive

energy, not sitting still, and being talkative, interrupts or intrudes on other. There

is a type of ADHD is diagnosed when both criteria for both inattentive and hyperac-

tive/impulse types are met called ”Combined Type”. Despite this, they also possess

remarkable strengths, such as visual thinking, strong visual and auditory learners and

problem-solving abilities in math, science, music, or art.

Diagnosing ASD requires a comprehensive specialist evaluation [37] and a detailed

clinical assessment based on specific criteria outlined in diagnostic manuals like the

DSM-5 [4]. Nevertheless, this traditional diagnostic approach lacks definitive lab-

oratory tests and relies heavily on clinical judgment and behavioral observations.

Therefore, it is important to employ reliable methods to improve ASD diagnosis for

all ages. Machine learning (ML) techniques have been shown to outperform humans

in a variety of domains [7, 17,19,27].
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The discovery of Functional MRI (fMRI), a modern brain imaging technique, has

enabled researchers to identify and partition the brain into regions of interest (ROIs)

based on their specific functions. By constructing a graph from fMRI scan, with ROIs

as vertices and edges representing the co-activation of these regions, researchers can

employ graph classification techniques to effectively classify fMRI scans [8]. Several

techniques have been proposed for general graph classification such as kernel meth-

ods [45], graph embeddings [21], and deep learning [30]. Metrics such as accuracy,

precision, and recall are essential for evaluating any such classifier [13], and it has

been shown that some of these methods can achieve impressively high scores for the

various metrics.

However, a drawback of these techniques is their complexity, large number of pa-

rameters, and black-box nature making it challenging to understand their predictions.

Recently, there is a growing focus on explainability within the AI domain [22,33]. In

critical sectors like healthcare, decision-makers are hesitant to adopt prediction mod-

els solely based on the high reported accuracy without comprehending their decision-

making processes [6]. This cautious approach is especially crucial in healthcare, where

explainability is vital for gaining the trust of medical practitioners [48].

In response to the need for explainability, Lanciano et al. [31] used contrast sub-

graph method for diagnosing ASD. The goal is to find subgraphs in brain connectivity

data that display dense connections among individuals with ASD while being sparse in

neurotypical individuals, or vice versa. This approach aims to create an interpretable

classification method revealing unique brain connectivity patterns in individuals with

ASD. However, computing contrast subgraphs is complex and computationally in-

tensive. In a recent study, Enns et al. [14] proposed a simpler discriminative edges

method, which identifies the most important edges or connections that help distin-

guish individuals with ASD from neurotypical individuals. As shown in [14], both

these methods obtained a mean accuracy of 60% on larger datasets of individuals with

ASD. In light of these results, Enns et al. [14] poses the following question: Can brain

imaging data lead to more accurate ASD diagnoses while maintaining explainability?

If not, can we determine the reasons behind this limitation?

In our research, we seek to address this question by exploring an alternative path-

way for explainable ASD diagnosis methods, complementing the findings of Lanciano

et al. [31] and Enns et al. [14]. Our work views graphs as tables and focuses on

demonstrating the effectiveness of simple and explainable tabular ML methods as al-

ternatives to the graph techniques utilized in prior studies (e.g., [14,31]). Furthermore,
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with the goal of improving the accuracy of our method, we explore the possibility of

adding higher-order information as attributes to aid classification. While the meth-

ods we propose are simple and explainable, we observe that they did not achieve high

accuracy though they matched the performance of the previous methods. Therefore,

we investigate the potential barriers that hinder the achievement of strong perfor-

mance metrics, aiming to provide insights into the question raised by [14]. Our main

contributions are as follows:

1. Converting the brain network data into a tabular format and using explainable

classifiers yield comparable results to graph-theoretic techniques used in prior

works.

2. Incorporating higher-order connectivity patterns, the number of triangles in a

node’s neighbourhood, as attributes does not improve the classifier performance.

3. Studying similarities between brain networks of individuals with and without

ASD, using similarity measures such as Jaccard similarity of k-cores and Ham-

ming distance reveals the underlying barriers to ASD prediction.

The rest of the thesis is organised as follows:

Chapter 2 provides the essential contextual information required to comprehend

the research conducted in this study, culminating in an exploration of relevant

prior research.

Chapter 3 describes the data sets, approaches and methodologies to investigate the

issues that were studied in this thesis.

Chapter 4 summarizes the conducted experiments within this study and analysis

the outcomes obtained from these trials.

Chapter 5 states the conclusions of this study, answers the proposed research ques-

tions, and provides suggestions for future work.



5

Chapter 2

Related Work

The traditional approach involves utilizing behavioral and family history information

for ASD diagnosis. Misman et al. [36] have claimed impressive accuracy rates up to

99% by employing Deep Neural Networks (DNNs) on ASD datasets that incorporate

comprehensive behavioral and family history data. In an effort to improve the acces-

sibility of these diagnosis techniques, Abbas et al. [1] developed mobile applications

that coupled with machine learning techniques, show potential in aiding ASD diag-

nosis. However, it is important to note that relying solely on behavioral information

may not provide an early and accurate diagnosis, as behavioral symptoms associated

with ASD may not manifest until later in a child’s development. Therefore, alter-

native methods focusing on biologically-based markers derived from fMRI scans are

being explored.

Over the years, there has been extensive research on the classification of ASD [5,

29, 35, 40, 43, 50] using fMRI data. Several studies have explored diverse approaches

to address this complex problem. The fact that the high accuracy is not unexpected

stems from the current definition and diagnosis of ASD, which relies primarily on

behavioral data. The primary aim of this research is to establish a dependable and

informative method for ASD diagnosis that relies exclusively on biological markers

detected in fMRI scans.

Machine learning approaches have been widely employed in ASD classification

using fMRI data [34, 47]. Researchers have utilized correlation matrices and deep

learning models to achieve accurate classifications. For example, Thomas et al. em-

ployed the collapsing of the temporal dimension using diverse metrics, including re-

gional homogeneity. Following this data transformation, they inputted the resulting

three-dimensional dataset into a 3D Convolutional Neural Network (3D-CNN). As a
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result, their classification accuracies on the complete ABIDE datasets reached approx-

imately 66%. Furthermore, they observed that utilizing an SVM classifier produced

comparable outcomes [47].

Liu et al. [34] have used Extra Trees algorithm to select relevant features from

correlation matrices derived from fMRI data, resulting in an accuracy of 72% on the

ABIDE dataset. Deep Learning models, such as Dense Neural Networks (DNNs),

have also shown promise in achieving high accuracy of 88%, often surpassing classical

machine learning models [46].

Guo et al. employed sparse auto-encoders to extract features and then conducted

a performance comparison of the deep neural network (DNN) when using these se-

lected features versus utilizing the raw correlation values as inputs. The classifier that

utilized the selected features achieved accuracy levels that were notably higher, with

improvements of up to 9% [20]. In contrast to many other studies in this domain,

which primarily concentrate on fine-tuning the architecture of their deep learning

models, Guo’s approach stands out by emphasizing feature engineering. This ap-

proach is distinct from those relying on complex feature selection methods that lack

human interpretability [20,29].

