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ABSTRACT

This research explores how advanced data analysis and machine learning tech-
niques can transform healthcare. By applying innovative computational methods, it
addresses key challenges in medical diagnosis, data interpretation, and synthetic data
generation. The aim is to enhance clinical practices, improve diagnostic accuracy, and
maximize the utility of healthcare data. Through these cutting-edge approaches, the
research seeks to provide more effective, accurate, and practical solutions for modern
healthcare needs.

The first study tackles the challenge of diagnosing thyroid disorders, which can
profoundly affect both physical and mental health. Instead of merely evaluating
classifier performance, this research emphasizes the value of comprehensive feature
analysis. Identifying the top four crucial features for predicting thyroid disorders,
shows that using a complete thyroid panel leads to more accurate and cost-effective
diagnoses. This approach reveals the flaws in current clinical practices that frequently
skip a full thyroid panel, particularly in universal healthcare systems.

The second study delves into diagnosing Autism Spectrum Disorder (ASD) us-
ing fMRI data. It compares simple tabular data classifiers with cutting-edge graph-
theoretic methods, discovering that the simpler approach performs just as well. More-
over, the research finds that adding higher-order connectivity information doesn’t im-
prove classification outcomes, and highlights the complexity of diagnosing ASD due
to the similar brain networks in individuals with and without the disorder. This study
underscores the necessity for clear and reliable diagnostic methods in neuroimaging.

The third study explores the creation of synthetic health data, which is essential for
research and practical applications while addressing privacy and ethical concerns. It
assesses various cutting-edge synthetic data generation (SDG) techniques, comparing

their scalability, resemblance to real data, and practical utility. The findings reveal



v

that statistical models surpass machine learning-based methods in training time and
data generation, with synthetic data from most models closely mimicking real data.
This synthetic data proves highly valuable in practical applications, maintaining high
classification accuracy whether trained on real or synthetic data.

In summary, this dissertation shows how advanced data analysis and machine
learning can significantly improve healthcare. By enhancing diagnostic methods,
making complex medical data easier to understand, and ethically using synthetic data,
these techniques lead to more effective, accurate, and scalable healthcare solutions.

This work demonstrates the powerful role of technology in advancing patient care.
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Chapter 1

Introduction

This dissertation explores three critical areas where advanced data analysis and ma-
chine learning are transforming healthcare. Firstly, it investigates the enhancement
of diagnostic accuracy in thyroid disorders through comprehensive feature analysis,
emphasizing the importance of a complete thyroid panel for effective clinical decision-
making. Secondly, the study delves into Autism Spectrum Disorder (ASD) diagnosis
using fMRI data, comparing traditional tabular data classifiers with advanced graph-
theoretic methods to better understand the complex brain networks involved. Thirdly,
it explores the generation of synthetic health data, evaluating various techniques to

create data that mirrors real-world scenarios without compromising privacy or ethics.

1.1 Diagnosis of Thyroid Disorder

The endocrine system is a collection of glands that produce the hormones that control
nearly all the important biological processes of the human body. These glands, sit-
uated in different parts of our body, include the hypothalamus, pituitary gland, and
pineal gland in the brain; the thyroid and parathyroid glands in the neck; the thymus

gland between the lungs; the adrenal gland on top of the kidneys; the pancreas behind



the stomach, and the ovaries or testes in the pelvic region [10]. All these glands work
together to help us lead a normal and healthy life.

The thyroid gland is a butterfly shaped gland that releases three thyroid hormones
into the bloodstream, levothyroxine (T4), trilodothyronine (T3), and calcitonin that
regulate the body’s metabolic rate, controlling heart, muscle, and digestive function,
brain development, and bone maintenance [40]. An optimal supply of iodine from
our diet aids in the correct functioning of the thyroid gland [43]. Malfunction of this
gland results in thyroid disorders causing extreme fatigue, trouble sleeping, enlarged
thyroid gland (goiter), vision problems, muscle weakness, weight gain or weight loss,

intolerance to heat or cold, and many more symptoms [33].

