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ABSTRACT

Autism Spectrum Disorder (ASD) affects a large portion of the global population

both directly and indirectly. The biological etiology of the disorder is not sufficiently

understood, and current diagnoses rely on behavioural indicators which do not provide

a reliable basis for diagnosis until about 2 years of age. Identifying a biological marker

of ASD would aid in understanding the disorder and potentially allow for earlier,

more objective diagnoses and treatments to improve the quality of life of individuals

possessing ASD. The analysis of functional connectivity in the brain using functional

Magnetic Resonance Imaging (fMRI) has been identified as a promising method for

discovering such biological markers.

This study recreated the work of Lanciano et al. in their paper “Explainable

Classification of Brain Networks via Contrast Subgraphs”, but found inconsistent

results with what was claimed. The methods were modified in various ways to improve

accuracy and performance. A new, simpler method named Discriminative Edges

(DE) was developed which achieved similar accuracies with improved performance

and explainability. DE was also adapted to receive raw correlation matrices as well

as thresholded correlation matrices representing brain networks, and it was found

that raw correlation matrices provided more useful information for classification. A

replication package was provided to aid future researchers in validating and improving

upon these results. Suggestions for future work based on the findings of this study

were provided, the most important being to procure more datasets, discover data-

driven subcategories of ASD, and maintain replicability in studies.
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Chapter 1

Introduction

The American Psychological Association (APA) defines Autism Spectrum Disorder

(ASD) in the following way:

“Any one of a group of disorders with an onset typically occurring during

the preschool years and characterized by varying but often marked diffi-

culties in communication and social interaction. ASD was formerly said

to include such disorders as the prototype autism, Asperger’s disorder,

childhood disintegrative disorder, and Rett syndrome; it was synonymous

with pervasive developmental disorder but more commonly used, given its

reflection of symptom overlap among the disorders. It is now the official

term used in DSM–5, where it encompasses and subsumes these disorders:

Autism, Asperger’s disorder, and childhood disintegrative disorder are no

longer considered distinct diagnoses, and medical or genetic disorders that

may be associated with ASD, such as Rett’s syndrome, are identified only

as specifiers of the disorder.” [3]

The disorder encompasses a wide variety of conditions and is expressed in many

ways. The criteria for diagnosing ASD, as given by the DSM-5, are not as concrete

compared to other neurological disorders [4] and even underwent significant changes

in 2013 [5] as alluded to in the above definition. The causes of ASD, as well as the

disorder itself, are not well understood by the scientific and medical communities [6,

7, 8]. Moreover, the disorder is common and affects a large portion of the population.

In 2021, the CDC published a study that found 1 in 44 children from a 2018 sample

of 8-year-olds were diagnosed with ASD [9]. It is estimated that about 1% of children

are diagnosed with ASD globally, with it being nearly four times more common in
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males, and it has been observed that estimates have increased over time and vary

widely between sociodemographic groups [10].

ASD is currently diagnosed by observing behaviour [4] and cannot reliably be

diagnosed until an individual reaches about 2 years of age [11]. In many cases, a

diagnosis is not given until much later. However, an early diagnosis can be crucial

to getting proper support for an individual and providing caretakers with an under-

standing of the condition that will improve the individual’s quality of life [12]. If

ASD could be diagnosed earlier, and more objectively, it could help prepare families,

ensure the individual has the necessary support and understanding, and allow early

intervention to improve social skills.

Attempting to diagnose ASD by observing behaviour in children younger than 18

months (which is considered to be about the earliest it can currently be diagnosed) is

unlikely to yield useful results. However, as ASD is a neurodevelopmental disorder,

it would make sense to look at the brain when attempting to identify ASD before

behavioural traits are apparent (although attempts have also been made to investigate

other areas of the body [13]). If features of the brain during early development could

reliably identify an individual with ASD, it would not only provide the early diagnoses

sought after, but it would help neuroscientists gain a better understanding of what

causes ASD physically, which could lead to a plethora of methods for improving the

quality of life and healthy development of such individuals.

Unfortunately, such features of the brain have been elusive to researchers despite

the surge of effort in this area in recent years [14, 15, 16, 17]. Thus, the search

continues in order to address this important issue and gain a better understanding of

the pervasive, yet misunderstood disorder.

The focus of this study is to work towards a better method of identifying and

diagnosing ASD without relying on behavioural information, but rather by using

brain imaging data.

A common approach for deriving useful information from brain scans, such as

those produced by fMRI, is to divide the brain into regions of interest (ROIs) based

on their functionality and construct a graph whose nodes correspond to ROIs and

whose edges correspond to correlations of brain activity between ROIs. This turns

the problem of classifying fMRI scans into a graph classification problem.

Machine learning (ML) and artificial intelligence (AI) have been shown to out-

perform humans significantly in a multitude of domains [18, 19, 20, 21], and the

domain of graph classification is no exception [22]. But how is performance measured
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for graph classification? Metrics such as accuracy, precision, and recall are essential

for evaluating any classifier [23], and there is no doubt that ML and AI models can

achieve impressively high scores in such areas. However, recently there has been a

trend towards explainability in the AI world [24, 25].

This is because industries, governments, and organizations, especially those that

deal with critical decision making such as the medical field, are hesitant to adopt pre-

diction models without knowing how and why they make decisions, regardless of how

accurate these models are reported to be [26]. Moreover, emphasizing explainability

can provide insights that may not have been detected through classical methods and

may lead to further advancements in research. Therefore, it is increasingly important

to find classification models that are explainable and simple to understand, while also

achieving high accuracy, precision, and recall scores.

In their paper, “Explainable Classification of Brain Networks via Contrast Sub-

graphs”, Lanciano et al. proposed a method for translating the previously described

brain networks into two-dimensional vectors with a simple interpretation [1]. This

translation of a graph into a more understandable representation is known as a graph

embedding and is fundamental to many graph classification problems [27]. The graph

embedding employed by Lanciano et al. involves thresholding correlation values of

constructed brain networks and the use of contrast subgraphs (CSs), which are defined

later in this thesis.

This study sought to assess the current state of research in this area, improve

upon existing methods, and provide insights regarding possible directions of future

work. The following outline the research questions asked by this study:

RQ1 Can this study recreate the results of Lanciano et al.’s work?

RQ2 Can their approach be improved upon in terms of accuracy, performance, ex-

plainability, and simplicity?

RQ3 How does the thresholding of correlation matrices representing brain networks

affect the accuracy of classifiers in this context?

The work done to answer these questions resulted in the following contributions to

this area of research:

• A replication of the novel work done by Lanciano et al. was performed.

• Various modifications to the CS method were implemented.
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• A new approach to the problem was introduced named Discriminative Edges

(DE) which provides a simpler solution with a fraction of the computational

complexity of the CS method.

• An effect size thresholding approach was implemented for comparison, though

not as a full replication [28].

• A replication package was provided to recreate all the work done in this study

including the replication of Lanciano et al.’s work and the effect size thresholding

adaptation.

• Suggestions were made for the future of this area of research.

The rest of this thesis is organized as follows:

Chapter 2 gives the necessary background information to understand the work done

in this study and concludes with a discussion of related works.

Chapter 3 describes the approaches used to solve the problem that were studied in

this thesis.

Chapter 4 summarizes the experiments undertaken in this study and presents their

results.

Chapter 5 includes a discussion and analysis of the results obtained in this study,

along with observations about the future of this research area.

Chapter 6 states the main conclusions of this study, answers the proposed research

questions, and provides suggestions for future work.
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Chapter 2

Background

ASD is a neurodevelopmental disorder that varies widely in expression and severity,

it affects many individuals worldwide, and its impact on society is significant. The

problem of identifying ASD through biological information such as brain scans has

been studied heavily over recent decades as it is crucial to gain a better understanding

of its biological features so that earlier diagnoses can be given and better treatments

can be developed to improve the quality of life for those affected by it.

This chapter will provide context for the work done in this study, equip the reader

to understand the experiments conducted, and discuss related works.

2.1 fMRI Data and Preprocessing

Though many methods exist for studying the brain such as MEG, EEG, and CT

scans, a prominent method for this investigation has been the analysis of functional

magnetic resonance imaging (fMRI) data, which emphasizes the activity levels of

ROIs of the brain and how they communicate with one another.

fMRI works by measuring blood-oxygen-level-dependent (BOLD) signals in the

brain. When ROIs in the brain are active, the body increases the flow of oxygenated

blood to the neurons in the region. The extent to which this occurs can be measured

using magnetic resonance [29]. To summarize, higher BOLD signals in a region of the

brain correspond to greater levels of activity in that region.

The temporal resolution (TR) of the scan is the time between samples of a sub-

ject’s brain. This is usually a few seconds in length but can vary depending on the

study [30]. A three-dimensional image of BOLD intensities is outputted for each scan
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of the subject’s brain. The brain is scanned many times during a session, resulting

in a group of three-dimensional images that show the fluctuation of the BOLD signal

in the brain over time. This four-dimensional data is referred to as a group of time

series in this thesis.

The granularity of the BOLD signal measurements is determined by voxels, which

are three-dimensional pixels commonly on the scale of cubed millimetres. These voxels

each correspond to a time series as they report a BOLD intensity value throughout

the fMRI scans and can be grouped together to compose ROIs in the brain.

The grouping and labelling of such voxels are done using a brain atlas. Brain

atlases define ROIs in a three-dimensional frame of reference and can allow for com-

parisons between individuals as well as provide useful logical groupings of signals

from the fMRI scans [31]. To account for variability in brain shape and size, nonlin-

ear transformations are used to conform the brains of subjects to a common reference,

but the details of this process are out of the scope of this study.

There are various sources of noise in fMRI scans such as thermal noise or noise

introduced by the scanner’s hardware. However, the largest source of noise is physio-

logical noise. This includes changes in a subject’s blood flow rate, blood flow volume,

and oxygen usage due to their heartbeat and breathing (along with other factors). It

also includes any movement from the subject during the scan, which must be corrected

for to realign the brain in the scans over time [30].

Various further processing steps are often performed, some of which are optional

or even controversial, such as band-pass filtering or global signal regression (GSR)

which removes the average time series values of all brain voxels of a subject [32].

After the preprocessing is complete, what remains is a time series of BOLD signals

for each defined ROI of the brain.

2.1.1 The ABIDE Dataset and the PCP

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 dataset from

here on) [2]. This initiative was coordinated across 17 international sites to collect

and share resting state fMRI (R-fMRI) data with the wider research community.

The dataset includes R-fMRI scans from 1112 individuals: 539 were diagnosed with

ASD and 573 were typically developed (TD) controls. The dataset also includes

phenotypic data about the individuals with information such as each subject’s age,
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sex, and whether the subject’s eyes were closed during the scan.

This dataset has supported the significant surge of research on this specific topic

as well as other tangentially related areas of research. It has also allowed for cross-site

comparisons to see the impacts of different study environments and procedures. This

study uses the ABIDE dataset exclusively in its experiments and analysis.

To make the dataset more accessible, and thereby increase its impact, the Pre-

processed Connectomes Project (PCP) set out to preprocess the ABIDE dataset in a

variety of ways [33]. Multiple teams used various tools and pipelines to preprocess the

R-fMRI data such that researchers without the necessary expertise or time to perform

such preprocessing could simply use the datasets outputted from the PCP. Versions of

the ABIDE dataset with and without band-pass filtering and GSR were released from

each preprocessing pipeline to allow researchers flexibility based on the requirements

of their studies. This initiative also helped to produce closer comparisons between

studies that used the same preprocessed data.

2.2 BOLD Timeseries to Correlation Matrices

BOLD time series, derived from the ABIDE dataset by the PCP, serve as the common

input for each of the approaches implemented in this study. However, studying the

activity of ROIs independently can only provide so much useful information. It is

known that the brain works as a complex network of neurons where each region

communicates with other regions to produce thoughts and actions.

Figure 2.1 displays the time series for three ROIs in a single subject’s brain. The

BOLD signal of each ROI is seen fluctuating throughout the scan. Notice the high

correlation between the activity of the blue and orange time series in contrast to the

lack of correlation between them and the green time series.

The exact nature of how regions of the brain communicate and how that would

be reflected in their BOLD signal time series is outside the scope of this research.

However, it is generally accepted that functional connections between ROIs can be

represented by how correlated their BOLD time series are [2]. When two regions

consistently show similar BOLD signal activity, they are said to be functionally con-

nected.

Although there are alternatives, the extent to which two collections of data points

are correlated is often calculated using the Pearson correlation coefficient. All of

the approaches discussed in this thesis calculate the pairwise Pearson correlation
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Figure 2.1: BOLD time series of three ROIs for subject 50794 from the ABIDE
dataset [2]. 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.

coefficients between each of the BOLD time series of a subject’s ROIs.