Feature selection techniques, such as sparse auto-encoders, have been employed to

enhance classification performance and obtain accuracies above 90% [30]. Likewise,

Iidaka utilizes effect-size thresholding to choose relevant features prior to applying

a Probabilistic Neural Network (PNN) for classification. Their study focuses on a

subset of the ABIDE dataset, specifically individuals under 20 years of age, and

reports achieving an impressive accuracy rate of approximately 90% [25].

However, it is crucial to take into account the constraints associated with research

conducted on small datasets, as such studies can lead to model overfitting and re-

strict their applicability to novel datasets. Continual research is being conducted

to achieve strike a balance between model performance and interpretability, as deep

learning models are often considered “black-box” classifiers. Efforts are being made

to develop explainable classification methods [22,33,51], allowing researchers and neu-

roscientists to gain insights and trust the predictions made by these models. These

methods, such as [41], often involve deriving explanations for the model’s decisions,

such as SHAP values. Abrate and Bonchi devised an approach aimed at discovering

counterfactual graphs in order to elucidate the functioning of black-box classifiers.

However, this method comes with a high computational cost and exclusively mirrors

the elements the classifier considers significant, without necessarily guaranteeing the



7

practical relevance of this information for accurate classification [2]..

The present study is inspired by the work of Lanciano et al. [31]. They prioritized

interpretable and simple features to aid neuroscientists’ understanding, rather than

solely aiming for high accuracy. In a similar vein, Coupette et al. [10] developed an al-

gorithm to identify characteristic subgraphs with common and contrasting structures

in graph groups, and illustrated their technique using brain networks from adolescents

in the ABIDE dataset. Wang and colleagues recently introduced an innovative ap-

proach for universally embedding entire graphs without the need for hyperparameters,

referred to as DHC-E (Degree, H-index, and Coreness theorem along with Shannon

Entropy). This embedding method yields a moderate number of dimensions, contin-

gent on the specific graph dataset under consideration, and is constructed using the

h-index values associated with each vertex within the graph [49].

Finally, Enns et al. [14] proposed the discriminative edges method with the goal of

identifying a set of important edges that can separate the two classes. All these studies

aim to uncover meaningful patterns in brain networks to enhance our understanding

of ASD.
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Chapter 3

Datasets and Methods

In this section, we will first describe the datasets we use and the preprocessing steps

involved in generating brain networks. Then, we will outline the methodologies em-

ployed for the classification and comparison of these brain networks.

3.1 Dataset Description

The study described in Section 4.1 utilizes the dataset obtained from Lanciano et

al. [31] (https://github.com/tlancian/contrast-subgraph), which was originally

released by the Autism Brain Imaging Data Exchange (ABIDE) project [3]. TAutism

Brain Imaging Data Exchange (ABIDE) initiative has aggregated functional and

structural brain imaging data collected from laboratories around the world to accel-

erate our understanding of the neural bases of autism. In August 2012, the Autism

Brain Imaging Data Exchange (ABIDE) released data for their first initiative known

as ABIDE I referred to simply as the ABIDE data set from here on [12]. ABIDE now

includes two large-scale data collections ABIDE I and ABIDE II. Each collection is

an aggregation of datasets collected from 24 international brain imaging laboratories

and is made available to researchers and investigators to understand and reveal the

brain mechanisms underlying ASD.

ASD Dataset

The ASD dataset consists of neuroimaging data from 1112 individuals, comprising

573 Typically Developed (TD) individuals and 539 individuals diagnosed with Autism

Spectrum Disorder (ASD). Typically Developed (TD) individuals have normal brain

https://github.com/tlancian/contrast-subgraph
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function without neurological disorders whereas Autism Spectrum Disorder (ASD)

individuals face autism-related challenges. The dataset also includes phenotypic data

about the individuals with information such as each subject’s age, sex, and whether

the subject’s eyes were closed during the scan. Each individual in the dataset is

represented by an undirected unweighted graph containing 116 vertices, where each

vertex corresponds to a Region of Interest (ROI). The presence of an edge in the graph

indicates strong a correlation in the activity between the two ROIs. The graphs are

represented by an adjacency matrix of size 116 × 116.

Lanciano et al. created four distinct datasets from the original ABIDE source [3].

These datasets were curated by selecting individuals based on shared characteristics,

such as age, gender, and scan conditions (e.g., eyes closed or male), as shown in

Table 3.1. Each of the hdataset are divided into two classes namely TD and ASD and

the dataset’s description reflects shared phenotypic features among the observations.

For instance, the ”Children” dataset comprises individuals aged 9 years or younger,

the ”Adolescents” dataset includes individuals aged between 15 and 20 years, the

”EyesClosed” dataset consists of individuals who underwent fMRI scans with their

eyes closed, and the ”Male” dataset exclusively includes male individuals.

Dataset Description TD ASD
Children Age ≤ 9 52 49

Adolescents Age in [15,20] 121 116
EyesClosed During scanning eyes are closed 158 136

Male Male individuals 418 420

Table 3.1: ASD Dataset - Lanciano et al.

ADHD Dataset

In our experiments, as described in Section 4.2, we also used an ADHD dataset,

which is another neurodevelopmental disorder impacting individuals of various age

groups. ADHD is characterized by attention difficulties and impulsivity. Like ASD,

the exact causes of ADHD remain unclear, and there is presently no cure for either

condition. Nevertheless, treatments such as behavioral therapy and medication aid

in symptom management and improving daily functioning [38]. By incorporating the

ADHD dataset into our experiments, we gain valuable insights into the applicability

of our techniques and results for ASD to other related disorders like ADHD.
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Dataset Description TD ADHD
ALL ALL 330 190

Table 3.2: ADHD Dataset - Abrate et al.

This study uses the ADHD dataset from [2] (https://github.com/carlo-abrate/

CounterfactualGraphs) which includes 330 individuals with typical development

(TD) (normal brain function) and 190 individuals diagnosed with ADHD, as summa-

rized in Table 3.2. Similarly to the ASD dataset in Section 3.1, the ADHD dataset

also portrays each individual with an undirected unweighted graph of 190 vertices,

representing regions of interest (ROIs). The presence of an edge in the graph sig-

nifies a substantial correlation in the activity between the two ROIs, resulting in a

adjacency matrix of size of 190 × 190.

For the parcellation of the brain the authors of [31] used the AAL atlas for the

ASD dataset (|V | = 116) and the authors of [2] used Craddock 200 (CC200) for the

ADHD dataset |V | = 190).