TSH
[ !,-—\ ), &
\”
-\ T3-T4
M \
Pituitary Gland Thyroid Gland

Figure 1.1: Pituitary Gland and Thyroid Gland: Relationship

The pituitary gland is a pea-sized gland located at the base of the brain below
the hypothalamus that regulates other endocrine glands to release hormones [15].
Pituitary gland signals the amount of T3 and T4 the thyroid gland needs to release
into the bloodstream by producing a regulating hormone called thyroid-stimulating
hormone (TSH) [15] as shown symbolically in Fig. 1.1. A normal healthy thyroid
shows an optimal balance of TSH, T3, and T4 hormones. However, when the thyroid
does not produce the right amount of hormones it causes a thyroid disorder or disease.
Hypothyroidism is a condition of having too much TSH in the bloodstream indicating

that the thyroid gland is not making enough T3 or T4 [33]. Hyperthyroidism is



a condition of having low TSH levels showing that the thyroid gland is producing
too much T3 and T4 [33]. As thyroid hormones act on virtually every cell in the
body to alter gene transcription, abnormal production of these hormones has strong
effects [14].

Thyroid disease is one of the most common health conditions in adults that often
remains undiagnosed. The Thyroid Foundation of Canada website indicates that 1 in
10 Canadians suffer from a thyroid condition and 50% of them are undiagnosed [69].
American Thyroid Association estimates that around 20 million Americans have some
form of thyroid disease and around 60 percent have not been diagnosed [9]. Also,
available statistics suggest that women may have up to eight times higher chance
than men of getting a thyroid disorder [9]. An undiagnosed variation in the level of
thyroid hormones can have a phenomenal effect on one’s physical and mental health.

Undiagnosed hypothyroidism results in a life-threatening condition called Myxedema
with intense cold intolerance and extreme lethargy leading to Myxedema coma. Re-
cently, the thyroid disease risk has been found to be linked with systemic lupus
erythematosus, an autoimmune disease [96]. There is also evidence of a correlation
between thyroid disease and low levels of vitamin D [49]. Clinicians use a simple blood
test to diagnose thyroid disorders. It measures the amount of thyroid hormones in
the bloodstream and reports if the person has a thyroid disorder or not. Such a test
can either measure the complete thyroid panel (TSH, FT4 (Free T4), and FT3 (Free
T3)) or only the TSH as a cost saving way. I observed that the clinical practice of
measuring TSH only is common in countries with universal health care [32, 13]. In
order to understand the efficacy of these tests and provide clinicians with information
they can trust, I initiate a systematic study of feature importance in the diagnosis of
thyroid disorder.

This work develops a predictive model to facilitate early diagnosis of this disease.



Using data mining techniques, I identify important predictors of thyroid disease that
enable clinicians to diagnose this thyroid disease effectively. Our main contributions

in this study are as follows:

1. Using an explainable classifier (CART), I show that the top-4 features for thy-
roid diagnosis are FTI, TSH, TT4, and T3 (See Table 2.3) which can be mea-

sured cost effectively using a simple blood test.

2. I also show that a clinical test in which TSH is measured in isolation is not

sufficient leading to possible misdiagnosis of the disorder.

3. I perform experiments to demonstrate the robustness of our conclusions using
different approaches, including the use of a new classifier (Random Forest),
principal component analysis, and methods to handle the imbalance in our

dataset.

4. Finally, I also shed light on an ambiguity in the existing literature when defining

class labels for the thyroid dataset I use and provide explanations to resolve it.

1.2 ASD Diagnosis from fMRI Scans

Autism Spectrum Disorder (ASD) is a developmental disorder caused by abnormal
brain development, and encompasses a wide range of symptoms and severity lev-
els, varying from mild to severe [30]. Individuals with ASD may have co-occurring
conditions such as Attention Deficit Hyperactivity Disorder (ADHD), anxiety, or de-
pression, which need to be addressed for comprehensive support [31]. They also face
challenges in social interactions, exhibit repetitive behaviors, and often have height-

ened sensitivity (hypersensitivity) or reduced sensitivity (hyposensitivity) to stimuli



like light, touch, taste, or smell [53]. Despite this, they also possess remarkable
strengths, such as visual thinking and problem-solving abilities.