Figure 2.2, shows a correlation matrix that resulted from these pairwise calcu-

lations for one subject. At this point, one can think of a correlation matrix as the

weighted adjacency matrix for a brain network. That is to say, the ROIs repre-

sent nodes of the brain network or graph, and the correlation coefficients represent

weighted edges in the network. Higher weighted edges correspond to stronger con-

nections between regions in the brain. This is a critical way of thinking about these

correlation matrices moving forward.

In some approaches, the correlation coefficients are given directly to various ML

or deep learning (DL) models as inputs. In other approaches, higher-level features
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Figure 2.2: The correlation matrix of the subject in Figure 2.1. 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.

are derived or extracted from these correlation matrices and used for classification.

2.3 Feature Selection

When classifying data with ML or AI, it is often necessary to translate input data into

feature vectors. Feature vectors hold a fixed number of numerical values that represent

relevant attributes or characteristics of the corresponding input data. A relevant

attribute can be used to discriminate between the classes being predicted. This

translation of input data into feature vectors positions the data in an n-dimensional

space from which point many classical ML models can employ algorithms to create a

“decision-boundary” which defines how the ML model will predict new input data.
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The problem of creating the decision boundary given a set of data points has been

studied extensively and is solved by a multitude of popular ML models. The more

interesting and relevant problem in the context of classifying subjects with ASD

is to determine what features and how many of them should be used to represent

each subject’s brain scans. There are three main aspects to consider when selecting

features:

1. Separability - The features should be able to discriminate between inputs of

each class. That is to say, the points of one class should be far away from the

points of another class. For example, it may be reasonable to use IQ as a feature

to predict whether subjects will pass a given academic test, whereas using the

subjects’ heights as a feature would likely not separate the subjects who pass

or fail the test and would therefore provide poor predictive power.

2. Extensibility - Another term for extensibility is robustness. This relates to

how applicable the features are to new data. For example, suppose Figure

2.3a represents a group of subjects used for training from which Features 1

and 2 were derived and a decision boundary was determined. Then suppose

Figure 2.3b represents a new group of subjects whose classes are unknown to

the model. The model misclassifies some of the subjects based on the decision

boundary because the features did not appropriately account for the new data.

It should be noted that a given set of features can provide great separability in

training and not be extensible to new data, especially when the features of the

embeddings are derived from the training data. In some cases both the training

data and unseen data can be separated, but in different directions such that the

model still performs poorly.

3. Explainability - This refers to how easily a human can understand and interpret

a model’s predictions. For example, neural networks can perform very well in

many domains, but it is often difficult to understand why they are making their

predictions, especially when the models take thousands of features as inputs.

More features can lead to more information and can result in more accurate

predictions (though sometimes it introduces noise), but having fewer, meaning-

ful features can make a model or classification technique far more explainable

which is important in this area of research, as neuroscientists wish to learn more

about the causes of ASD.
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Feature 1

(a) A group of points that can be sepa-
rated linearly (i.e. with a straight line or
hyperplane).
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Feature 1

(b) A group of points that cannot be sep-
arated linearly.

Figure 2.3: Data points plotted with two features. The dotted lines represent decision
boundaries.

As discussed in Section 2.2, the fMRI data for each subject is translated into a

correlation matrix representing a brain network. The approaches described in Chapter

3 use these brain networks as a basis and extract meaningful features from them. Once

the features are extracted, a wide variety of ML or DL algorithms can be used to train

models for classification.

2.4 Related Works

The problem of classifying ASD using fMRI data has been studied intensively over

the past decade [14, 15, 16, 17, 34, 35]. Unsurprisingly, there are many approaches

to solving the problem.

2.4.1 Diagnosis with Behavioural Information

Misman et al. [36] claim 99% accuracy using a DNN on an ASD dataset comprised of

behavioural and family history information. This high accuracy should not come as

a surprise as ASD is currently defined and diagnosed using behavioural information.

The point of this research is to find an informative and reliable way to diagnose ASD

using just biological markers in fMRI scans.
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Abbas et al. sought to improve the accessibility of screening and diagnosis tech-

niques by using a mobile application for parents to submit questionnaires and other

information about their child’s behaviour. They utilized the Cognoa software1 and

various ML techniques to test the viability of such a strategy for aiding in ASD di-

agnosis [37, 38]. Though it aims to alleviate the long processes currently required

to have experts provide an ASD diagnosis, it still relies on behavioural information,

which may not appear until later in the child’s development as previously discussed.

The same applies to any behaviourally based classification method. The goal of the

current study is to work towards identifying a biologically based marker of ASD.

2.4.2 Machine Learning

Liu et al. conducted a fairly similar study to the present study but used the CC200

Atlas and selected features from the derived correlation matrices using the Extra

Trees algorithm from the scikit-learn library2 [39]. They claim an accuracy of 72%

on the ABIDE dataset.

Most of the work in this area of research creates correlation matrices using BOLD

time series. This is because the raw four-dimensional fMRI data is too large to be

useful for most ML strategies. Thomas et al. attempted a different method for

reducing the size of the data. They collapsed the temporal dimension using various

metrics such as regional homogeneity. After feeding the newly aggregated three-

dimensional data into a 3D Convolutional Neural Network (3D-CNN), their accuracies

on the full ABIDE datasets reached about 66%, and they found that using an SVM

classifier achieved similar results [40].

Deep Learning and Neural Networks

Subah et al. report a high accuracy of 88% on the ABIDE dataset using a Dense

Neural Network (DNN) and the BASC brain atlas, however, they do not focus on

explainability and simply use the entire flattened correlation matrix as input to the

DNN rather than selecting features [41]. Guo et al. determined features using sparse

auto-encoders and compared the performance of the DNN when using the selected

features compared to inputting the raw correlation values; the classifier using the

selected features obtained accuracies up to 9% higher [42]. Many other studies use

1https://cognoa.com/providers/
2https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.ExtraTreesClassifier.html
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DL models for this task but focus primarily on fine-tuning the model architectures

rather than feature engineering [43] or use complex feature selection techniques that

are not interpretable from a human perspective [35, 42].

On the other hand, Kong et al. use a measure called F-score to select the top 3000

features (which are correlation values in this case). They use a DNN on the selected

features and a small subset of the ABIDE dataset and claim an accuracy of 90% [22].

Similarly, Iidaka uses effect-size thresholding to select features before employing a

Probabilistic Neural Network (PNN) for classification. They also use a subset of the

ABIDE dataset (individuals under 20 years of age) and claim about 90% accuracy

[28]. Iidaka’s approach will be discussed further in Section 3.3 as the feature selection

component was used for comparison in this study.

It has been found that studies, such as the previously mentioned studies, done

on small subsets of data report higher accuracies than those that use larger datasets,

and more specifically, the difference has been noted between single-site and multi-site

studies, possibly due to varying experimental conditions and extraction methods [44].

It is also likely that over-fitting occurs in studies with small datasets; such models

are not extensible to new datasets.

It is undeniable that DL techniques have been shown to achieve superior results

compared to classical ML models in various domains. However, as discussed in Section

2.3, the focus of this study is to find and derive meaningful features from brain

correlation matrices that can then be used for classification. While this study employs

the use of basic ML models (specifically SVM) to provide consistent comparisons, the

features found could just as easily be passed as inputs to various Neural Networks to

achieve potentially higher accuracies.

Multi-Atlas Classification

Recall the discussion of brain atlases in Section 2.1. Many approaches, including

the ones in this study, rely on a single brain atlas to abstract the raw fMRI data.

However, there is no single brain atlas that is considered superior. Instead, each atlas

has advantages and disadvantages in how it represents the complex organ.

In a recent study, Epalle et al. successfully utilized information from multiple

brain atlases simultaneously to generate predictions on the ABIDE dataset [45]. For

each atlas, they followed a similar approach to others with respect to generating

correlation matrices from the BOLD time series of ROIs. They then selected a fixed-



14

size set of edges in the correlation matrices derived from each atlas and fed them into

a multi-input single-output deep neural network.

Their experiments showed an improvement in performance over similar deep-

learning pipelines using fewer atlases. Ultimately, the extra information was deemed

useful in providing more accurate predictions.

2.4.3 Explainable Classification

A problem with Neural Networks and DL models (often known as black-box classifiers)

is that they are not very transparent or understandable when it comes to how they

make their classifications. There has been a recent trend towards more explainable

AI (sometimes referred to as XAI) [46] and some tools are available for explaining

the predictions of such black-box models [24, 25], but they have various limitations,

primarily in the form of computational complexity. Perotti et al. created a tool for

deriving SHAP values in the domain of graph classification by using motifs as features

[47], but determining these explanations is computationally expensive. Similarly,

Abrate and Bonchi employed a strategy to find counterfactual graphs to help explain

black-box classifiers, but the process is computationally expensive and only reflects

what the classifier deems as important information whether that information is truly

useful for classification or not [48].

The present study was heavily influenced by the work of Lanciano et al. as it

began with a replication of their paper [1]. They claim an accuracy of 86% on a

subset of the ABIDE dataset comprised of children. They focus on explainability and

simplicity of features to assist neuroscientists in interpreting the findings rather than

creating a highly accurate classifier that is difficult to understand. The emphasis on

explainability is maintained in this study, because, while early diagnosis is the primary

goal of this research, neuroscientists and field experts need to be able to interpret the

predictions of automated classifiers before they can trust them and learn from them.

Coupette et al. devised an algorithm for identifying characteristic subgraphs that

show common structures between groups of graphs as well as contrastive structures.

One of the examples they used to illustrate their technique was brain networks from

adolescents in the ABIDE dataset [49]. This work is very similar to the work of

Lanciano et al. as they sought to find characteristic subgraphs that were dense in

one group of brain networks and sparse in the other.

Wang et al. recently proposed a method for embedding whole graphs in a gen-
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eralizable way that does not require any hyperparameters [50]. It was based on the

DHC (Degree, H-index, and Coreness) theorem and Shannon Entropy (E), abbrevi-

ated as DHC-E. The embedding has a moderate number of dimensions depending on

the graph set analyzed and is based on the h-index values of each vertex in the graph.

They used principal component analysis (PCA) to present the graph embeddings in

two dimensions and showed that it distinguishes between different types of graphs

(e.g. brain networks and random networks). Though PCA is useful for visualiza-

tions, the modified axes do not have much meaning to humans, making this approach

less interpretable. The technique was also not used to distinguish between classes

of brain networks, which is far more difficult than distinguishing between types of

graphs.

Evidently, much work is still needed in this area. Particularly, models need to

be constructed with interpretability and explainability in mind, while also obtaining

high performance metrics.
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Chapter 3

Approaches

This chapter will describe the approaches that were replicated, improved upon, and

created during this study.

3.1 Contrast Subgraphs

In 2020, Lanciano et al. approached the problem of ASD classification with a focus

on explainability and interpretability [1]. They set out to find subgraphs in the brain

networks that could be used to discriminate between the two classes. Using these

subgraphs, they represented brain networks with only two features that a human

could reasonably understand. These special subgraphs are called Contrast Subgraphs

(CSs), which is also the term this thesis uses to reference their approach.

In an attempt to reduce the noise in the input data, Lanciano et al. apply a

threshold to each correlation matrix. They set a threshold t to be the 80th percentile

of the correlation coefficients. The brain network becomes unweighted, as any edge

with a weight less than t is removed (i.e. assigned a value of 0), whereas edges with

a weight above t remain in the network (i.e. assigned a value of 1), but are no longer

weighted. Figure 3.1 shows the same correlation matrix seen in Figure 2.2, but with

this thresholding procedure applied.

The notation necessary to understand the CS approach is as follows. Let the ith

brain network of some class (or diagnostic category) A be represented as an undi-

rected, unweighted graph GA
i = (V,EA

i ), where V is the common vertex set repre-

senting the ROIs of the brain according to some brain atlas and EA
i is the set of edges

belonging to GA
i (note: EA

i ⊂ V × V ). Let a summary graph corresponding to a set
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Figure 3.1: The correlation matrix of the subject in Figure 2.2, but with 80th per-
centile thresholding applied. This can be viewed as an unweighted, undirected brain
network where edges represent strong functional connections in the brain.

of brain networks in class A be a weighted, undirected graph GA = (V,wA), where

wA : V × V → R+ is a weight function that assigns a value to each pair of vertices

in V . For vertices u, v ∈ V , define wA(u, v) to be the fraction of networks in A that

contain the edge (u, v).

A CS is defined as a subset of vertices that induces a dense subgraph in one graph

and a sparse subgraph in another, assuming that the graphs share a common vertex

set (which is the case for ROIs of brain networks defined on a common brain atlas).