3.2 Data Preprocessing

In our work, we use the ASD and ADHD graph datasets as provided by the authors of

[2,31], without requiring any additional preprocessing. However, for completeness, we

briefly outline the preprocessing steps needed to convert fMRI scans into graphs. The

advancement of magnetic resonance imaging (MRI) methods has opened up opportu-

nities in the field of connectomics which explores structural and functional connections

between neurons in the brain and nervous system. It represents the brain as a network

which facilitates the investigation of captivating neuroscience research questions us-

ing graph analysis methodologies. A connectome refers to a comprehensive map that

describes the neural connections between specific regions of interest (ROIs) within

the brain. This mapping can be achieved through two approaches: Structural and

Functional connectome. By analyzing fMRI scans of individuals affected by a mental

disorder in comparison to scans of healthy individuals, the objective is to uncover

patterns within their respective connectomes. These patterns aim to elucidate the

distinctions in brain mechanisms between the two groups. The identification of such

patterns holds significant potential for gaining valuable insights into the disorder and

suggesting strategies to enhance the well-being of patients.

https://github.com/carlo-abrate/CounterfactualGraphs
https://github.com/carlo-abrate/CounterfactualGraphs
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Resting state fMRI is a neuroimaging technique that works by measuring the

blood-oxygen-level-dependent (BOLD) signals in the brain. When a region of the

brain becomes active, there is an increased demand for oxygenated blood to support

the active neurons in that region. Therefore, the body responds by increasing the

flow of oxygenated blood to that region. fMRI takes advantage of this body response

to measure brain activity indirectly via BOLD signal intensities in different regions.

The choice of the size of each region, and hence the number of such regions, is done

using a brain atlas (AAL atlas, CC200). These regions are referred to as regions of

interest (ROI). The temporal resolution (TR) in scanning refers to the time interval

between consecutive samples taken from a subject’s brain. Typically, this interval is

a few seconds, but it may vary depending on the specific research study [30].

For each scan of the subject’s brain, a three-dimensional image representing BOLD

signal intensities is generated. Multiple scans of the brain are conducted during a

session, producing a collection of three-dimensional images that illustrate how the

BOLD signal in the brain changes over time. The BOLD signal measurements’ level

of detail is established by voxels, which are three-dimensional pixels typically on the

order of cubic millimeters in size. These voxels each represent a time series, recording

BOLD intensity values throughout the fMRI scans, and can be aggregated to form

Regions of Interest (ROIs) within the brain. The assembly and identification of these

voxels into ROIs are facilitated by the utilization of a brain atlas.

In Figure 3.1, we can observe the time series data for three Regions of Interest

(ROIs) within the brain of a single subject. These ROIs exhibit fluctuations in their

BOLD signals throughout the scan. It’s evident that there is a strong correlation

between the blue and orange time series, while there is a notable lack of correlation

between both the blue and orange time series and the green time series. It is widely

accepted that functional connections between ROIs can be inferred from the degree

of correlation in their BOLD time series [2]. When two regions consistently display

similar BOLD signal activity, they are considered to be functionally connected. The

determination of the correlation between two sets of data points is frequently com-

puted using the Pearson correlation coefficient.

In summary, the output of an fMRI scan is a 3-dimensional image of the BOLD

signal intensities in different ROIs of the brain measured over time. The process of

transforming BOLD time series for each Region of Interest (ROI) into graph data

involves following essential steps:
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Figure 3.1: BOLD time series of three ROIs from the ABIDE dataset. The ROIs are
labelled according to the AAL label file provided by the PCP. The orbital region of
the left middle frontal gyrus and the orbital region of the left inferior frontal gyrus
are highly correlated, whereas the left anterior cingulate and paracingulate region is
negatively correlated to the others .

1. Time Series Extraction: The communication pattern between two brain

regions is examined by comparing their BOLD time series. The underlying

premise is that the level of functional connections between two regions can be

determined by assessing the correlation in their BOLD time series. The higher

the correlation, the higher the functional connectedness.

2. Calculate Pearson correlation coefficients (PCC): After completing the

previous step, we obtain a dataset for a single patient, comprising 116 time

series, each corresponding to a Region of Interest (ROI). Each of these time
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series has a length of 145 data points. Pairwise PCC is calculated between the

BOLD time series for every pair of ROIs. This step yields a correlation matrix

of size 116 × 116 (for ASD) or 190 × 190 (for ADHD), containing values in

the range [-1, +1]. The correlation matrix acts as a weighted adjacency matrix,

with ROIs as nodes and correlation coefficients as edge weights.

3. Apply threshold: Thresholding retains only the strongest connections and

its value is established to be equal to the 80th percentile of the distribution of

correlation values. Subsequently, we establish an edge between each pair (u,v)

of ROIs if their correlation value exceeds this threshold.

4. Graph Construction: The significant connections are represented as edges or

links between the ROIs, and the ROIs themselves are represented as nodes. The

outcome of this procedure is the creation of an undirected and unweighted graph,

similar to what is done with the ASD and ADHD datasets. This involves using

the connectivity matrix and the thresholded correlation matrix to construct the

graphical representation of the data.

5. Graph Analysis: Various graph analysis techniques can be applied to ex-

plore the characteristics of the brain connectivity graph. These techniques in-

clude measures such as network density, clustering coefficient, modularity, path

length, and centrality measures (e.g., degree centrality, betweenness centrality).

These measures provide insights into the organization, efficiency, and integra-

tion of the brain network.

6. Visualization: The graph can be visualized using network visualization tools,

such as Gephi, Cytoscape, or BrainNet Viewer. Visualization helps in interpret-

ing and communicating the complex connectivity patterns in a more intuitive

manner.

By converting fMRI data into graphs, researchers can examine the connectivity

patterns and network properties of the brain. Graph-based analyses facilitate
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the understanding of functional relationships between different brain regions and

help uncover alterations in connectivity associated with various neurological and

psychiatric conditions, including Autism Spectrum Disorder (ASD)

Figure 3.2: The correlation matrix of the subject in Figure 3.1. The blue circle

indicates the high correlation value between the correlated ROIs, whereas the green

circles indicate the negative correlation values between the third ROI and the others.

The matrix represents the pairwise Pearson correlation coefficients of every ROI in

the brain. The matrix is symmetric, and the main diagonal contains zeros as the

correlation of each ROI to itself is irrelevant.

Figure 3.2 illustrates a correlation matrix generated through pairwise calculations

for a single subject. It’s important to conceptualize this correlation matrix as the

weighted adjacency matrix of a brain network. In other words, the Regions of Inter-

est (ROIs) in the brain can be regarded as the nodes of this brain network or graph,

and the correlation coefficients signify the edges within the network. This perspec-

tive is fundamental when considering and interpreting these correlation matrices in

subsequent analyses.
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3.3 Classification Methods of Brain Networks
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Figure 3.3: Different Core of Graph G
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Figure 3.4: Different Core of Graph G ′

Graphs as tables. The graph can be represented as matrix and the size of the

matrix is total number of vertices by the total number of vertices. Here, rows and

columns both represent vertices, and its filled with either 1 or 0. Recall that brain

networks are represented as an undirected graph on 116 vertices in which each vertex

has a unique id between 1 and 116. In order to convert a collection of such vertex-

labeled brain networks into a table, we create a table with
(
116
2

)
= 6670 columns

so that the table has one column for each possible edge in the graph. We can then

represent any brain network G as a binary vector, T (G), of length 6670 such that a

bit location labeled by i & j stores a 1 if the edge is present in G and 0 otherwise.