The exact cause of ASD is not fully understood, but research suggests that it
results from a complex interplay of genetic and environmental factors [28, 39, 21, 53].
Genetic conditions like Fragile X Syndrome and Tuberous Sclerosis increase the risk
of developing ASD [58]. Environmental influences, including premature birth and ma-
ternal alcohol use during pregnancy [58], are suggested potential risk factors. ASD
Symptoms typically emerge in early childhood affecting approximately 1 in 36 chil-
dren, with boys being diagnosed four times higher than girls. It occurs across different
racial, ethnic, and socioeconomic backgrounds without specific limitations [16]. Al-
though there is no cure for ASD, early intervention, specialized services, and parental
support improve a child’s growth and development [44].

Diagnosing ASD requires a comprehensive specialist evaluation [64] and a detailed
clinical assessment based on specific criteria outlined in diagnostic manuals like the
DSM-5 [6]. Nevertheless, this traditional diagnostic approach lacks definitive lab-
oratory tests and relies heavily on clinical judgment and behavioral observations.
Therefore, it is important to employ reliable methods to improve ASD diagnosis for
all ages.

The discovery of Functional MRI (fMRI), a modern brain imaging technique, has
enabled researchers to identify and partition the brain into regions of interest (ROIs)
based on their specific functions. By constructing a graph from a fMRI scan, with
ROIs as vertices and edges representing the co-activation of these regions, researchers
can employ graph classification techniques to effectively classify fMRI scans [12].
Several techniques have been proposed for general graph classification such as kernel
methods [?], graph embeddings [35], and deep learning [50]. Metrics such as accuracy,

precision, and recall are essential for evaluating any such classifier [26], and it has been



shown that some of these methods can achieve impressively high scores for the various
metrics.

However, a drawback of these techniques is their complexity, large number of
parameters, and black-box nature making it challenging to understand their predic-
tions. Recently, there has been a growing focus on explainability within the Al domain
[36, 55]. In critical sectors like healthcare, decision-makers are hesitant to adopt pre-
diction models solely based on the high reported accuracy without comprehending
their decision-making processes [8]. This cautious approach is especially crucial in
healthcare, where explainability is vital for gaining the trust of medical practitioners
[85].

In response to the need for explainability, Lanciano et al. [51] used contrast sub-
graph method for diagnosing ASD. The goal is to find subgraphs in brain connectivity
data that display dense connections among individuals with ASD while being sparse in
neurotypical individuals, or vice versa. This approach aims to create an interpretable
classification method revealing unique brain connectivity patterns in individuals with
ASD. However, computing contrast subgraphs is complex and computationally in-
tensive. In a recent study, Enns et al. [27] proposed a simpler discriminative edges
method, which identifies the most important edges or connections that help distin-
guish individuals with ASD from neurotypical individuals. As shown in [27], both
these methods obtained a mean accuracy of 60% on larger datasets of individuals with
ASD. In light of these results, Enns et al. [27] poses the following question: Can brain
imaging data lead to more accurate ASD diagnoses while maintaining explainability?
If not, can I determine the reasons behind this limitation?

In our research, I seek to address this question by exploring an alternative path-
way for explainable ASD diagnosis methods, complementing the findings of Lanciano

et al. [51] and Enns et al. [27]. Our work views graphs as tables and focuses on



demonstrating the effectiveness of simple and explainable tabular ML methods as
alternatives to the graph techniques utilized in prior studies (e.g., [51, 27]). Further-
more, with the goal of improving the accuracy of our method, I explore the possibility
of adding higher-order information as attributes to aid classification. While the meth-
ods I propose are simple and explainable, I observe that they did not achieve high
accuracy though they matched the performance of the previous methods. Therefore,
I investigate the potential barriers that hinder the achievement of strong performance
metrics, aiming to provide insights into the question raised by [27]. Our main con-

tributions in this study are as follows:

1. Converting the brain network data into a tabular format and using explainable
classifiers yield comparable results to graph-theoretic techniques used in prior

works.