Lanciano et al. define two problem variants of the CS approach. At this point, the

problems can be described.

3.1.1 Problem 1

Contrast Subgraph Problem 1 (CSP1). Given two sets of observation graphs, i.e. the

condition group A = {GA
1 , ..., G

A
|A|} and the control group B = {GB

1 , ..., G
B
|B|}, and

corresponding summary graphs GA = (V,wA) and GB = (V,wB), find a subset of
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vertices S∗ ⊆ V that maximizes the contrast subgraph objective

δ(S) =
∑
u,v∈S

(
wA(u, v)− wB(u, v)− α

)
where α ∈ R+ is a user-defined parameter.

The parameter α is used to penalize large CSs. It can be adjusted to vary the

proportion of edges that are considered detrimental to the contrast subgraph objec-

tive.

The problem can be simplified to finding a set of vertices that induce a dense

subgraph in the difference between the two summary graphs. Consider the difference

network GA−B = (V,wA−B), where wA−B(u, v) = wA(u, v) − wB(u, v),∀u, v ∈ V . In

this context, finding a contrast subgraph is equivalent to finding a maximally dense

subgraph in GA−B −α (subtract α from each value in the difference network). There

are multiple notions of density studied in the literature, but Lanciano et al. base the

contrast subgraph objective off of the optimal quasi-clique problem [51].

The CS problem itself is based on the Generalized Optimal Quasi-Clique (GOQC)

problem, which is an extension made by Cadena et al. for weighted, signed graphs

and was proven to be NP-complete [52, 1]. Cadena et al. created an O(log n) ap-

proximation to the optimal solution using semidefinite programming (SDP) and a

local-search procedure developed by Tsourakakis et al. [52, 51]. Lanciano et al. then

repurposed this algorithm after translating the brain networks into an appropriate

input as previously shown.

Recall that the original goal was to find a useful set of features to represent the

brain networks of subjects such that typically developed (TD) subjects could be

differentiated from those with ASD and such that the features were understandable

to a human.

CSP1 is asymmetric, which is to say that the solution changes when using the

difference network GA−B compared to GB−A. When translating brain networks into

features, Lanciano et al. find both CSs, one using the summary graph GASD−TD and

one using GTD−ASD. They then use CS overlap to create two features for each brain

network.

Each feature corresponds to the number of edges in common between the brain

network being translated and each CS. This is illustrated in Figure 3.2 with a toy

example where the graphs represent brain networks of two different subjects. The

orange nodes represent the CS found using GASD−TD and the blue nodes represent
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(a) (2,3) (b) (4,2)

Figure 3.2: Two graphs representing brain networks of two different subjects. The
orange nodes represent a CS found to be denser in the ASD summary graph, and
the blue nodes represent a CS found to be more common in the TD summary graph.
Each graph is labelled with the feature vector it would be translated into using the
problem 1 variant of the CS approach.

the CS found using GTD−ASD.

Figure 3.3 positions some of the actual brain networks in two dimensions based

on their features for CSP1.

3.1.2 Problem 2

Lanciano et al. also define a symmetric variant of the CS problem, abbreviated as

CSP2, which shares the same definition of CSP1, but with an alternative objective:

σ(S) =
∑
u,v∈S

(
|wA(u, v)− wB(u, v)| − α

)
In CSP2, a single CS is found in the difference network containing absolute valued

edge weights (i.e. |GTD−ASD|). The CS is used to induce subgraphs in both of the

summary graphs (i.e. GTD and GASD) as well as each individual brain network. The

distances, computed as the L1 norms, from the induced brain network to each induced
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Figure 3.3: A group of brain networks plotted in two dimensions based on their
features derived from the CSP1 approach. The bottom right points have more edges
in common with the contrast subgraph that was found in GTD−ASD, and similarly,
the top left points have more edges in common with the contrast subgraph that was
found in GASD−TD.

summary graph are then used as the two features for this approach.

Figure 3.4 positions some of the actual brain networks in two dimensions based

on their embeddings for CSP2.

One can think of these features in the following way. If a dense subgraph is found in

the absolute difference network, this means that the subgraph contains discriminative

connections including both those that are more common in ASD and those that are

more common in the TD class. The dense subgraph is then imposed on each of the

summary graphs, so the values of these discriminative connections can be identified for

each class. The features of an individual brain network are then calculated as how far

the brain network is from the ASD summary graph with respect to the discriminative

connections, and also how far away it is from the TD summary graph with respect to

the same connections.
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Figure 3.4: A group of brain networks plotted in two dimensions based on their
features derived from the CSP2 approach. The points further to the right represent
graphs with less in common with the TD summary graph (larger distance from it),
and similarly, the points further to the top are graphs with less in common with the
ASD summary graph.

3.1.3 Improvements

Part of the work done in this research was to replicate the study of Lanciano et al.

Besides a general speed improvement, a few modifications were made to the original

methods which are outlined in this section.

Quadratic Programming

As mentioned previously, Lanciano et al. utilized the work of Cadena et al. to find

a dense subgraph in a weighted, signed network [52, 1]. Cadena et al. proposed the

following quadratic programming (QP) formulation of the GOQC problem:
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(QP) max
∑

(u,v)∈E

w(u, v)

(
1 + xux0 + xvx0 + xuxv

4

)

−
∑

u,v∈V,u̸=v

α(u, v)

(
1 + xux0 + xvx0 + xuxv

4

)
Subject to

x0, xu ∈ {−1, 1} for all u ∈ V

They proved that maximizing this expression is equivalent to solving the GOQC

problem. They then developed an O(logn) approximation to the quadratic program

with a semidefinite program and a rounding technique [52]. Lanciano et al. used this

implementation to find a contrast subgraph in their context.

However, many tools currently exist for solving quadratic programs directly, so

it seemed reasonable to utilize one such tool in this study. None of the QP solver

libraries found were able to restrict potential solution vectors to the discrete set

of {-1,1} (i.e. out or in) as given in the proposed quadratic program. The only

satisfactory solution was to restrict each component of the solution vector to [-1,1]

rounding positive values to 1 and non-positive values to -1. Though this change of

constraints removes the theoretical guarantee given by Cadena et al. regarding the

approximation to the optimal solution, the practical speed and performance increase

that resulted was considerable as will be shown in Chapter 4. It is also important to

remember that the main goal is not to find the densest subgraph, but to accurately

classify brain networks.

After much of the experimentation had been completed, it was noticed that Ca-

dena et al.’s proposed quadratic program, though equivalent to the GOQC problem,

was possibly invalid with respect to the imposed constraints, which are quadratic on

each component of the solution vector (i.e. x2
i = 1∀xi ∈ x where x is the solution

vector). It is unclear whether this constraint is valid for a quadratic program and

whether it would affect the validity of the translation into an SDP problem.

In order to utilize a QP solver to identify a dense subgraph, the quadratic program

had to be translated into an acceptable form. Many solvers can only minimize the

expression:

1

2
xTPx+ qTx
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subject to:

Gx ⪯ h and Ax = b

Where ⪯ refers to an element-wise vector inequality.

To translate the quadratic program into this form, assume x0 = 1 as in Cadena et

al.’s proof of equivalency with the GOQC problem [52]. Additionally, assume w(u, v)

is defined for all u, v ∈ V and that w(u, v) = 0 = α(u, v) for u = v (that is to say,

ignore the correlation of a ROI to itself), and let V = {1, 2, ..., n}. The expression

becomes:

n∑
u=1

n∑
v=1

(w(u, v)− α(u, v))

(
1 + xu + xv + xuxv

4

)

In the context of this study, α(u, v) = α for all u, v ∈ V, u ̸= v and w represents

the difference network of the summary graphs. Define the objective function (which

comes in the form of a matrix) as D = w − α such that D(u, v) = w(u, v) − α(u, v)

for all u, v ∈ V . The expression is then

1

4

(
n∑

u=1

n∑
v=1

D(u, v) +
n∑

u=1

n∑
v=1

D(u, v)xu +
n∑

u=1

n∑
v=1

D(u, v)xv +
n∑

u=1

n∑
v=1

D(u, v)xuxv

)

Note that
∑n

u=1

∑n
v=1D(u, v) is a constant term (i.e. it does not depend on

the solution vector x), so it can be removed from the optimization problem without

affecting the solution. It is also necessary to turn this into a minimization problem

by multiplying by -1.

−1

4

(
n∑

u=1

n∑
v=1

D(u, v)xu +
n∑

u=1

n∑
v=1

D(u, v)xv +
n∑

u=1

n∑
v=1

D(u, v)xuxv

)

Moreover, notice that
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n∑
u=1

n∑
v=1

D(u, v)xu = x1(D(1, 1) +D(1, 2) + ... +D(1, n))

+ x2(D(2, 1) +D(2, 2) + ... +D(2, n))

...

+ xn(D(n, 1) +D(n, 2) + ... +D(n, n))

This is equivalent to multiplying the solution vector x with a vector contain-

ing the sums of each row of D. Call this vector row sum, then the summation

described becomes row sumTx assuming all vectors are column vectors. Similarly,∑n
u=1

∑n
v=1 D(u, v)xv = col sumTx where col sum is a vector containing the sum

of each column of D. Furthermore, because D is a symmetric matrix, col sum =

row sum. Hence, the expression is

−1

4

(
2row sumTx+

n∑
u=1

n∑
v=1

D(u, v)xuxv

)

Lastly, note that

n∑
u=1

n∑
v=1

D(u, v)xuxv = x1(x1D(1, 1) + x2D(1, 2) + ... + xnD(1, n))

+ x2(x1D(2, 1) + x2D(2, 2) + ... + xnD(2, n))

...

+ xn(x1D(n, 1) + x2D(n, 2) + ... + xnD(n, n))

= xTDx

and the expression simplifies to

−1

2
row sumTx− 1

4
xTDx.
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Let q =
−row sum

2
and P =

−D
2

. This gives the desired form of the expression:

1

2
xTPx+ qTx.

In order to restrict the components of x to [−1, 1] while using the required form of

Gx ⪯ h, there must be two constraints on each component. For each u ∈ V , impose

the following two restrictions:

1. xu ≤ 1

2.− xu ≤ 1

This is done by letting h be a 2n by 1 vector filled with ones and by letting G be

a 2n by n matrix defined as the identity matrixed stacked vertically with a negative

identity matrix:

G =



1 0 · · · 0

0 1 · · · 0
...

...
. . .

...

0 0 · · · 1

−1 0 · · · 0

0 −1 · · · 0
...

...
. . .

...

0 0 · · · −1


After translating the problem into the correct form, the solver outputs a solution

vector x containing values between -1 and 1. As a result of not being able to con-

strain the solution components to a discrete set of values, the components need to be

rounded. The rounding occurs such that positive values become 1 and are included

in the dense subgraph and non-positive values become -1 and are excluded from the

dense subgraph.
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Local Search Optimization

Due to the need for rounding, the QP and SDP solvers only approximate the densest

subgraph. To improve the density of the subgraph found, a local search step is used.

In the context of this study, the density of a subgraph S is defined by δ(S) as in

CSP1, and σ(S) as in CSP2. This definition is derived from the unweighted edge-

surplus fα(S) defined by Tsourakakis et al. [51]. For the sake of simplicity, regardless

of the problem being solved by the local search algorithm, this study refers to the

density objective function as f (e.g. f(S) = δ(S) in CSP1).

The local search algorithm developed by Tsourakakis et al. and adapted by Ca-

dena et al. works by considering the density of a subgraph if each vertex outside the

subgraph were to be added to it and adding them when it increases the density. This

is repeated until all the vertices have been considered. Afterwards, the algorithm

seeks to remove a single vertex from the subgraph and does so if it finds one that,

when removed, increases the density. This process is repeated until a maximum num-

ber of iterations has been reached, or no vertices can be added or taken away from the

subgraph to increase its density. The algorithm finally tests to see if the complement

of the optimized set of nodes obtains a higher density; if it does, it changes its output

to the complement. The pseudocode for the original algorithm can be found in their

paper as Algorithm 2 [51].

Considering the goal of the local search algorithm is to increase the density of

the subgraph and dense subgraphs typically possess fewer nodes with many highly

weighted connections, a modification to the algorithm was made such that it attempts

to remove as many nodes as it can in each iteration (removing them if they retain

the same density or they increase the density). This narrows the solution down to

a smaller set of nodes faster. The modified local search algorithm can be seen in

Algorithm 1.

Top-k Contrast Subgraphs

The final major modification follows Lanciano et al.’s suggestion for future work and

uses the top-k contrast subgraphs. It was not implemented according to the suggested

method [53], but instead, the approach described by Tsourakakis et al. in Section 4.1

of their paper was used [51].