We assume that the edges are listed in the lexicographic order.

Example. For the graph G shown in Fig. 3.3(a), the binary vector corresponding

to G, T (G), is [101001110110101].
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Example. For the graph G′ shown in Fig. 3.4(a), the binary vector corresponding

to G′, T (G′), is [101001111111111].

Tabular Classifiers. Tabular classifiers” typically refer to machine learning or

statistical classifiers that operate on structured data presented in a tabular format,

often with rows and columns. Transforming graph data into tables enables organized

and structured analysis. Tabular classifiers are commonly used for tasks such as classi-

fication, regression, and pattern recognition. Tables provide a tabular representation

that allows for easier data manipulation, sorting, filtering, and statistical analysis

compared to the graphical representation of the graph data. These classifiers can

include various algorithms depending on the specific problem and dataset. Different

algorithms may perform better or worse depending on the data’s characteristics. In

this study, we utilize various tabular classifiers, including SVM, Linear Regression,

k-nearest neighbors (KNN), XGBoost, AdaBoost, and Perceptrons. We evaluate per-

formance using the four metrics: Accuracy, Precision, Recall, and F1-score. While all

metrics are important, we present the top-3 classifiers selected based on their accuracy

in Section 4. Our emphasis on accuracy aligns with previous works [14,31].

Local Clustering Coefficient. Informally, the local clustering coefficient of a

node i, denoted as Ci, in a graph quantifies the probability or likelihood that the

neighbors of node i are also directly connected to each other. In simpler terms, it

assesses how tightly-knit or clustered the immediate network surrounding node i is.

A high local clustering coefficient suggests that the neighbors of i are well-connected,

while a low coefficient indicates that they are less likely to be connected to each other.

This term was coined by Watts and Strogatz in 1998. Formally,

Ci =
|{(j, k) | j, k ∈ Ni, (j, k) ∈ E}|(|Ni|

2

)
where Ni is the set of neighbours of node i. For each brain network, we will compute

a tuple of size 116 containing the local clustering coefficient of its vertices.

Example. For the graph G in Fig. 3.3(a), the local clustering coefficient of vertex

0 is C0 =
1

(22)
= 1 while C1 =

4

(42)
= 2/3.

Example. For the graph G ′ in Fig. 3.4(a), the local clustering coefficient of vertex

0 is 1 while C1 =
7

(52)
= 7/10.

The local clustering coefficient is a measure introduced by Watts and Strogatz

to study small world theory in social networks. As it measures interconnectedness
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among neighbors by counting triangles (a small graph pattern) centered at a node

in essence, adding it as an additional attribute provides extra information about the

graph and helps with ML tasks.

Top 5 Nodes. The analysis of the top 5 nodes in a graph involves identifying the

nodes that are most central or influential within the network based on their participa-

tion in triangles or other specific structural patterns. These nodes play a crucial role

in understanding the network’s characteristics and can have implications in various

fields, including social network analysis, biological network analysis, and more. One

common approach is to measure the number of triangles each node participates in.

A triangle consists of three nodes connected to each other. Nodes that participate

in many triangles are considered important because they connect multiple parts of

the network.

Let G = (V,E) be a graph, where V represents the set of nodes (vertices) and E

represents the set of edges.

For each node vi ∈ V , count how many triangles it participates in. This can be

represented as C(vi), which is the count of triangles containing node vi.

Nodes are ranked based on their triangle participation counts in descending order.

Nodes ranked list is created of nodes with the highest C(vi) values at the top. Let’s

denote this ranking as R. Then, the top 5 nodes are selected from the ranked list R.

These nodes will be the top 5 nodes in the graph in terms of their involvement in

triangles.

In summary, the analysis of the top 5 nodes in a graph is a valuable technique

for understanding network structure and identifying influential elements. However, it

should be complemented with other centrality measures and domain-specific knowl-

edge to obtain a comprehensive view of network dynamics and node importance.

3.4 Comparison Methods of Brain Networks

Comparing brain networks is a crucial task in neuroimaging and network neuroscience,

as it helps researchers gain insights into the structure and function of the brain. The

choice of method such as Machine Learning and Classification, Graph Metrics Com-

parison or Edge-Wise Comparison depends on the research question, data availability,

and the specific aspects of brain networks. Researchers often employ a combination

of these methods to gain a comprehensive understanding of brain network differences
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and similarities in various contexts. We use different methods to compare the collec-

tion of brain networks belonging to the two classes, ASD and TD: Hamming distance,

k-core decomposition and Jaccard Similarity.

Hamming Distance. Hamming distance is typically used to measure the difference

between two strings or binary vectors of equal length. However, in certain contexts,

this concept of Hamming distance can be adapted as metric for measuring the dif-

ference between graphs. Given two graphs G and G ′ on n vertices, the Hamming

distance between graph G and G ′ is the minimum number of edge insertions and dele-

tions needed to convert graph G to G ′. Equivalently, the Hamming distance between

graph G and G ′ is the number of bit positions in which the two binary strings T (G)
and T (G ′) differ.

Example. Consider G and G ′ in Fig.3.3(a) and Fig.3.4(a). We need to add edges

(1, 5), (2, 5) and (3, 5) to convert G to G ′. Hence, the Hamming distance is 3.

k-Core of a Graph G. The k-Core of a graph is a maximal subgraph in which every

vertex has at least degree k. k-Cores are used to identify the most tightly connected

parts of a graph and can provide insights into the overall structure and behavior of a

network. For a graph G on n vertices and an integer k, 1 ≤ k ≤ n, the k-core of G is

the maximal subgraph H of G such that the induced degree of every vertex in H is

at least k.

Note that, by the above definition, the k + 1-core of G is a subset of the k-core

of G, and hence the set of k-cores, 1 ≤ k ≤ n, as k increases from 1 to n form a

nested structure. This nested structure is referred to as k-core decomposition in the

literature [28].

Example. Fig. 3.3(b) is the 2-core of the graph G in Fig. 3.3(a). In Fig. 3.3(b), each

vertex is connected to at least 2 other vertices and it is also the maximal subgraph

with that property. Note that 1-core of G is G.
Fig. 3.4(b) is the 4-core of the graph G ′ in Fig. 3.4(a). In Fig. 3.4(b), each vertex

is connected to at least 4 other vertices and it is also the maximal subgraph with that

property. Note that 2-core of G ′ is G ′.
k-core decomposition is often used in graph analysis and network science to iden-

tify important substructures within a network. The k-core can help reveal the central

and densely connected regions of a graph, which can be useful in various applications,

such as identifying communities or detecting important nodes in complex networks.
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Max-Core of a Graph G. The maximum core (Max-Core) of a graph G is the

highest possible value of k for which G contains a k-core. A k-core in a graph is a

subgraph in which all vertices have a degree of at least k. In other words, it’s the

largest subgraph where each vertex has at least k neighbors within that subgraph.