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

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

3. Studying similarities between brain networks of individuals with and without
ASD, using similarity measures such as Jaccard similarity of k-cores and Ham-

ming distance reveals the underlying barriers to ASD prediction.

1.3 Synthetic Generation of PSU Data

In today’s data-driven world, finding valuable insights from the available data is
crucial. Understanding data relies on quality attributes like accuracy, timeliness,
consistency, relevance, and completeness. These are vital for making informed deci-
sions and gaining insights. Large datasets significantly help in understanding data
by uncovering intricate patterns and relationships within information, thereby play-

ing a key role in improving machine learning models. They enhance accuracy, refine



predictions with diverse data, and fortify models’ resilience, leveraging their capac-
ity to reveal intricate patterns and relationships within information. Particularly
in training complex models like those used in deep learning, large datasets are in-
valuable. Nevertheless, maintaining a balance between data quality and quantity
is vital for reliable models and meaningful insights. However, acquiring extensive,
high-quality data presents multifaceted challenges. Privacy regulations, exorbitant
collection costs, limited data availability, accuracy concerns, ethical considerations,
and the complexities of integrating diverse data sources pose significant hurdles.

Synthetic data emerges as a potential solution by mimicking statistical charac-
teristics without divulging sensitive information. It addresses privacy concerns, sup-
plements datasets, and broadens accessibility. Nevertheless, ensuring its accuracy
compared to real-world data remains an important consideration in leveraging its
potential.

Early approaches to generating synthetic data in the past were simplistic and
lacked sophistication. Methods included simple random number generation, which
failed to capture the underlying patterns or relationships within the data. Another
approach involved duplicating existing data, resulting in a dataset without introduc-
ing any new information or reflecting the true variability. Replacing missing values
with mean, median, or mode disregarded the nuanced relationships among variables.
Basic mathematical models like linear equations or manual generation based on sub-
jective assumptions lacked the ability to accurately replicate the complexities of real-
world data. Sampling and interpolation methods attempted to imitate distributions,
yet often failed to truly represent the underlying data dependencies. Overall, these
approaches were limited in their capacity to replicate the intricacies and statistical
properties of genuine datasets.

Modern techniques for synthetic data generation have shown remarkable advance-



ment by integrating sophisticated statistical methodologies with cutting-edge machine
learning algorithms such as Generative Adversarial Networks (GANs), Variational
Autoencoders (VAEs), and transformer models. GANs employ a two-part system
comprising a generator network that learns to produce synthetic data resembling the
original dataset and a discriminator network trained to distinguish between real and
synthetic data. This adversarial process drives GANs to generate highly realistic syn-
thetic data while maintaining statistical properties. VAEs, on the other hand, lever-
age probabilistic modeling to encode and reconstruct data, allowing the generation
of new samples that closely adhere to the original dataset’s structure. Transformer
models, known for their sequential learning capabilities, have also shown promise in
generating synthetic data by learning intricate patterns and relationships from se-
quential or time-series data. Alongside these techniques, statistical methodologies
such as copulas have played a pivotal role in capturing complex dependencies and
multivariate structures in the data. Copulas offer a flexible framework for modeling
and generating synthetic data, preserving individual variable distributions and accu-
rately capturing their interdependencies. By integrating advanced machine learning
models with robust statistical methods, hybrid approaches excel in creating synthetic
data that mirrors the statistical properties, underlying structures, and intricate rela-
tionships of authentic datasets. However, there is no systematic study that compares
the scalability of state-of-the-art methodologies for synthetic data generation (SDG)
for patient service utilization data.

In this work, I address this gap by using five well known SDG models to generate
synthetic data from a real dataset of patients accessing a regional health service
system in Canada that serves many municipalities. In such a system, there is a
clinical context coding scheme that labels service classes to number IDs. The data

sets I analyze have the sequential ordering of the service classes a patient has visited;
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I call these Patient Service Utilization data (PSU). From our data sets, I analyze
four cohorts: Schizophrenia Services (SS), Addiction Services—Post Withdrawal (AS),
Homeless—FEver (HE), and Opioid Overdose (OO).