The new parameter k is introduced to indicate the number of CSs that should be

discovered. As each CS is discovered, the nodes of the CS are removed from the main
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Algorithm 1 LocalSearch (Modified)

Input: Weighted graph G = (V,w), α ∈ R, initial node set S ⊆ V , maximum number
of iterations TMAX

Output: Improved node set S∗

1: if S = ∅ then
2: S ← {u, v}, where (u, v) is the largest edge in G
3: end if
4: changes made← TRUE, i← 0
5: while changes made and i < TMAX do
6: changes made← FALSE
7: i← i+ 1
8: found node← TRUE
9: while found node do
10: found node← FALSE
11: if ∃u ∈ V \ S s.t. f(S ∪ {u}) > f(S) then
12: S ← S ∪ {u}
13: changes made← TRUE
14: found node← TRUE
15: end if
16: end while
17: found node← TRUE
18: while found node do
19: found node← FALSE
20: if ∃u ∈ S s.t. f(S \ {u}) ≥ f(S) then
21: S ← S \ {u}
22: changes made← TRUE
23: found node← TRUE
24: end if
25: end while
26: end while



28

difference network, and the next CS is discovered in the remaining network. This is

repeated until all k CSs are discovered. Finally, two features are calculated for each

CS found, just as in the typical approach, and the features are summed together to

obtain the brain network’s final two features.

3.2 Discriminative Edges

Explainability is the major advantage of the contrast subgraph approach. There are

only two features, which makes it easy to visualize the representation of each brain

network. In turn, the decisions made by a classifier can be understood by humans.

A disadvantage is made apparent when considering the usefulness of CSs in light

of how difficult it is to find them. In Section 5.1 of their paper, Lanciano et al.

showed that the weighted degrees of the nodes in each of the classes’ summary graphs

were nearly identical [1]. This indicated that there was no clear difference in network

structure when looking at the connectivity of certain nodes. The important informa-

tion comes from the strength of the connections (i.e. the weight of the edges) in the

summary graphs. However, CSs are defined as sets of nodes, meaning there could be

unimportant edges included within the CSs when inducing a subgraph with them,

and those edges are given equal importance in the calculation of the features used for

discriminating between the classes.

A simple approach was developed in this study to address the apparent issue with

CSs. The approach is named Discriminative Edges (DE) because it uses the most

important edges, or connections in the brain, for discriminating between the two

classes. What are the most important edges though? The most important edges are

those that contain the most information about whether a brain network belongs to

an individual with ASD or not.

In the DE approach, a difference network is obtained from two summary graphs,

just as in the CS approach. However, rather than approximating the solution to a

complex optimization problem by choosing a set of nodes that maximizes an objective

function, it simply selects the n most positively weighted edges and n most negatively

weighted edges in the difference network (where n is a chosen hyperparameter). Per-

forming this partitioning operation is only linear in time complexity.

The top n positive edges in the difference network GA−B comprise the connections

in the brain that are stronger, on average, in the brains of individuals in class A,

whereas the most negative n edges comprise the connections that are stronger in
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class B. Because of this, one class will be referred to as the positive class, and the

other, as the negative class. Note, however, that if GB−A were used, the approach

would function the same way, but with flipped signs.

These 2n discriminative edges are then used to calculate similarity scores of brain

networks to the two classes based on each edge’s importance, which is measured by the

magnitude of the values in the difference network. This approach has been adapted

for both unweighted and weighted brain networks. The details and calculations for

each case are described in the sections to follow.

3.2.1 Unweighted Brain Networks

In the case of binary brain networks, like the ones derived by Lanciano et al., the

calculation is very simple. In the initial version of the approach, a basic dot product

(i.e. element-wise multiplication followed by summation) was taken between the

discriminative edges in the difference network and the binary network of an individual

as illustrated by Figure 3.5.
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Figure 3.5: Left: An example difference network with 7 nodes. Right: An example
unweighted brain network of a single individual. In this example n = 2. The dis-
criminative edges for the positive and negative classes are highlighted with orange
and blue respectively. The two features for the brain network would be calculated as
1× 0.5 + 1× 0.4 = 0.9 and 1×−0.45 + 0×−0.5 = −0.45. Only the upper triangles
of the matrices are used because the given brain networks are undirected.

When a brain network possesses an edge (i.e. has a strong connection), it gains

the value of the corresponding edge in the difference network. If the edge is more

common in the positive or negative class (i.e. the difference network has a positive

or negative value on the edge), the dot product result will be moved in the positive

or negative direction respectively because the edge is multiplied by 1. However, if
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the brain network does not possess an edge, it does not add the difference network’s

value for that edge.

It was noticed that multiplying discriminative edge weights by zero represented a

loss of information. Rather than ignoring these edge weights, the values of individual

brain networks could be scaled such that nonexistent edges have a value of -1 and

present edges continue to have a value of 1. This means that not having an edge

among the most discriminative edges counts against the similarity score for each

case. For example, the modified features of the brain network in Figure 3.5 would

become (0.9, 0.05) instead of (0.9, -0.45). This makes sense as if some edge is known

to be common in a given class, and the currently examined brain network does not

possess that edge, it would make sense to nudge the similarity score for the given

brain network towards the opposite class rather than ignoring the information.

Finally, for ease of understanding, the features are made into a percentage. This

is done by dividing the feature values by the sum of the corresponding discriminative

edges. To continue with the example from Figure 3.5, the features would go from

(0.9, 0.05) to (
0.9

0.9
× 100%,

0.05

−0.95
× 100%) = (100%, -5.26%).

3.2.2 Weighted Brain Networks

As will be discussed in Chapter 5, the thresholding of the correlation matrices done

by Lanciano et al. removes useful information. More successful approaches rely on

the raw correlation values. For this reason, the DE approach was adapted to handle

weighted brain networks (i.e. correlation matrices).

The adaptation was not as straightforward as performing the dot product between

the difference network and the weighted brain network. This is for numerous reasons,

an important one being the way the summary graphs, and thus the difference network,

are derived in the weighted case. Recall that an edge weight in the summary graph

for some class A represents the number of brain networks in that class possessing the

given edge. However, in the weighted case, an edge weight in the summary graph

represents the average correlation value for that edge over all the brain networks in

that class.

In this case, similarity to a class is not as simple as possessing edges of one class

versus another, but it is instead measured by whether the edge weights of a brain

network are closer to one class or another. The difference network gives no information

about the actual values of either class, just the difference between them. For example,
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perhaps one class has zero correlation for an edge, whereas the other class has a very

negative correlation, that edge may constitute one of the larger differences, making it

an important edge, but the difference does not indicate whether the edge is positive

or negative in class A or B.

Consider Figure 3.6, which illustrates the difference between the unweighted and

weighted case with respect to the input graphs, the summary graphs, and the corre-

sponding difference network. Notice how similar the difference networks are in both

cases, yet the summary graphs are quite different.
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Figure 3.6: The derivation of summary graphs (middle) and difference networks
(right) in the case of unweighted (top) and weighted (bottom) input graphs (left).
The two classes of input graphs are denoted using the two colours.

It is useful to imagine the top or bottom n edge weights as comprising vectors

in n-dimensional space. This can be seen in Figure 3.7 where n = 2 for simplicity

with respect to visualization. The goal is still to measure the similarity of some input

brain network Gi to the summary graphs of each class.

The initial idea was to use cosine similarity, which is a common measure of sim-

ilarity between vectors. However, this approach did not end up performing at a

satisfactory level. Instead, euclidean distances are used to measure how close a brain

network’s vector is to each of the vectors representing the summary graphs among
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B

A

i

B - i

A - i

Figure 3.7: Vectors A and B represent the summary graphs of class A and B respec-
tively. Vector i represents some input brain network. In each case, the vector can
represent the whole graph (summary graph or brain network), or just the values of
the top or bottom n edges. In this figure, n = 2, and either the top or bottom 2
edge weights are being used to vectorize each graph. The magnitude of the difference
vectors can be used to determine which class vector i is more similar to, and to what
extent.

the same edges. This can be seen in the difference vectors A− i and B − i in Figure

3.7. Note that the euclidean distance of one vector to another is equivalent to the

magnitude of their difference vector.

Let A be the positive class and B be the negative class. Also, let the subscripts n+

and n− denote the usage of the n most positive and negative edges in the difference

network respectively. Then the first feature in the weighted formulation of DE is

calculated as:

||Bn+ − in+|| − ||An+ − in+||
||Bn+ − in+||+ ||An+ − in+||

× 100% (3.1)

This is interpreted as the percent similarity of vector i to the positive class. Some

characteristics of this similarity score are listed as follows:

• When vector i is exactly the same distance from each summary vector, the
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similarity score is 0%.

• When vector i is identical to class A, the similarity score is 100%.

• Conversely, when vector i is identical to class B, the similarity score is -100%.

The second feature is calculated in a very similar way, only it is calculated as the

similarity of a brain network to the negative class among the most negative edges in

the difference network:

||An− − in− || − ||Bn− − in−||
||An− − in− ||+ ||Bn− − in−||

× 100% (3.2)

This approach performed moderately well, but it was noticed that the difference

network was no longer being used as a measure of importance for each edge as it was

in the unweighted case. Therefore the summary graphs and each input brain network

were multiplied element-wise with the difference network. This scales each graph by

the same values, which leaves the calculations intact. More important edges affect the

distances of the vectors more heavily rather than considering all edges to be equally

important.

3.2.3 Whole Network Similarity

Though the two features used for DE provided useful information for classifying brain

networks, some information was not being utilized, namely all of the edges between

the top and bottom n most discriminative edges. Even though these edges were not

the most discriminative, it was hypothesized that using the information they provided

would be more helpful than ignoring it. Therefore a third feature was derived for each

case: the whole network similarity.

This feature was calculated in an almost identical way as the first feature for

both the weighted and unweighted cases (see Equation 3.1 for weighted case). Only,

instead of using the top n discriminative edges, every edge was used. The outcome is

a measure of similarity between the input brain network and the positive class as a

whole. This has the additional benefit of allowing the 2n discriminative edges to be

compared by their relative importance.

Figure 3.8 gives a similar example as Figures 3.3 and 3.4. It shows some of the

brain networks positioned in three-dimensional space using the three DE features.

Note that it is more difficult to visualize three-dimensional data in the context of



34

this thesis, but there are many applications that could be used to visualize the three-

dimensional data dynamically.

Figure 3.8: A group of brain networks plotted in three dimensions based on their
features derived from the DE approach. The bottom two dimensions represent the
values given by Equations 3.1 and 3.2 where ASD is the positive class and TD is the
negative class.

The DE features encode more information than the contrast subgraph features,

they are more efficient to compute, and they are still quite easy to visualize. This

approach is also more interpretable and explainable, as the calculations are basic,

and one can easily trace the importance or contribution of each edge in making a

classification prediction. This does not only apply to the most influential edges in

favour of the chosen class, but also those in favour of the other class.
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3.3 Effect Size Thresholding

In their study from 2015, Iidaka sought to identify ASD from brain scan data using

a subset of the ABIDE dataset, namely individuals under the age of 20 [28]. Iidaka

computed the pairwise Pearson correlation coefficients between each of the ROI time

series as described in Section 2.2.

Iidaka did not threshold the correlation matrices as in the CS approach. Instead,

they utilized the raw correlation matrices as in the weighted case of the DE approach.

Iidaka normalized the correlation values for each input brain network using Fisher’s

Z transform (i.e. the inverse hyperbolic tangent function). They then created sum-

mary graphs in the same manner as the DE approach (i.e. take the mean of all edge

weights among each class of brain networks) as well as calculated a standard deviation

(SD) matrix summarizing each class.

With all of this information, Iidaka derived a matrix containing the effect size

(ES) of the difference between the edges of each class. The effect size is known as

Cohen’s d and is given by the following formula:

MA −MB√
SD2

A + SD2
B

2

(3.3)

where MA and MB are the summary graphs containing the mean edge weights

of class A and B respectively and SDA and SDB are the matrices containing the

corresponding standard deviations of the edge weights by class. Note that this formula

assumes that the number of samples in class A and B are equal, which is nearly true

for the ABIDE dataset, but if the inequality in sample size becomes too large, an

adjustment must be made to the formula to calculate the pooled SD (i.e. denominator

in this case) correctly.

The numerator of Equation 3.3 is nearly equivalent to the difference network used

by DE in the weighted case. Therefore this ES matrix differs from the difference

network in that its values indicate how significant the differences are between the two

groups rather than simply indicating the differences. After taking the absolute value

of the ESs, the resultant matrix contained importance values for each edge.