The process of finding the Max-Core involves iteratively identifying and removing

vertices with degrees less than k until no such vertices exist while keeping track of

the current value of k. This process continues until no core greater than the current

k is found.

In summary, the Max-Core of a graph represents the maximum size of a k-core

that can be extracted from the graph by iteratively removing low-degree vertices.

Example. Fig. 3.3(c) is the 3-core of graph G in Fig. 3.3(a). In Fig. 3.3(c), each

vertex is connected to at least 3 other vertices and it is also the max-core as the 4-core

of G is empty.

Fig. 3.4(b) is the 4-core of graph G ′ in Fig. 3.4(a). In Fig. 3.4(b), each vertex is

connected to at least 4 other vertices and it is also the max-core as the 5-core of G ′

is empty.

To compare max-cores of two different graphs G1 and G2, we will use the notion

of Jaccard similarity. Let V1 and V2 denote the set of vertices of G1 and G2. We use

this property to understand the similarity two graphs G1 and G2 based on vertices.

Jaccard Similarity. Jaccard similarity is a metric used to measure the similarity

between two sets. It is particularly useful when you want to compare the similarity

between sets of elements without considering their order. Jaccard similarity is defined

as the size of the intersection of the sets divided by the size of their union. Given two

sets V1 and V2, we define their Jaccard similarity, JS(V1, V2) as:

JS(V1, V2) =
|V1 ∩ V2|
|V1 ∪ V2|

Example. Fig. 3.3(c) is the max-core G1 of graph G and has vertices V1 =

{1, 2, 3, 4}. Lets assume G2 is the max-core of another graph and has vertices V2 =

{1, 2, 7, 8, 9}, Jaccard similarity is computed as: JS(V1, V2) =
2
7
.

Fig. 3.4(b) is the max-core G′
1 of graph G′ and has vertices V1 = {1, 2, 3, 4, 5}.

Lets assume G′
2 is the max-core of another graph and has vertices V2 = {2, 5, 7, 8, 9},

Jaccard similarity is computed as: JS(V1, V2) =
2
8
= 1

4
.
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Chapter 4

Results and Discussion

This chapter will provide a concise overview of the experiments conducted in this

study, including any paths that were deemed infeasible. Subsequently, it will present

the results obtained from these experiments. It’s important to highlight that the

entire progression of the experimentation phase can be monitored by reviewing the

Git history of this thesis’s repository, which is accessible in the Appendix A

4.1 Insights on ASD Dataset

The objective of this experiment is to enhance the accuracy of brain classification.

There exist various approaches for classifying brain data, with one straightforward

alternative being the transformation of a graph into a table. The first research ques-

tion of this study to investigate the potential of achieving interpretability through

tabular classification.

RQ1: How do well-known tabular classifiers perform on brain networks in tabular

format?

By converting the graph dataset into tabular form, as described in Section 3, we

can employ a wide array of well-known tabular classifiers for flattened brain networks.

Figure 4.1 presents our results (using ten-fold cross-validation), showing SVM (with

a linear kernel) and Linear Regression (LR) consistently ranking among the top-3

classifiers across all four ASD datasets. These classifiers achieve a mean accuracy of

close to 60% on larger datasets, like Male. The balanced nature of the ASD datasets

sets the baseline accuracy at 50%.

Enns et al. aimed to replicate Lanciano et al. work to comprehend the reported
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high accuracy. However, their results differed from the original study, demonstrating

mean accuracies of 73.5% for Children, 60.8% for Adolescents, 58.5% for EyesClosed,

and 59.3% for Male on the ASD dataset (Enns et al., Table 4.2 in [14]). Our RQ1

results demonstrates a simple, alternate strategy to achieve explainability in ASD

diagnosis using brain networks.

The main observation here is the strong performance of SVM and LR classifiers,

particularly on the larger datasets, indicating their potential significance in ASD diag-

nosis. Interestingly, these two classifiers boast high explainability, and their accuracy

closely matches that of the more sophisticated graph-theoretic methods from previous

studies ( [14, 31]) known for their explainable nature. This finding underscores the

relevance and competitiveness of SVM and LR classifiers in the context of ASD di-

agnosis, even compared to more complex graph-based techniques. Enns et al. aimed

to replicate Lanciano et al. work to comprehend the reported high accuracy. Enns

et al. (Table 4.2 in [14]) showed that the contrast subgraph method achieved mean

accuracies of 73.5% for Children, 60.8% for Adolescents, 58.5% for EyesClosed, and

59.3% for Male on the ASD dataset. Our results for RQ1 demonstrate a simple,

alternate strategy to achieve explainability for ASD diagnosis using brain networks.

(a) Male (b) Children

(c) Adolescent (d) EyesClosed

Figure 4.1: RQ1 - Performance Metrics of Top-3 Classfiers
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Dataset Class(Accuracy)
Male SVM(0.59) LR(0.58) Pc(0.58)

Children SVM(0.54) NN(0.54) LR(0.54)
Adolescent SVM(0.60) KNN(0.58) LR(0.58)
Eyesclosed LR(0.58) SVM(0.57) AB(0.57)

Table 4.1: RQ1- Performance Metrics Table of Top-3 Classifiers

Our second question stems from the knowledge that graph classifiers can benefit

from additional attributes beyond node and edge information as shown in [42].

RQ2: Can incorporating higher-order connectivity patterns, such as triangles, as

attributes improve the performance of tabular classifiers?

From the previous inquiry, we have established that the inclusion of higher-order

connectivity patterns is poised to enhance accuracy. Higher-order connectivity entails

the examination and quantification of connections or relationships that extend beyond

traditional pairwise edges. This approach delves into more intricate graph patterns,

facilitating the identification of multi-node pathways, subsets of nodes where each

node connects with every other, densely interlinked nodes within a graph, and recur-

ring subgraph patterns (motifs) embedded within the larger graph structure. On the

whole, the analysis of higher-order connectivity provides a more comprehensive and

nuanced grasp of intricate systems and networks. It serves as a valuable tool for un-

covering concealed structures, refining predictive models, and making well-informed

decisions across diverse domains. In light of this rationale, we will employ the clus-

tering coefficient and examine the top 5 nodes within triangle patterns to address

RQ2.
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Clustering Coefficient Analysis: Our initial investigation focuses solely on the

clustering coefficient information to assess potential enhancements in performance

metrics, utilizing a ten-fold cross-validation approach. To facilitate this objective,

we have curated a tabular dataset, where each row corresponds to a brain network,

featuring 116 columns dedicated to storing the local clustering coefficients of the

network’s nodes. In Table 4.2, we present the accuracy results for the top three

performing classifiers (SVM, LR, NN) in the male dataset, achieving an accuracy rate

of 55%. In the case of the children’s dataset, the highest accuracy obtained is 62%,

while for the eyesclosed dataset, the peak accuracy reaches 53% with the decision tree

classifier. Lastly, in the Adolescent dataset, the k-nearest neighbor algorithm yields

the highest accuracy, reaching 56%. It is evident that the Decision Tree algorithm

outperforms other algorithms in terms of accuracy for two datasets, achieving the

highest accuracy of 62% on the children dataset.