Using a broad spectrum of statistical (FastML, Gaussian Copula), ML-based (CT-
GAN, Transformers), and hybrid models (CopulaGAN), I generate synthetic cohorts
of patient data of four increasing sizes, 1x, 2x, 5x, and 10x. While doing so, I measure
the training time, the time taken to train each model, and the generation time, the
time to generate the synthetic data of different sizes. After the generation step, our
study aims to answer two important questions about the quality of the synthetic data
generated: (1) how closely does the synthetic data resemble the real data measured
using resemblance metrics; (2) How useful is the synthetic data in practical scenarios

measured using utility metrics. The contributions of this study are as follows:

1. T compare five SDG methodologies using two parameters, the time taken to train
the model and the time taken to produce the synthetic data of various sizes,
and show that the statistical models significantly outperform the ML-based and
hybrid models.

2. I measure how closely the synthetic data resembles the real data using the
Jensen-Shannon distance between marginal and joint distributions of important
features in the real and synthetic datasets and show that they diverge only by

a small amount (less than 3%).

3. By training a Binary RNN to differentiate between two cohorts, SS and AS, us-
ing synthetic data and then testing the trained classifier on real data, I demon-
strate that the quality of synthetic data produced is excellent in terms of utility

metrics. The classifier achieved high accuracy above 95%.

The three works in this dissertation are interconnected by their shared goal of ad-
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vancing healthcare through data-driven machine-learning methodologies. The first
work lays the foundation by improving diagnostic precision for thyroid disorders
through comprehensive feature analysis, highlighting the critical role of data com-
pleteness in clinical decision-making. Building on this, the second study tackles the
complex challenge of diagnosing Autism Spectrum Disorder (ASD) using fMRI data,
showcasing the need for both accurate and explainable models in understanding in-
tricate brain networks. The third work extends these principles to data synthesis,
addressing privacy concerns and enabling scalable healthcare applications through
the generation of realistic synthetic datasets. Together, these studies demonstrate
a cohesive approach to enhancing healthcare diagnostics and data utilization while
emphasizing interpretability, scalability, and ethical considerations.

Overall, the research in this dissertation aims to harness technological advance-
ments to provide more accurate diagnoses, deeper insights into medical data, and

practical applications for improving patient care in modern healthcare systems.



12

Chapter 2

Identifying Important Features for
Clinical Diagnosis of Thyroid

Disorder

Abnormal production of thyroid hormones in our body causes thyroid disorders such
as hypothyroidism, hyperthyroidism, Hashimoto’s disease, Graves’ disease, and thy-
roid nodules. Undiagnosed thyroid disorders can affect the quality of life of an indi-
vidual both physically and mentally. Thyroid disorders are common but sometimes
become difficult to diagnose since the symptoms can be easily associated with other
health conditions. Clinicians identify thyroid disorders by measuring the levels of
thyroid hormones in our bloodstream. This work aims to help clinicians by carefully
investigating if thyroid diagnosis improves when all important features (a complete
thyroid panel) are measured as opposed to a select few. The reason is that the en-
docrine system is a complex network and having complete information about various
hormones improves diagnosis and eventually treatment.

Much of previous work has focused on the performance of classifiers, supervised



13

and unsupervised, for the prediction of this disorder. Departing from this tradition, I
focus on the concept of feature importance and its clinical implications. I identify the
top four important features that predict the presence of thyroid disorders and show
that these can be measured by clinicians cost-effectively. I also identify the pitfalls of
current clinical practice of not checking the entire thyroid panel, prevalent in many
countries with universal health care. Finally, I show that our results are quite robust
and are unlikely to change with the choice of classifier or due to the inherent nature
of a dataset in hand like imbalance.

This chapter starts with an overview of the literature on classification methods
for the diagnosis of thyroid disorders. Next, I introduce the dataset I use and the
proposed supervised and unsupervised methods for feature importance. I then outline

the three research questions and summarize our experimental results.

2.1 Related Work

There is extensive literature analyzing the performance of various classification meth-
ods, supervised and unsupervised, for the diagnosis of thyroid dysfunction.