The matrix was then thresholded with the ES hyperparameter, and only edges

with an effect size larger than the given threshold were used. Figure 3.9 gives an

example of the chosen brain network edges in one of the cross-validation folds during

experimentation. Note that the outputted feature vector has a very high number
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of dimensions (often over 1000) compared to the other approaches (2 or 3) and the

number of features chosen is dynamic rather than constant.

Figure 3.9: The effect size matrix after removing values below the ES threshold. Each
cell of the matrix corresponds to an edge in the brain atlas.

The chosen edges were then used as features in place of the input brain networks,

and a Probabilistic Neural Network (PNN) was trained for the classification task.

This chapter covered the details of the studied approaches to ASD classification on

the ABIDE dataset. The following chapter will summarize the experiments conducted

in this study.
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Chapter 4

Experiments

This chapter will summarize the history of the work and experiments undertaken in

this study, including paths that became infeasible. It will then present the results of

the experiments. It should be noted that the entire history of the experimentation

phase can be tracked by observing the git history of this thesis’s repository, which

can be found in Appendix A.

4.1 Replication

The study began with an attempt to replicate the results of Lanciano et al. using

the replication package provided in their paper, “Explainable Classification of Brain

Networks via Contrast Subgraphs” [1]. Links to their repository and the repository

for this study can be found in Appendix A. However, unfortunately, no code was

provided (by the time of writing) for extracting features using contrast subgraphs or

for evaluating the resulting model as discussed in Section 5.1 of their paper. The

only code present was for finding a CS given a group of brain networks. Furthermore,

the code that was present for extracting a contrast subgraph, based on the work of

Cadena et al. [52], was not conducive to large-scale experiments. The impact of

having insufficient artifacts for reproducibility will be discussed in Chapter 5.

With this knowledge, a rewrite and optimization of the existing code such that

it could be run repeatedly for the experiments began. After inspecting the existing

code, the most notable inefficiency was the writing and reading of multiple files and

the use of subprocess calls to multiple scripts written in Python and Matlab. All

code written in Matlab (primarily the SDP solver) was replaced with a Python im-
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plementation using the CVXPY library1. The solvers were tested to ensure that the

same inputs produced the same outputs, so as to prevent any logical changes from

this optimization. In the “experiments” directory of this study’s repository, two files

named matlab sdp.npy and python sdp.npy can be found. These files contain exam-

ple outputs of the Matlab and Python SDP solvers respectively for the same given

input. It was found that the outputted values differed only on the order of 10−6 to

10−4, which is likely due to a difference in precision between the libraries used.

Rather than passing data through the writing and reading of files and the use of

subprocess calls to run new scripts, the scripts were modified to directly accept such

data as arguments. The code was then updated from Python 2.7 to 3.8 and unnec-

essary libraries were removed. The last step of the local search algorithm described

in Section 3.1.3, namely the assessment of the complement node-set, appeared to be

redundant, and during the translation of the code, this step was accidentally omit-

ted. A test was later carried out in which 5 difference networks were each used with

1000 random node sets in the local search algorithm. Over the 5000 iterations of the

algorithm, the complement of the improved node-set was never superior, hence it was

very unlikely it could have affected the results of the replication.

Some of the original components from the provided code were reused, but many

modifications were needed. The modifications were tested to ensure logical equiva-

lency. After these changes, a logically equivalent implementation of the original code

was obtained with increased computational efficiency.

However, as discussed in Chapter 3, finding CSs is a small fraction of the work

needed to reproduce the experiments described by Lanciano et al. The CSs must be

used to translate a brain network into a vector or point. Because this translation was

not present in their repository, it was necessary to write from scratch the components

for the embedding such as inducing subgraphs, counting overlap between CSs and

new brain networks, and calculating the L1 norm. It was also necessary to write the

code for running the cross-validation experiments and using the classical models from

scikit-learn2, but this will be discussed further in Section 4.2.

The replication was attempted using the best, chosen alpha parameters as reported

by their paper. Unfortunately, the resulting contrast subgraphs were empty due to the

alpha values being too large, and instead, a tuning method was used for determining

an adequate alpha value. However, later in the experimentation phase, the authors

1This library can be found at https://www.cvxpy.org/.
2Found at https://scikit-learn.org/stable/index.html

https://www.cvxpy.org/
https://scikit-learn.org/stable/index.html
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released a clarification that the reported values were percentiles, not alpha values.

These percentiles correspond to the ratio of edges that are shifted to be considered

detrimental to the CS objective (e.g. a percentile value of 70 indicates that the edge

weights should be decreased such that only the heaviest 30% of the edges retain a

positive edge weight).

After multiple iterations of experimentation and identifying and fixing bugs in

the code, a replication experiment was conducted as closely to what Lanciano et al.

described as possible. This included using the percentile values reported as being the

best parameters in their paper and performing 5-fold cross-validation. After translat-

ing the brain networks using the CS approach, the StandardScaler class provided by

the scikit-learn library was applied to normalize the data points in each dimension.

Finally, Lanciano et al. allude to using an SVM-based classifier for predicting the

classes of the brain networks, therefore, the classic SVC model from scikit-learn’s

SVM module was used with an RBF kernel. This same model was used for all ap-

proaches in the experiments to provide a fair comparison. The results can be seen

in Table 4.2 in Section 4.4 as well as in the experiments/replication directory in this

thesis’s repository (this also contains the exact parameters used along with other

metrics). Unfortunately, the accuracies obtained were not as high as reported by

Lanciano et al.

Based on the discrepancy between the results and the state of the original reposi-

tory, which used all the brain files in a directory for finding a contrast subgraph, it was

hypothesized that Lanciano et al. may have found contrast subgraphs using all of the

brain graphs before running the 5 fold cross-validation. A small experiment was per-

formed to recreate this possible scenario. Alpha values were obtained from the entire

group of brain networks within each category based on the best percentiles reported

by Lanciano et al. (see percentile alphas.ipynb in this thesis’s repository). The alpha

values were then fed into the original code in Lanciano et al.’s repository, which uses

all of the brain networks of each category to find contrast subgraphs. The contrast

subgraphs obtained were then used to translate brain networks into 2D vectors in

5-fold cross-validation. With little tuning, 79% accuracy was easily obtained for the

children dataset. However, not much additional time was spent on this experiment,

nor are results reported in this thesis as this is completely invalid. The approach

involves the test data when constructing the prediction model. This experiment was

only conducted to try to explain Lanciano et al.’s high-accuracy reporting.

In their paper, Lanciano et al. describe a nested cross-validation technique in
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which parameters were optimized. To be completely fair to their approach, it was

necessary to develop a module for performing such experiments. The following section

will describe the work done as it applies to the experiments for every approach.

4.2 Evaluation Framework

To ensure all approaches were evaluated fairly, a common framework was developed

to run the experiments. This framework went through various revisions and itera-

tions as did the experimentation phase. At one point, the pipeline module provided

by scikit-learn was considered, but due to a lack of documentation regarding observed

behaviours (specifically around instantiating custom transformer classes), it was de-

cided that the best approach would be to recreate a simplified version of the module

for this study.

The pipeline module developed for this study works very similarly to the module

provided by scikit-learn, but it instantiates all of the steps of the pipeline once with a

given set of parameters. It can also plot transformed data points in certain scenarios.

The steps of the pipeline consist of a series of transformer classes, each possessing fit

and transform functions, followed by a classifier class, possessing fit and predict

functions.

To limit the variability between approaches, it was decided that their pipelines

would only vary in their first step, which would receive the brain networks as input

and output the feature vector specific to each approach. As mentioned in Section

4.1, the second step of the pipeline was the StandardScaler class, which standardizes

features by removing the mean and scaling them to unit variance in each dimension.

This serves to give each feature of the outputted feature vector a more equal impor-

tance in the classification (especially when used in conjunction with a classifier that

uses spatial algorithms). Finally, the classifier used for each approach was the SVC

classifier from scikit-learn using an RBF kernel, which is a very common classifier in

ML.

An additional module was made for performing grid searches for tuning hyper-

parameters in conjunction with cross-validation and nested cross-validation. In their

paper, Lanciano et al. describe a nested cross-validation approach with hyperparam-

eter optimization as follows [1]:

We randomly split the data into 80/20 training/test subsets. Using the
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training set and 5-fold cross-validation we select the best hyperparameters

for the classifier. We then apply the best classifier to the test set. We

repeat this process 5 times for each method.

It was not clear how the hyperparameters were selected, both with respect to

the mechanism for choosing hyperparameters and for evaluating what makes them

the “best”. Therefore a standard grid search was conducted over the parameters for

both the transformer class of the specific approach and the SVC class, which takes

two primary hyperparameters: C and gamma3. Furthermore, the maximum aver-

age accuracy achieved by a given set of hyperparameters over the 5 inner folds of

cross-validation on the training data was used to determine the best set of hyperpa-

rameters. See Chapter 5 for a discussion on why accuracy was chosen for this as well

as emphasized throughout this study.

The scikit-learn documentation has a discussion and demonstration of the differ-

ences between nested cross-validation and non-nested cross-validation4. It also refer-

ences the work of Cawley and Talbot [54] concerning the risk of over-fitting models

to a specific dataset when using only standard cross-validation. Figure 4.1 illustrates

the approach taken in this study. Moreover, a standard grid search with non-nested

cross-validation was used for comparison.

A variety of metrics and useful information are outputted for each outer fold of

the experiments. These include the following:

• The parameter grid used,

• The chosen parameters,

• The confusion matrix resulting from the predictions,

• Basic metrics such as accuracy, precision, and recall, and

• Average runtimes for various stages of the experiments.

Additionally, for the methods that can be plotted in two or three dimensions

(namely the CS methods and DE), three plots are generated from each of the outer

folds with the following information:

3See https://scikit-learn.org/stable/modules/generated/sklearn.svm.SVC.html
4See https://scikit-learn.org/stable/auto_examples/model_selection/plot_nested_

cross_validation_iris.html

https://scikit-learn.org/stable/modules/generated/sklearn.svm.SVC.html
https://scikit-learn.org/stable/auto_examples/model_selection/plot_nested_cross_validation_iris.html
https://scikit-learn.org/stable/auto_examples/model_selection/plot_nested_cross_validation_iris.html
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Figure 4.1: A single fold of the nested cross-validation scheme used in this study.
This sequence is repeated for all of the outer folds of the data (in this study, 5 folds
were used for the outer and inner folds). Note that only the train data is used during
the grid search. For each combination of hyperparameters, cross-validation is used
on the train data. The set of parameters achieving the highest average accuracy is
used to train the model with all of the train data before predicting the test set.

1. Training points according to their class labels.

2. Test points according to their class labels.

3. Test points according to the predictions that are made.

For the effect size thresholding method, the thresholded effect size matrix (as in Figure

3.9) was plotted for each fold.

4.3 Procuring Data

The early experimentation phase used the thresholded brain networks provided in

the repository of Lanciano et al.’s work [1]. However, as previously mentioned, many

approaches have achieved better results using raw correlation matrices. Therefore, a

script was created to download the appropriately preprocessed BOLD time series files

from the PCP [33]. Here “appropriately preprocessed” simply means “in accordance

with what Lanciano et al. claim to have used”. The DPARSF5 pipeline was used

with band-pass filtering and global signal regression, and the version of the AAL6

5See http://preprocessed-connectomes-project.org/abide/dparsf.html
6See http://preprocessed-connectomes-project.org/abide/Pipelines.html#regions_

of_interest

http://preprocessed-connectomes-project.org/abide/dparsf.html
http://preprocessed-connectomes-project.org/abide/Pipelines.html#regions_of_interest
http://preprocessed-connectomes-project.org/abide/Pipelines.html#regions_of_interest
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brain atlas provided by the PCP was chosen.

The PCP provides a file named “Phenotypic V1 0b preprocessed1.csv”7, which

can also be found in the data/ABIDE directory of this study’s repository. This

file provides information about each subject such as their subject ID, filename, and

various phenotypic traits. Some of the subjects did not have valid file names, but it

was possible to reconstruct most of them using values from other columns and some

manual work. Out of the 1112 subjects claimed to be provided by the ABIDE dataset

[2], 1102 were able to be downloaded.

As the files were downloaded, they were sorted into the various categories outlined

by Lanciano et al. in their study (e.g. male and children) according to the criteria

described in their paper. The categories were not mutually exclusive (e.g. a male child

would be found in both the male and children categories). Additionally, the categories

did not encompass all subjects. Specifically, females that were not instructed to close

their eyes during the scans and were not classified as children or adolescents were

excluded from Lanciano et al.’s study. This category was labelled as “other” in this

study (as seen in Table 4.1), though it was too small of a group to warrant any reliable

experiments, so it was not used independently. Instead, a new category named “all”

was created using a script to determine the unique subjects across categories. This

included the “other” category and is in line with many other studies that use the

ABIDE dataset as a whole.