Dataset Class(Accuracy)

Male SVM(0.55) NN(0.54) LR(0.54 )

Children DT(0.62) NB(0.57) AB(0.56)

Adolescent KNN(0.56) DT(0.52) AB(0.50)

Eyesclosed DT(0.53) SVM(0.62) AB(0.51)

Table 4.2: RQ2 - Clustering Co.for ASD Dataset

Top 5 Node Analysis: In the second phase of our study, we will focus on

utilizing the top 5 nodes and evaluate the accuracy for each dataset. This involves

identifying nodes within a graph that participate in the highest number of triangles,

ranking them in descending order based on their triangle participation counts. To

facilitate this analysis, we’ve compiled a tabular dataset where each row corresponds

to a brain network, featuring 5 columns dedicated to storing the top 5 node numbers

of the brain network. In Table 4.3, we present the accuracy results for the top

performing classifiers are SVM, AB and KNN in the male dataset, achieving an

accuracy rate of 53%. For children dataset top performing classifier is AB with

56% accuracy. Eyesclosed dataset highest accuracy is 56% for SVM and Adolescents

dataset highest accuracy is 53% for Decision Tree. Among the various algorithms

analyzed for the top 5 nodes, SVM stands out with the highest accuracy of 56%,

surpassing the performance of other methods.
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(a) Male (b) Children

(c) Adolescent (d) EyesClosed

Figure 4.2: RQ2 - Performance Metrics of Top-3 Classfiers for Clustering Co.

As we have observed the accuracy for individual higher-order connectivity pat-

terns, it is worth noting that by combining these higher-order connectivity patterns

with augmented tables, we introduce additional information that is expected to en-

hance the classifier’s performance.
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Dataset Class(Accuracy)
Male SVM(0.53) AB(0.53) KNN(0.51 )

Children AB(0.56) XG Boost(0.55) NB(0.51)
Adolescent DT(0.53) XG Boost(0.52) NN(0.52)
Eyesclosed SVM(0.56) LR(0.54) XG Boost(0.52)

Table 4.3: RQ2 - Top 5 Nodes for ASD Dataset

Augmented Table Analysis: To address Research Question 1 (RQ1), we ini-

tially converted the graph dataset into tabular form. Subsequently, we expanded this

table by incorporating new attributes, specifically the local clustering coefficients and

the top 5 nodes. With this augmented table in hand, we proceeded to train tabular

classifiers using a ten-fold cross-validation approach. However, the outcome of our

analysis suggests that there is no significant enhancement in the performance metrics

despite the inclusion of these additional attributes. Table 4.4 displays the top three

classifiers results in this scenario. Male and Eyesclosed datasets has accuracy of 60%

and 62% respectively for SVM. The accuracy for the Children dataset is 56% for AB,

but it notably acquired accuracy to 62% when only considering clustering coefficient

information has been used. For Adolescent dataset accuracy is 59% for LR.

Figure 4.4 presents our results (using ten-fold cross-validation), showing SVM

(with a linear kernel) consistently ranking among the top-3 classifiers across all ASD

datasets.

In summary, our findings for RQ1 and RQ2 indicate that tabular classifiers achieve

an mean accuracy of approximately 60%. Despite efforts to enhance performance by

incorporating higher-order information, such as local clustering coefficients, we did

not observe significant improvements. This raises the question of whether there is a

fundamental reason behind this phenomenon. We investigate this question through

the concept of similarity measures.
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(a) Male (b) Children

(c) Adolescent (d) EyesClosed

Figure 4.3: RQ2 - Performance Metrics of Top-3 Classfiers for Top5 Node

RQ3: Can we provide evidence showing that the two classes of networks (ASD

and TD) are quite similar?

The primary objective of this study is to develop improved classification models

for distinguishing between typically developing (TD) and Autism Spectrum Disorder

(ASD) datasets. The results obtained from Research Questions RQ1 and RQ2 have

prompted further investigation into potential similarities or differences within the
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Dataset Class(Accuracy)
Male SVM(0.60) AB(0.59) NB(0.57 )

Children AB(0.56) XG Boost(0.54) KNN(0.52)
Adolescent LR(0.59) Pc(0.58) SVM(0.58)
Eyesclosed SVM(0.62) LR(0.60) Pc(0.58)

Table 4.4: RQ2 - Augmented Table for ASD Dataset

dataset. To verify this hypothesis, we aim to assess the presence of commonalities

between ASD and TD networks. The initial approach, Hamming distance, is primarily

concerned with assessing similarity based on edges within the networks and the second

approach, Jaccard similarity, places its emphasis on evaluating similarity based on the

vertices (nodes) present in the networks [26,39].

Similarity based on Hamming distance.

In our first approach, we assess the similarity between the two categories of brain

networks (TD and ASD) using the Hamming distance metric. When dealing with

binary graphs representing structural or functional connectivity, Hamming distance

is a straightforward choice for assessing network similarity or dissimilarity. It can

be integrated into machine learning algorithms for classification tasks. It serves as a

feature or similarity metric to differentiate between groups (e.g., healthy controls and

patients with a neurological disorder) based on brain network connectivity patterns.

We utilize the datasets from RQ1, where each brain network is represented as a binary

string consisting of 6670 bits. Each bit in the string corresponds to a potential edge in

the network, with its value indicating whether that edge is present (1) or absent (0).

The Hamming distance between two brain networks is computed as the minimum

number of edge flips needed to transform one network into the other, as defined in

Section 3.4. The algorithm for calculating the Hamming distance is given below.

For each of the four datasets, we do the following (See Algorithm 1): For each

brain network Gi in the dataset D containing ASD and TD files, we compute its

Hamming distance to every other brain network Gj, i ̸= j, in D.

Using this information, we identify the brain network Gk that is closest to Gi in

terms of Hamming distance (Lines 3 to 5 of Algorithm 1). That is, the brain network

Gk requires the fewest number of edge additions and deletions to convert to Gi. Gi

is a good file if Gk is in the same class as Gi and bad file if Gk is not in the same class

as Gi (Lines 6 to 10).
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(a) Male (b) Children

(c) Adolescent (d) Eyesclosed

Figure 4.4: RQ2 - Performance Metrics of Top-3 Classfiers for Augmented Table

As results are shown in Figure 4.5, in the Adolescent dataset, we observed that

both the ASD and TD classes have approximately 40% of good files (in green), in-

dicating that around 60% are bad files (in red). This finding carries substantial

significance as it highlights that, in the case of the majority of brain networks, the

most closely related network belongs to the opposite category rather than its own.

The consistent findings across the other three datasets (Children, Eyes Closed, Male)
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Algorithm 1 Similarity based on Hamming distance

1: Input: A Dataset D = {G1, G2, . . . , Gm} consisting of two classes, ASD and TD
files

2: Output: fASD and fTD (the fraction of good ASD and TD files based on Ham-
ming distance)

3: for each Gi ∈ D do
4: class← class(Gi)
5: k ← argmini ̸=j HD(Gi, Gj)
6: if Gk is in the same class as Gi then
7: countclass++; goodclass++
8: else
9: countclass++
10: end if
11: end for
12: return goodASD/countASD and goodTD/countTD

further solidify the conclusion that the commonly employed similarity measure falls

short in effectively distinguishing between these two classes.

Dataset Good(TD) Bad(TD) Good(ASD) Bad(ASD)
Adolescent 38.46 61.54 42.86 57.14
Children 25.62 74.38 39.65 60.34

Eyes closed 44.94 55.06 56.0 44.007
Male 39.0 61.0 46.67 53.33

Table 4.5: RQ3 - Hamming Distance Results
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Figure 4.5: ASD Dataset: % of good and bad files using Hamming Distance

Jaccard Similarity based on k-cores.

Our approach involves employing the k-core as a “glocal” similarity measure,

which combines aspects of both local and global metrics. This approach overcomes

limitations found in traditional local (e.g., Hamming distance) and global (e.g., ran-

dom walk-based) measures. Notably, prior research has recognized the importance of

such glocal similarity measures, as discussed in [26,39].

More specifically, we use the max-core of a brain network, as described in Sec-

tion 3.4. The primary objective is to assess whether the max-core of a given brain

network resembles that of a typical ASD network or a TD network, using the Jaccard

similarity metric. The utilization of the k-core algorithm in brain network analysis

offers several advantages and insights, making it a valuable tool in the field of neu-

roimaging and network neuroscience. As it allows to compare k-cores across different

brain networks, such as comparing typical and atypical (e.g., ASD) networks. The

k-core algorithm helps in identifying core structures within a brain network. In the

context of neuroscience, these core structures can represent regions or nodes in the

brain that are densely interconnected and play pivotal roles in information process-

ing. The k-core decomposition can reveal regions with functional significance. For
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example, high k-core regions may correspond to brain regions associated with critical

cognitive functions or behaviors. Differences in k-core structures between healthy and

disordered brains can highlight areas of dysfunction. It can aid in network visualiza-

tion by highlighting the most essential and interconnected regions, making it easier

to interpret complex brain network data. As, the k-core algorithm is a versatile tool

for characterizing brain network structures, detecting hubs, and assessing network

resilience. Its application can lead to a deeper understanding of the functional and

structural organization of the brain in health and disease. It’s important to mention

that the computation of the max-core is computationally demanding in comparison

to the Hamming distance metric.To address this computational challenge, we have

devised a more efficient procedure, drawing inspiration from ideas presented in [31]

(see Algorithm 2).

Algorithm 2 Jaccard similarity of Max-Core

1: Input: A Dataset D = {G1, G2, . . . , Gm} consisting of two classes, ASD and TD
files

2: Output: fASD and fTD (the fraction of good ASD and TD files based on Jaccard
similarity of max-core)

3: Partition D into four sets SASD, TASD, STD, and TTD using 80:20 split.
4: Compute SGASD and SGTD using 75% threshold.
5: Compute their max-cores, MCASD and MCTD

6: for each Gi ∈ TASD do
7: Compute max-core MCi of Gi

8: if JS(MCi,MCASD) > JS(MCi,MCTD) then
9: countASD++; goodASD++
10: else
11: countASD++
12: end if
13: end for
14: for each Gi ∈ TTD do
15: Compute max-core MCi of Gi

16: if JS(MCi,MCTD) > JS(MCi,MCASD) then
17: countTD++; goodTD++
18: else
19: countTD++
20: end if
21: end for
22: return goodASD/countASD and goodTD/countTD
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1. Given a dataset, we partition the ASD files in that dataset into two sets, SASD

and TASD using a 80:20 split. Similarly, we partition the TD files into two sets,

STD and TTD using a 80:20 split (Line 3 of Algorithm 2).

2. Using the files in SASD, we create a single graph, SGASD, that we call the ASD

summary graph. This graph is a graph on 116 vertices. It contains an edge

(i, j) if and only if more than 75% of the graphs in SASD contain that edge.

Similarly, we create the TD summary graph SGTD (Line 4).

3. We compute the max cores of the two summary graphs, SGASD and SGTD

(Line 5).

4. Now, for each file in TASD, we compute its max-core and check if it closer to

the max-core of SGASD or the max-core of SGTD using Jaccard similarity. We

say that it is good if it is closer to the max-core of SGASD and bad otherwise.

Compute the percentage of good ASD files (Lines 6-12).

5. Repeat the previous step for TD files (Lines 13-19).

Figure 4.6 illustrates the results of our approach, representing mean percentages

over ten runs. Taking the Adolescent dataset as an example, we observed that both

the ASD and TD classes have approximately 40% and 60% of good files (displayed

in green), respectively. This implies that the percentage of bad files is approximately

60% and 40% for ASD and TD, respectively. The noteworthy aspect of this obser-

vation is that for nearly half of the brain networks, the most similar network based

on max-core comes from the opposite class, not its own. We found similar results for

the other three datasets as well. This finding suggests that the Jaccard similarity of

max-cores fails to differentiate between the two classes effectively.