To closely follow the procedure described by Lanciano et al., any BOLD time

series with missing or null values were removed before converting from time series

to correlation matrices. However, as made clear by Table 4.1, there were many

inconsistencies between the number of subjects retrieved in this study and theirs.

For most categories, this study retrieved more subjects. This may be due to the

effort to reconstruct filenames where they were not present in the phenotypic CSV

file provided by the PCP (and originating from the ABIDE dataset). It may also

arise from a slightly different method of filtering out subjects, though if there is a

difference in the methods used, it was not described by Lanciano et al.. However,

peculiarly, this study retrieved fewer files for subjects in the children category, as well

as subjects with ASD in the adolescents category. The cause for this discrepancy is

uncertain.

7See http://preprocessed-connectomes-project.org/abide/download.html

http://preprocessed-connectomes-project.org/abide/download.html
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Table 4.1: Subject counts for the present study by category, file type, and class. The
first four categories are defined exactly as Lanciano et al. define them in their paper
[1]. The “other” category includes subjects that were not included in any of the
first four categories. The “all” category includes all unique subjects. The “Lanciano
(thresholded)” column corresponds to the thresholded brain networks provided by
Lanciano et al. in their repository. The “Raw Correlation” column corresponds to
the correlation matrices obtained from the BOLD time series in this study. The
“Downloaded Timeseries” column corresponds to the BOLD time series downloaded
from the PCP.

Category Lanciano (thresholded) Raw Correlation Downloaded Timeseries
ASD TD ASD TD ASD TD

children 49 52 40 39 41 39
adolescents 116 121 114 122 121 125
eyesclosed 136 158 141 165 164 183

male 420 418 443 455 467 472
other 0 0 27 49 27 49

all (unique) 457 462 504 551 531 571

4.4 Results

After many iterations of rigorous research and experimentation, results were obtained

that were deemed trustworthy. Much effort was put into reproducing the results of

Lanciano et al.’s work, however, the results came short of those claimed in their paper.

Table 4.2 shows the results of running 5-fold cross-validation using the approaches

described by their work and the best hyperparameters reported in Appendix A of

their paper.

Table 4.2: Replication results. This is modelled after Table 2 in Lanciano et al.’s
paper [1] and reports average accuracies with their relative standard deviation in
percentages.

Children Adolescents EyesClosed Male
CSP1 73.5 ± 13.5 60.8 ± 15.6 58.5 ± 9.0 59.3 ± 4.3
CSP2 65.6 ± 14.7 63.7 ± 9.5 58.5 ± 7.6 61.9 ± 4.9

The goal of this study was not exclusively to replicate Lanciano et al.’s work.

As described in Chapter 3, there were multiple variations and approaches considered

as well as implemented. The approaches that were experimented with include the

following:

• CSP1-SDP-N1 - The recreation of CSP1 from Lanciano et al.’s work. SDP
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specifies the solver used, and N1 specifies the number of contrast subgraphs

used.

• CSP2-SDP-N1 - The recreation of CSP2 from Lanciano et al.’s work.

• CSP1-QP-N3 - The CSP1 approach with modifications as discussed in Sec-

tion 3.1.3. QP specifies the solver used, and N3 specifies the number of contrast

subgraphs used.

• CSP2-QP-N3 - The CSP2 approach with modifications as discussed in Section

3.1.3.

• DE - The Discriminative Edges approach as described in Section 3.2.

• Iidaka - The effect thresholding approach as described in Section 3.3.

The approaches for problem 1 of the contrast subgraph technique (both the orig-

inal and modified versions) can only receive thresholded, unweighted brain networks

as input, as it was unclear how to extend the technique to the weighted scenario

without changing it significantly. DE and the approaches for problem 2 of the con-

trast subgraph technique (both the original and modified versions) can receive both

unweighted brain networks and raw correlation matrices. The effect size thresholding

approach can only receive raw correlation matrices as input. Hence, there were two

kinds of experiments conducted: those receiving unweighted brain networks as inputs

(provided by Lanciano et al.) and those receiving raw correlation matrices (generated

from the downloaded BOLD time series in this study).

Numerous empirical experiments were conducted during this study. However, due

to the excessive computation time required to evaluate the recreation of Lanciano et

al.’s methods (which were empirically found to be about four times faster than the

original implementations), it was not possible to compare the results of more rigorous

experiments such as leave-one-out cross-validation for all methods. Furthermore,

for the time-consuming approaches, manual testing on smaller parameter grids was

conducted until an appropriately sized parameter grid could be used that took a

reasonable amount of time to run, but gave the approaches a fair chance at performing

well. It was also ensured that the parameters listed in their paper were included in

the grid search.

Figures 4.2 to 4.5 provide average prediction accuracies (with standard deviations)

as well as average runtimes for training the pipeline for each approach. As previously
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mentioned, nested cross-validation and non-nested cross-validation experiments were

performed, both using grid searches for hyperparameter selection.

Several observations can immediately be made after inspecting these charts:

1. None of the accuracies are particularly impressive in the context of a medical

diagnosis. Because the class distribution is approximately half and half, a simple

classification model that always predicts a certain class would achieve about 50%

accuracy. These results are clearly above that (for the most part), meaning some

differences in the classes are certainly detectable when using fMRI data, but they

are not accurate enough for an expert in the field to trust their predictions.

2. The approaches of Lanciano et al. and Iidaka do not achieve the results claimed

by the respective authors.

3. No single approach outperforms all others in every experiment with respect to

accuracy.

4. The accuracies of the approaches using the thresholded correlation matrices are

generally lower than those using raw correlation matrices as inputs.

5. DE consistently outperforms all other approaches in terms of training runtimes.

6. The approaches involving the SDP solver take a significant amount of extra

computational time with little return in terms of accuracy.

An in-depth discussion of the results shown here can be found in Chapter 5. As

mentioned previously, the parameter grids used for each approach are documented

along with the precise values of the results in the experiments directory of this study’s

repository.

An experiment was also conducted to visualize the connections deemed most im-

portant by the DE approach. The entire group of raw correlation matrices was divided

into 5 folds to simulate 5-fold cross-validation, then the 5 most positive and nega-

tive connections in the difference network for each fold were selected according to

the DE algorithm and were accumulated into an adjacency matrix for each class (i.e.

ASD and TD). This process was iterated 10 times to determine which edges would

be deemed most important by the DE algorithm for the positive class (ASD in this

case) and the negative class (TD in this case). The accumulated adjacency matrices

represented the discriminative power of each edge that was chosen at least once in



47

Figure 4.2: Thresholded-NestedCV Results.
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Figure 4.3: Thresholded-CV Results.
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Figure 4.4: Raw-NestedCV Results.
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Figure 4.5: Raw-CV Results.
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the 50 folds. The adjacency matrices were then thresholded to show only the most

discriminative edges. These connections were visualized with the BrainNet Viewer

[55] as seen in Figures 4.6 and 4.7.

4.5 Failed Experiments

In research, it is useful to know the ideas and experiments that were explored but did

not yield favourable results. This section will briefly describe some such failures and

explored paths.

The graphs used in this study have a special attribute called Node Identity Aware-

ness (NIA). This means that the nodes of the graphs (in this case, ROIs of a brain),

are the same between graphs. Hence, there is a fixed number of nodes and edges in the

brain networks. Therefore, an attempt was made to simply pass the unfiltered brain

networks and correlation matrices into simple SVM and DNN classification models

using every connection in the brain as features. The results were not competitive,

which may be attributed to the amount of noise contained in the networks. Despite

this, it may have been useful to run experiments with this approach to serve as a

baseline to compare against the other approaches.

Earlier in the experimentation phase of the contrast subgraph approach, before

using percentiles to determine the values of the α hyper-parameter, a tuning phase

was implemented to find an optimal value of α. Initially, the tuning phase focused

on maximizing the accuracy obtained with certain values of α, but because of the

poor performance, a new attribute was considered for maximization. Recall Section

2.3 in which separability was proposed as a major aspect to consider when selecting

features. In an attempt to find a value that measured the extent to which data

points were separated between classes, the Distance-based Separability Index (DSI)

was discovered [56]. Unfortunately, maximizing the separability (as measured by the

DSI) of the training data did not achieve adequate accuracies, possibly indicating the

CS approach lacked extensibility.

As an extension to the concepts in the problem 1 formulation for the CS approach,

an idea was considered for counting the overlap of higher-order graph structures. An

initial attempt was made to count triangle overlap before proceeding to a wider variety

of graphlets involving more edges. The hope was that perhaps certain patterns of

connections were more or less common in the brains of people with ASD and that

such patterns could be identified for classification. Unfortunately, not much success
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Figure 4.6: Connections that were more highly correlated in the brains of typically
developed individuals. Top: Sagittal View. Bottom: Axial View. The range of
edge weights is indicated by the scale in the lower right. Edge weights represent the
respective sum of the difference network edges when each edge was selected during
the 50 test folds. Note the ROI with the highest degree is the right Gyrus Rectus.
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Figure 4.7: Connections that were more highly correlated in the brains of individuals
with ASD. Top: Coronal View. Bottom: Axial View. The range of edge weights is
indicated by the scale in the lower right. Edge weights represent the absolute value
of the respective sum of the difference network edges when each edge was selected
during the 50 test folds. Note the ROI with the highest degree is the right Thalamus.
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arose from the experimentation with triangle overlap, and the computation time was

significant (and would only increase with higher-order graphlets).

An attempt was made to recreate the thresholding of the correlation matrices

as done by Lanciano et al. This was moderately successful, as the example brain

networks examined seemed to be equivalent except for one or two edges (it is unclear

what the differences would have been in thresholding the values between the two

studies). With the code in place to perform the thresholding at various percentiles,

new datasets were generated to mimic those provided by Lanciano et al. but at the

70th, 75th, 85th, and 90th percentiles. Various experiments were conducted using these

new datasets, but the results were not as favourable as those thresholded at the 80th

percentile. For the sake of having a more direct comparison to their paper, the brain

networks provided by Lanciano et al. were used in the final experiments rather than

those generated in this study.

Various other experiments and paths were explored that were not deemed note-

worthy enough to be mentioned in this section.
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Chapter 5

Discussion

Various observations were made throughout this study. This chapter will discuss

and analyze these observations as well as discuss the limitations of the study, the

importance of reproducibility, and ideas for future work in the hopes that the insights

gained here can be useful in this area of research.

5.1 Analysis

Section 4.4 made some basic observations about the results of the experiments. The

first observation is the most obvious, but it is not clear why this is the case. As

discussed previously, ASD is a complex disorder and it may manifest in various ways.

To add to that, the brain itself is a complex organ that is not fully understood,

and the current methods and technologies for studying the brain have much room to

develop. There are likely a plethora of confounding factors that make this problem

difficult. For example, one study found that the median percentage of autism cases

with co-occurring intellectual disabilities was 33% [10]. The brain networks of those

individuals would likely appear noticeably different than the others despite all of the

individuals possessing ASD. Considering ASD is also a spectrum, and it can affect

individuals to very different degrees, it might not make sense to view this as a binary

classification problem as most research in this area does.

This study also uses fMRI data that was obtained from multiple different scanning

sites that did not follow a common study procedure. Multi-site classification has been

observed to be more difficult than single-site classification [44]. A noticeable difference

in the procedures of the sites contributing to the ABIDE dataset is the length of the
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BOLD time series. It is very possible that the length of the scans could affect the

value and stability of the derived correlation coefficients.

The second observation will be discussed in Section 5.1.1 and relates to RQ1.

The third observation relates to RQ2 and may indicate that there is a limiting

factor to the approaches implemented in this study. This may be due to the lim-

itations of the dataset or the classifier model used, or perhaps the approaches are

too similar, and more avenues should be explored concerning data preprocessing and

feature selection. This will be discussed further in Section 5.2.

The fourth observation appears to answer RQ3. However, there are a few factors

to consider. Firstly, although the difference appears noticeable when reviewing the

results, there may not be a statistical difference. Additionally, the approaches used

for the different types of inputs are different for the most part. Even in the case of DE,

which takes both input types, its algorithm changes based on the input type, so the

comparison may not be fair. The potential advantage of thresholding the correlation

matrices is to reduce noise, but these results, along with the empirical results obtained

while experimenting with different threshold values as mentioned in Section 4.5, seem

to indicate that the common approach of utilizing the raw correlation matrices may

be superior as it includes more information.

The fifth observation is simply that, of the approaches studied, DE is the most

computationally efficient, which provides an answer forRQ2 in terms of performance.

This means it could more easily integrate the information from multiple atlases, es-

pecially those of higher resolution. The model made by Epalle et al. mentioned in

Section 2.4.2, on the other hand, takes roughly a week to train. It might be fine

to have a week-long training time if the classification model were to only be trained

once, or very infrequently, but by using DE new subjects could be added to the model

quickly and regularly.

The sixth observation will be discussed further in Section 5.1.4.

5.1.1 Discrepancies in Results

The recreated effect size thresholding approach did not perform to the degree that

Iidaka claimed, but it should be specified that there were differences in the experi-

mental setup and methods. One major difference comes from the fact that an SVM

classifier was used rather than a PNN. Another main difference is that a different ver-

sion of the AAL atlas appears to have been used in their study (this will be discussed
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in Section 5.1.2). Moreover, Iidaka used leave-one-out cross-validation, whereas this

study used 5-fold cross-validation. Iidaka also only experimented on individuals under

20, though this study also considered subsets of the ABIDE dataset.

Regardless of these differences, it still does not account for a nearly 30% difference

in accuracy. Woo et al. discuss the observed biases in studies that perform analysis

procedures on the entire dataset before splitting the data into training and testing

sets [16]. It is unclear what Iidaka did based on the description of their methods, but

they do not explicitly mention recreating the effect size matrix for each fold of the

leave-one-out cross-validation, which would have been considerably more effort than

creating the effect size matrix for the entire dataset once. This represents a possible

leak of information into the model which may have resulted in an optimistic bias.

Similarly, this hypothesis may help explain the discrepancy between this study’s

results and the results reported by Lanciano et al. A small experiment was conducted

based on this hypothesis, as discussed in Section 4.1, and it found that higher ac-

curacies were easily achievable when contrast subgraphs were found using the whole

dataset before running the cross-validation. The code repository provided by Lan-

ciano et al. was insufficient to conduct the experiments in a valid way based on their

description of the experiments.

These uncertainties highlight the need for greater reproducibility, which will be

discussed in Section 5.3. The repository containing the code and data to replicate

this study’s findings and verify its methods can be found in Appendix A.

A peculiarity of the results can be spotted when analyzing the graphs of the

training times. The SDP approaches took a significantly longer time to train than

the other approaches. However, notice how the children category consistently had

longer training times than the other categories. This is quite odd as the children

category is the smallest category among them, and the trend even continues, for the

most part, with categories including more subjects taking less time to train. This

behaviour is only observed in the SDP-based approaches, as the other training times

behave as one would expect, with larger categories taking more time to train. Perhaps

there were issues with caching during the execution of the SDP approaches, but this

is purely speculative.
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5.1.2 Brain Atlas

A broken link exists on the PCP’s website1 concerning the AAL atlas used. It was

noticed that the work of Iidaka [28] and Epalle et al. [45] both claimed the use of the

AAL atlas, but they obtained 90 ROIs compared to the 116 ROIs obtained in this

study and by Lanciano et al. [1]. It is therefore uncertain what exact version2 of the

AAL atlas was last used and released by the PCP [57, 58, 59].

It is also worth noting that the AAL atlas may not be superior to other atlases.

Subah et al. observed that the AAL atlas produced inconsistent results and had the

lowest sensitivity compared to the other atlases used in their study [41].

5.1.3 Correlation Coefficients

When creating brain networks from fMRI data, it appears that nearly all of the

studies in this area of research compute the Pearson correlation coefficients between

the ROIs of the brain. However, this might not yield the most information-rich

data. When creating the thresholded brain networks mentioned in Section 4.5, it

was noticed for a couple of subjects’ brain networks that the 80th percentile of the

correlation values was around 0.2. This is often considered an indication of a weak

correlation, and indeed, as seen in Figure 2.2, there are not many values above 0.7,

which is generally considered a strong correlation [60]. There could be various reasons

for this observation. Perhaps this indicates that the Pearson correlation of ROI time

series is not the best way to measure functional connectivity, or perhaps this could

simply point to errors in data retrieval or preprocessing. It is also possible, though

unlikely, that the inspected correlation matrices were abnormalities. Whatever the

reason, this warrants further investigation.

Additionally, most approaches ignore the possible useful information from neg-

atively correlated BOLD time series. It could be that one region may activate in

response to another region, but with a slight delay, so the time series is shifted in

time. Figure 2.1 showed the time series of three ROIs. The green time series has

a negative correlation with the others even though it may actually fluctuate in re-

sponse to the activity of those ROIs. Current approaches treat this relationship as

being equivalent to having no correlation at all, but it might be worth distinguishing

1http://preprocessed-connectomes-project.org/abide/Pipelines.html#regions_of_

interest
2For available versions, visit https://www.gin.cnrs.fr/en/tools/aal/

http://preprocessed-connectomes-project.org/abide/Pipelines.html#regions_of_interest
http://preprocessed-connectomes-project.org/abide/Pipelines.html#regions_of_interest
https://www.gin.cnrs.fr/en/tools/aal/
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between negative correlations and the lack thereof to obtain more useful information.

It should be noted, however, that the GSR processing step is thought to introduce

negative correlations that may not exist in reality [32].

Furthermore, the correlation values may not give the whole picture. For example,

it may be that one individual has a similar correlation between two ROIs as another

individual, but perhaps the first individual has far more intense fluctuations of BOLD

signals than the second individual [60]. The correlation value does not indicate what

the BOLD signal of a region is doing objectively, only its activity relative to other

regions. Hence, more interesting differences may exist between the ASD and TD

groups in the way these BOLD time series behave.

5.1.4 Issues with Contrast Subgraph Approaches

Note the accuracy values of CSP1-SDP-N1 on the children category in Table 4.2 and

Figure 4.3. The experiments in this study used random state seeds wherever pos-

sible to ensure reproducible results. Additionally, the parameter grid used for the

grid search cross-validation included the parameters used in the smaller replication

experiment. Therefore it should be the case that the accuracies of the grid search

cross-validation would be at least as high as the replication. After some investigation,

it was determined that the random projection step in the SDP solver function (which

originates from the code provided by Lanciano et al.) may be the cause of the incon-

sistent results. This could be given a random state seed to achieve consistent results,

but this helped to identify just how unstable the SDP method can be, especially in

the case of the children category, which has very few subjects.

As mentioned previously, many iterations of experimentation were conducted.

Occasional bugs and issues in the code were found in each iteration. One such bug

was an off-by-one error for the SDP implementation when returning the solution

vector. Despite having such a major issue, the technique achieved similar results

before and after detecting and fixing the bug. It appears that the local search step

was sufficient to amend the solution vector so the results were not much different

(which is what led to this error going undetected for some time). This highlights the

possible superfluousness of the SDP solver, given that it accounts for a majority of

the computation time of the approach.

Similarly, an issue was detected with the first implementation of the QP solver

and after solving this issue, no noticeable performance increase was noticed. This
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perhaps indicates that these approximations of the solution to the GOQC problem

are insufficient and unnecessary.

Another main issue with the CS approaches has already been mentioned in Section

3.2. The motivation for developing the DE approach was to move away from finding

a set of ROIs that induced a contrastive subgraph and instead determine a set of

connections between ROIs that were discriminative between the two classes. When

using a set of ROIs, connections are included that do not give much information

about the class of the brain network, yet they are given equal weight with the more

important edges when determining feature values.

These findings seem to indicate that finding a dense subgraph overcomplicates

the problem. There is no need to identify a connected and complete subgraph when

individual connections are the ones that provide the useful information. Rather than

approximating an NP-complete problem (i.e. GOQC as given by Cadena et al.), the

most discriminative edges can be linearly determined and analyzed.

5.1.5 Focus on Accuracy

Though confusion matrices and other metrics like f1-scores are recorded in the pro-

vided repository for this study’s results, the accuracy of the approaches was empha-

sized. Accuracy is often used when the classes are balanced (which is the case for the

ABIDE dataset) and there is no major downside to predicting false negatives. There

is certainly a downside to predicting false negatives in this context, and therefore a

high accuracy is not sufficient for this problem. However, achieving a high accuracy is

certainly necessary for such models to be trusted in practice. Given that no technique

has been able to attain a suitably high accuracy on the ABIDE dataset, it makes sense

to first make breakthroughs in this area before focusing on other metrics.

5.1.6 Nested Cross Validation vs Cross Validation

Nested cross-validation only makes sense in the context of hyper-parameter tuning,

which is an essential step in building a classification model. Grid search was used for

parameter tuning in this study, as can be seen in the middle step in Figure 4.1.

When non-nested cross-validation is performed, various hyper-parameters are tested,

and in the end, those achieving the best results are chosen. Unfortunately, this leads

to an optimistic bias as the model may be over-fitted to the testing data. Nested
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cross-validation simulates a more realistic environment, and helps to identify if the

model is extensible to new data.

While determining appropriate grids for each approach’s parameters, an inter-

esting observation was made that illustrates the key difference between nested cross-

validation and non-nested cross-validation. While performing nested cross-validation,

two parameter grids were tested, the second grid was a superset of the first grid.

However, the round of experiments using the second grid led to lower accuracies

because the parameters chosen during the grid search were over-fit to the training

data. Though the score was lower, it was more indicative of how the model might

have scored when predicting classes for an entirely different dataset that it had never

trained with.

This is why the results of the nested cross-validation experiments indicate a notice-

able decrease in accuracy compared to the non-nested cross-validation experiments.

5.1.7 Explainability

Figures 4.6 and 4.7 give some insight as to what connections in the brain were found

to be most important for discriminating between the classes by the DE algorithm.

However, this form of explainability could be applied to just about any approach

assuming that the derivation of the features involves choosing certain connections. For

example, Lanciano et al. present similar diagrams to visualize the contrast subgraphs

found. For Iidaka’s effect size thresholding approach, one could apply an even higher

threshold on the effect size matrix to reduce the number of edges chosen and display

the connections corresponding to the most discriminative edges. For approaches that

simply feed the whole correlation matrix into a black box classifier, there are tools

such as SHAP that can identify the most important edges learned for classification.

However, explainability also comes partly from the way features are derived. With

the DE algorithm, it is clear why certain edges are deemed important, but with a

black box classifier, this is less clear. In this study, the features have been either

correlation values or values derived from correlation values, but this does not need

to be the case. Features can be derived in many different ways, such as with graph

analytics and metrics [61].

Explainability also varies with the classification model used. Many classic ML

models have straightforward algorithms that can be easily understood by experts

in the tools. Decision trees are known for being highly explainable. They provide
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classifications that can be understood by non-experts, though more knowledge may

be needed to understand how the decision boundaries are calculated.

Explainability without accuracy is insufficient though. Perhaps better than guess-

ing and checking what features of the brain provide good predictive power, it would

be useful to work backwards from the classifications of powerful black box classifiers

(once a sufficiently accurate classifier is developed) and use graph metrics involving

the connections identified as important by explainability tools such as SHAP.

5.2 Limitations

This study, as well as most of the other studies with the same goal, suffers from a

lack of appropriate data. Most areas of research that apply machine learning utilize

datasets with thousands, millions, or even billions of records depending on the con-

text. Small sample sizes have been observed to lead to unstable classification models,

whereas larger samples have been shown to increase classification accuracy along with

stability [15]. This may partially explain the lower accuracies obtained in this study,

though it does not explain the discrepancies between the accuracies in this study and

those reported by others. The stability of the models can also be observed in the

standard deviation bars in Figures 4.2, 4.3, 4.4, and 4.5 where categories containing

more subjects exhibit smaller standard deviations.

A major goal in this area of research is to provide early diagnoses for infants

and toddlers. However, one issue with respect to retrieving fMRI data for younger

subjects, is that scans require subjects to remain as still as possible throughout. Be-

cause the change in blood flow during neural activity is not immediate (it can take

about 5 seconds to reach the maximum flow [30]), the brain must be scanned over

a fairly long duration of time to retrieve results that can convey useful information.

Moreover, studies on such young subjects require follow-ups to determine what di-

agnoses the subjects were given, if any. Redcay and Courchesne conducted a study

with younger subjects that were sleeping during scans, but with a very small sample

size [62]. This leads to questions of whether it is practical to perform enough fMRI

scans on babies to propel this area of research to a point where it becomes useful in

practice. If it advances enough to become a reliable source of diagnosis, will MRI

scanning be accessible enough for it to make an impact on the general population?

Perhaps it will, or perhaps other measurement avenues which are more accessible and

practical should be considered and studied.
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This study was also limited by time and the breadth of experimentation that could

be performed. For example, the choice was made to use only SVM classifiers for each

approach for the sake of consistency. However, it could be beneficial to apply DL

algorithms to the approaches using the derived features. Table 7 of Subah et al.’s

study seems to indicate a major advantage of using a deep neural network over a

classical machine learning algorithm such as SVM in this context [41].