Dataset Good(TD) Bad(TD) Good(ASD) Bad(ASD)
Adolescent 38.3285 61.6715 61.305 38.695
Children 42.723 57.277 52 48

Eyes closed 37.187 62.813 70.711 29.289
Male 39.508 60.492 58.8067 41.1933

Table 4.6: RQ3 - Jaccard Similarity Results
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Figure 4.6: ASD Dataset: % of good and bad files using Jaccard Similarity

To summarize, the results obtained using the two approaches in RQ3 provide ro-

bust and persuasive evidence of a high degree of similarity between the graphs in the

two categories: ASD and TD. There is a degree of overlap in brain network connec-

tivity between TD individuals and those with ASD. Moreover, some individuals with

ASD have brain network patterns that are more similar to TD individuals, while oth-

ers may show more distinct patterns. This observed variation in results could be the

potential attribute to a range of factors including research techniques and method-

ologies used in specific studies, specific brain regions, connectivity patterns, and the

characteristics of the individuals being studied poses a challenge when trying to build

classification models or use graph analysis techniques to differentiate between them

in network graphs. This explains the insights of significant challenge during classifi-

cation methods and graph theoretic techniques used in prior research endeavors(e.g.,

contrast subgraph or discriminative edges method) in achieving strong performance

metrics.
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Run-time. All experiments were run on a Windows machine with Intel i5 CPU

and 8 GB RAM. We report here the run times for RQ1 for the larger dataset(Male)

is 4 minutes and on the smallest (Children), it took 1 minute. The run times for RQ2

for the larger dataset(Male) is 6 minutes and on the smallest (Children), it took 1

minute. The run times of our algorithms for RQ3 on the largest dataset (Male), a run

of Algorithm 1 took 110 minutes to finish and on the smallest (Children), it took 75

seconds. This is because Algorithm 1 computes the Hamming distance between every

pair of brain networks in the dataset. Algorithm 2 was much faster and required only

92 seconds on the Male dataset and 16 seconds on the Children dataset for one run

as it only compared the max-core of 20% of the networks with the two summaries

computed from the rest.

4.2 Insights on ADHD Dataset

Our results for RQ1, RQ2 & RQ3 prompt the question of whether these outcomes are

specific to the ASD dataset we studied. We are interested in understanding whether

our approach could yield different results when applied to a dataset focused on a

different but closely related health condition. To address this, we conduct an investi-

gation using the ADHD dataset and apply the same methodology as described for the

ASD dataet. ASD and ADHD are distinct neurodevelopmental disorders, but they

can co-occur in individuals, with estimates suggesting that 30% to 80% of individu-

als with ASD may also have ADHD. Both disorders share some common symptoms

such as attention difficulties, impulsivity, and hyperactivity. However, ASD is char-

acterized by challenges in social communication and restricted/repetitive behaviors,

while ADHD primarily involves symptoms related to inattention, hyperactivity, and

impulsivity In our analysis for this dataset, we observed that the top three tabular

classifiers achieved an accuracy rate of 63% for RQ1. Interestingly, these classifiers

did not significantly outperform the baseline classifier. Furthermore, when we intro-

duced clustering coefficients as new attributes in Research Question 2 (RQ2), we did

not observe any substantial improvement in the performance metrics. as shown in

Table 4.7. The accuracy for the top 5 nodes is 65%, while it is 63% for clustering

coefficient, and 59% for the augmented table. In summary, incorporating higher-order

information does not seem to enhance overall performance metrics.

When we compared the two classes, ADHD and TD, for RQ3, the average per-

centages of good files remains around 70% for Hamming distance and 43% for Jaccard
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similarity, (refer to Figure 4.11). These results indicate that Hamming distance and

Jaccard similarity of max-cores fails to differentiate between the two classes effectively

and our findings for ASD datasets extend to the ADHD dataset as well.

Research Questions Class(Accuracy)
RQ1 Pc(0.63) XG(0.63) LR(0.62 )

RQ2-Clustering Coeff. XG(0.65) Pc(0.63) LR(0.63)
RQ2- Top5 Nodes SVM(0.63) NN(0.63) NB(0.63)

RQ2-Augmented table XG(0.59) AB(0.59) NB(0.59)

Table 4.7: ADHD Dataset: Accuracy for RQ1 & RQ2

Figure 4.7: RQ1- Chart with Top-3 tabular Classifiers: ADHD dataset

Research Question 3 Good(TD) Bad(TD) Good(ADHD) Bad(ADHD
Hamming Distance 70 30 31.5789 68.4211
Jaccard Similarity 42.268 57.732 59.4704 40.5296

Table 4.8: RQ3 Result
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Figure 4.8: RQ2–Clustering Coeff. Chart with Top-3 Classifiers: ADHD Dataset

Figure 4.9: RQ2-Top5 Nodes Chart with Top-3 Classifiers: ADHD Dataset
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Figure 4.10: RQ2-Argumented Chart with Top-3 Classifiers:ADHD Dataset

Figure 4.11: ADHD Dataset: % of good and bad files using Hamming Distance &
Jaccard Similarity
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Chapter 5

Conclusions

Autism is classified as a spectrum disorder due to its inclusion of a broad spectrum of

symptoms and varying degrees of impairment, spanning from mild to severe. Early

diagnosis and appropriate interventions like medical services and social support can

significantly improve the quality of life for individuals with ASD or other related

developmental disorders. Considering the limited knowledge and information of the

causes and absence of a cure, it is imperative to explore novel techniques to enhance

the diagnosis of this condition.

This work investigates the potential of biomarkers obtained from fMRI scans in

the diagnosis of ASD and ADHD. This indicates that tabular classifiers can achieve

performance levels comparable to the most established graph-theoretic methods while

maintaining interpretability. Simultaneously, this highlights the difficulties associated

with classifying brain networks when utilizing two similarity metrics: the Hamming

distance and the Jaccard similarity of max-cores, especially when applied to existing

datasets. Incorporating higher-order connectivity patterns, such as triangles, local

clustering coefficients did not improved the classification accuracy. These challenges

could potentially hinder the accuracy and reliability of the classification process.

Further research is required to understand the reasons behind these difficulties and

to develop improved approaches for brain network classification.

One promising avenue to address the current challenges lies in the use of larger

fMRI datasets. By expanding the dataset size, researchers can potentially mitigate

some of the issues encountered in the current study. A larger dataset would provide a

more comprehensive representation of brain patterns and improve the generalizability

of the findings. The result highlights the surprising efficacy of tabular classifiers com-

pared to more complex graph-theoretic methods, which can facilitate better diagnostic
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tools. Nevertheless, challenges related to brain network classification using specific

similarity measures emphasize the need for further investigation and advancements.

By utilizing larger fMRI datasets, researchers can overcome current limitations and

pave the way for significant progress in understanding and diagnosing these devel-

opmental disorders and thus leading to further progress. Another possible avenue

is to explore the use of four-node graphlets as higher-order information to improve

accuracy [44]. The hope is that the discoveries and recommendations from this study

will prove beneficial in guiding future endeavors towards achieving this objective.
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Appendix A

Reproducibility

Repositories:

• This study: https://github.com/Tabassum61/HIBIBI2023

• “Explainable Classification of Brain Networks via Contrast Subgraphs”: https:

//github.com/tlancian/contrast-subgraph

https://github.com/Tabassum61/HIBIBI2023
https://github.com/tlancian/contrast-subgraph
https://github.com/tlancian/contrast-subgraph

	Supervisory Committee
	Abstract
	 Contents
	List of Tables
	List of Figures
	Acknowledgements
	Dedication
	Introduction
	Related Work
	Datasets and Methods
	Dataset Description
	Data Preprocessing
	Classification Methods of Brain Networks
	Comparison Methods of Brain Networks

	Results and Discussion
	Insights on ASD Dataset
	Insights on ADHD Dataset

	Conclusions
	Bibliography
	Reproducibility