5.3 Reproducibility

A large portion of time was used to replicate the work of Lanciano et al. This raised

a concern regarding the reproducibility of studies in this area of research and perhaps

on a broader scale.

This thesis adopts the terminology proposed by Goodman et al. as recommended

by Hans in a recent article discussing the confusion surrounding the terms repro-

ducibility, replicability, and repeatability [63, 64]. This thesis proposes that every

study in this domain should describe its methods well enough such that it has re-

sults reproducibility. That is, one can re-implement the necessary code to obtain the

reported results simply by reading the study and using the provided artifacts such

as the data. It should also be straightforward to provide methods reproducibility,

which is closely related to results reproducibility in the context of the computational

sciences [64]. It implies that one can simply re-run the provided code to obtain the

same results reported by the original author.

Unfortunately, the work of Lanciano et al. possessed neither results nor methods

reproducibility based on the effort made to replicate their work in this study. This

study also attempted to employ the strategies described by Iidaka using a different

experimental setup and different subsets of the ABIDE dataset. Though the results

did not agree with the claims of Iidaka, it was not a close enough replication to

conclude their claims were erroneous. The replication of Lanciano et al.’s work was,

however, as similar as could reasonably be made based on their descriptions.

Some examples of inconsistencies observed in their work that led to difficulties in

the replication are as follows:

• They claimed that the time series for each subject contained 145 units of time,

whereas the ABIDE dataset contains time series of variable scanning durations.

• The code in the provided repository used different projection and local search



64

algorithms than those indicated by Algorithms 3 and 4 in their paper and

bugs were identified in the functions that more closely resembled the given

pseudocode.

• They claim that the function fα(S) in Algorithm 4 corresponds to the edge-

surplus definition given by Tsourakakis et al., whereas it corresponds to Cadena

et al.’s generalization of the function to weighted graphs.

It appears that Lanciano et al. repurposed code directly provided by Cadena et al.

Perhaps these issues originated with Cadena et al.’s work, but the algorithms should

have been validated by Lanciano et al. during their study. Ultimately, based on the

work done in this study, the answer to RQ1 is no.

Without reproducibility, it will be impossible to integrate ML classification tech-

niques into medical practice, which is the goal of this research. It has been observed

that a cultural change in the computational sciences may be needed to encourage and

incentivize studies that pay attention to making their work reproducible [65]. Some

unique challenges will be faced with respect to assessing reproducibility as ML tech-

nologies are adopted into clinical sciences. One of the issues noted by Beam et al. is

the presence of many hidden parameters in ML models that can change from software

to software or even between versions of the same software [66]. To address this issue,

random seeds should be set wherever possible to remove variability in results as done

in this study.

Many tools exist for improving the accessibility and reusability of code reposito-

ries. For example, Poetry3 is a Python package and dependency manager used for

this study’s code repository which makes it very simple to install the necessary depen-

dencies of the code into a virtual environment. This study provides a code repository

with datasets and documentation aimed to aid future researchers in understanding

the methods used and to invite inspection or improvement.

5.4 Suggestions for Future Work

Numerous ideas were considered during this study, but many of them were out of

scope due to either a lack of time or expertise. The knowledge gained during this

study may be beneficial to future researchers and hopefully, the suggestions made

here will help to advance this area of work.

3https://python-poetry.org/docs/
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This study used the ABIDE I dataset, but the ABIDE initiative released a second

dataset in 2017: ABIDE II [67]. Unfortunately, significantly fewer studies have em-

ployed this dataset compared to ABIDE I. The difference in their adoption is partly

due to the time difference between their releases, but it is also likely because prepro-

cessing of the dataset has not been openly shared with the research community as

with ABIDE I by the PCP. The PCP helped to inform researchers of available pre-

processing tools and detailed the steps and parameters they used to process the first

ABIDE dataset, but many researchers may not have sufficient background knowledge

to ensure the tools are used properly or, at the very least, performing the preprocess-

ing themselves represents a set back in how much time can be used to experiment

on the resulting data. As discussed in Section 2.1.1, the PCP’s effort on ABIDE I

has been incredibly useful in making the data more accessible to the broader research

community, and it has reduced redundancy while creating common data for compar-

isons. An immediately useful step in this area of research would be to perform the

preprocessing for the ABIDE II dataset and host the resulting data publicly as the

PCP did for ABIDE I.

PCP also provided metrics for assessing the quality of the preprocessed ABIDE

data, but not many studies with the same goal as this study have utilized this infor-

mation. This could be a valuable source of information for filtering the dataset to

reduce noise and potentially the number of outliers.

When a successful classification technique is identified, such as the proposed

method by Subah et al. [41], it should be tested with various preprocessing steps,

parameters, and atlases to ensure the technique is picking up on a biological feature

rather than a feature of the preprocessing. The PCP provides numerous datasets for

each processing pipeline, brain atlas, and with and without GSR or with and without

band-pass filtering. Hence, there are many different datasets available to compare a

given technique across.

Such studies should be made reproducible, and others should recreate the studies

to validate the results. Bone et al. noted issues concerning the inferential repro-

ducibility of two studies using machine learning to increase efficiency in behavioural

diagnosis of ASD [68]. They noted errors in their experimental setups and the con-

clusions that were drawn. In an interdisciplinary area of research such as this, Bone

et al. suggest that increased collaboration is needed between experts in the applied

field and researchers from the computational sciences [68]. If care is not taken to

understand the underlying research and tools in the area of ASD nosology, invalid
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conclusions may be drawn from experiments. Likewise, if an expert in the clinical sci-

ences uses off-the-shelf ML models without properly understanding the assumptions

made about the data and making the necessary adjustments, the experiments may

be invalidated.

The heterogeneity of ASD is certainly a source of difficulty for this classification

problem. Reiter et al. conducted a study comparing classifier accuracy on four subsets

of the ABIDE dataset (as well as in-house data). They split the groups as follows:

1. Both sexes, unrestricted severity.

2. Male participants, unrestricted severity.

3. Both sexes, higher severity only.

4. Male participants, higher severity only.

They found that the accuracy increased when the homogeneity of the dataset in-

creased, implying that the different severities and the sex of the individuals had a

noticeable impact on how well ASD could be identified [69]. Bölte et al. also sug-

gested the stratification of subgroups within ASD to develop a better understanding

of its etiology [70]. As discussed earlier in Section 5.1, it might not make sense to

consider this problem as a binary classification problem. Taking into account spe-

cific symptoms and their severity may help with classification and also give insights

into the severity of ASD for patients being diagnosed. It should be noted that both

ABIDE datasets include useful phenotypic information associated with each subject,

and ABIDE II also includes various symptoms and their severities.

Moreover, though the definition of ASD was changed in the DSM-5 to include

autistic disorder, Asperger’s disorder, and pervasive developmental disorder not oth-

erwise specified (PDD-NOS) [4] due to the presence of poor reliability data concerning

their diagnoses [71], it might be useful to categorize patients by their DSM-IV-TR

classifications which are provided with the ABIDE datasets. A potentially superior

approach may be to use measures of graph characteristics and graph similarities [61]

to perform unsupervised classification on the brain networks. Perhaps data-driven

definitions of subcategories of ASD could be developed based on graph clustering, or

perhaps the differences in severity can be detected.

Resting-state fMRI data may not be ideal for the detection of ASD. Woo et al.

noticed the focus on resting state data in this area of research and noted possible
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confounding factors [16]. For example, individuals likely exist in varying emotional

states and think entirely different thoughts than others during a resting state scan.

It might instead be better to develop a dataset of task-based scans, especially tasks

relating to the affected areas of ASD, such as social interactions. However, this is

not possible if scanning younger subjects. Additionally, researchers may consider

using other measures of brain physiology such as EEG to give multiple perspectives

on a subject, though this would be resource-intensive and may not be practical for

gathering data or using in practice.

An idea worth exploring would be to consider the spatiality of ROIs when deter-

mining features for classification. Relión et al. suggest this would not be as helpful

when the brain network has few ROIs, which is the case with the AAL atlas used in

this study, though many alternatives exist [72].

To gain some insights into how DL models achieve better classification accuracy

in this domain, it may be possible to run simplified, explainable classifiers alongside

black-box classifiers, and report on the instances for which they disagree to help

understand what the DL models are doing differently.

Another idea is to count the number of times each brain network gets classified

correctly or incorrectly over a series of experiments. Subjects that were misclassified

more often could be identified, and perhaps useful insights could come from identifying

what makes them difficult to correctly classify.

Finally, a new hybrid approach based on some of the findings in this study could

be tested on the ABIDE datasets. This approach could include the following steps:

• Derive features using DE on a signed effect size matrix rather than the difference

network used in this study.

• Calculate additional features using measures of graph characteristics [61].

• Create a Decision Tree model using the above features for clear explainability.

• Perform the above steps for multiple atlases and then let the decision trees vote

on the classification.

This model would utilize various perspectives and would be extremely transparent.

The classifications made would be easily interpretable.
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Chapter 6

Conclusions

This study recreated the work of Lanciano et al. in their paper “Explainable Clas-

sification of Brain Networks via Contrast Subgraphs”, but found inconsistent results

with what was claimed. Modifications to Lanciano et al.’s methods were made, such

as using a quadratic programming solution rather than semi-definite programming to

approximate the densest subgraph, improving the local search algorithm used, and

finding and utilizing multiple contrast subgraphs. These modifications resulted in

comparable accuracies and a significant reduction in computational runtimes.

A simpler approach was developed and named Discriminative Edges (DE). Rather

than determining a subgraph defined as a set of nodes representing regions of interest

(ROIs) in the brain, a set of the most discriminative connections or edges between

ROIs was identified using the most positive and negative values in the difference net-

work as constructed by Lanciano et al. This eliminates the unnecessary inclusion of

connections that do not provide discriminative information, simplifies the calculations

performed, and provides a more interpretable and explainable solution. The accura-

cies obtained by this approach were also comparable to the other approaches, but the

computational runtime was significantly lower than all other approaches examined in

this study.

Based on the results obtained in this study, it appeared that the thresholding

of correlation matrices performed by Lanciano et al. resulted in lower classification

accuracy and may have removed valuable information. Experiments were conducted

to vary the threshold value, but none of the values led to improved performance over

the threshold chosen by Lanciano et al. Though a direct comparison of the approaches

using thresholded and raw correlation matrices cannot be made, it was observed that

the approaches using raw correlation matrices performed better overall.
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The problem of identifying and diagnosing Autism Spectrum Disorder through

resting state fMRI data alone is difficult. The highest classification accuracies re-

ported on the ABIDE dataset are not adequate to be trusted in practice in most

fields, let alone the medical field.

The current definition of ASD may be a source of difficulty in this problem. The

disorder varies widely in severity and expression. This seems to indicate that a

binary diagnosis is not sufficient and that training data should at least include the

severity levels associated with ASD diagnoses [4], though it would also likely be useful

to include specific symptom expressions or even develop data-driven definitions of

subcategories within ASD to aid in classification and treatment.

The problem also suffers from a lack of data availability. Obtaining more data

could potentially overcome the multitude of confounding factors that come as a result

of the uniqueness of each individual’s brain depending on their environment, age, sex,

etc. Unfortunately, obtaining such data is expensive and time-consuming with the

current state of brain imaging technologies such as fMRI, and the preprocessing for

such data requires expertise that is not common among researchers with backgrounds

in machine learning and artificial intelligence. Furthermore, identifying ASD in chil-

dren under 2 years old, who typically cannot be diagnosed behaviourally, poses an

even bigger challenge due to difficulties in obtaining data for younger subjects.

The easiest way to alleviate this issue is to perform similar preprocessing on

ABIDE II as the PCP has done for ABIDE I to make it more accessible to the

wider research community, though this does not help in the area of providing more

data for younger subjects, and more data is needed for subjects of all ages.

This study discovered some of these challenges while attempting to replicate the

work of others and advance the area of research. It was identified that this field

of research would benefit from studies that emphasize reproducibility, not just ex-

planations of methodologies, but providing software and resources to quickly and

easily recreate the experiments and results described. This will lend credibility to the

research done and lead to the earlier adoption of new techniques and tools.

The work done to provide earlier, more reliable and accurate ASD diagnoses using

brain imaging data will advance our understanding of ASD and improve the quality

of life of many members of society. It is hoped that the findings and suggestions of

this study will aid in future efforts to meet this goal.
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Appendix A

Reproducibility

Repositories:

• This study: https://github.com/keanelekenns/brain-network-classification

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

//github.com/tlancian/contrast-subgraph

https://github.com/keanelekenns/brain-network-classification
https://github.com/tlancian/contrast-subgraph
https://github.com/tlancian/contrast-subgraph
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