Early research focused on the use of neural networks for this task. Sharpe et al. [81]
initiated the use of ANN for the diagnosis of thyroid disorder. Zhang et al. [97] showed
that neural networks are more robust to sampling variation compared to traditional
Bayesian classifiers. Hoshi et al. [41] analyzed the performance of two neural networks:
self organizing maps and Bayesian regularized neural networks in the study of thyroid
function and showed both to be useful. Temurtas [83] compared the performance of
three different types of neural networks, multilayer (MLNN), probabilistic (PNN), and
learning vector quantization (LVQ-NN) for thyroid disease diagnosis with PNN giving

the best result. Saiti et al. [76] investigated the performance of genetic algorithms,
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based on combining SVM with PNN, for this task.

Liu et al. [56] built a classifier based on fuzzy K-nearest neighbour (KNN) with
a strong performance. Chen et al. [18] explore the performance of a hybrid system
based on support vector machines for thyroid disease diagnosis. Li et al. [54] designed
a computer-aided diagnosis system based on principle component analysis (PCA) and
extreme learning machine (ELM) to assist in the task of thyroid disease diagnosis.
In recent years, [70, 88, 74, 62] has focused on analyzing the effectiveness of simple
decision tree algorithms for this prediction task. Please see [61] for a detailed survey

of all the research on the prediction of thyroid disease.

2.2 Dataset and Methods

2.2.1 Thyroid Dataset Description

This work uses the thyroid disease dataset available in the KEEL repository [1].
KEEL cites as its source one of the databases available in the UCI repository [2].
The dataset in the UCI repository was contributed by J. R. Quinlan. The dataset,
obtained from Daimler-Benz, contains 7200 instances and 21 features, of which 6 are
continuous and 15 are binary datatypes, and has no missing data. I note that the
class label definitions are different in KEEL [1] and UCI [2] thyroid dataset. Table 2.1
summarizes class label definitions as reported in KEEL identifying hypothyroid
(93%) as majority class. Table 2.2 summarizes the UCI class label definitions
that report normal (93%) as the majority class.

Table 2.1: Class Label Definitions - KEEL Repository
H Class Label  Description  No. of Records % H

1 Normal 166 2%
2 Hyperthyroid 368 5%
3 Hypothyroid 6666 93%
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Among prior research works, KEEL [1] is used by [38, 17] and UCI [2] is used
by [5, 78, 79, 37]. The KEEL [1] and UCI [2] thyroid datasets having different class
variable definitions pose a potential challenge regarding which one to use. I overcome
this challenge by preprocessing and analyzing both the KEEL [1] and UCI [2] datasets
carefully to help obtain more insights about the thyroid data in hand to aid with our
decision making. See Section 2.2.3 below.

Table 2.2: Class Label Definitions - UCI Repository
H Class Label  Description  No. of Records % H

1 Hyperthyroid 166 2%
2 Hypothyroid 368 5%
3 Normal 6666 93%

Table 2.3 elaborates on the acronyms for the most relevant variables used in

KEEL [1] and UCI [2] thyroid dataset.

Table 2.3: Thyroid Dataset Abbreviations

H S.No ‘ Acronyms ‘ Description H
1 TSH Thyroid Stimulating Hormone
2 FTI Free T4 Index (relates to FT4)
3 TT4 Total Thyroxine (relates to FT4)
4 T3 Triiodothyronine (relates to FT3)

2.2.2 Data Preprocessing

The primary objective of our work is to establish the presence or absence of a thyroid
disorder while identifying important features that support clinical diagnosis. Keeping
our objective in mind and the ambiguity in class label description found in previous
literature as described earlier in Sec. 2.2.1, I decided to transform KEEL [1] and
UCT [2] datasets to a binary classification problem. This is done by combining class

labels hyperthyroid and hypothyroid into a new class label “1-Thyroid” indicating the
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presence of “thyroid disease” and Class label “0-Normal” identifies normal samples
without “thyroid disease”. Dataset descriptions with the new binary class labels are
outlined in Tables 2.4 and 2.5.

Table 2.4: KEEL Repository - Binary Classifications
H Class Label Description No. of Records % H

0 Normal 166 2%
1 Thyroid 7034 98%

Table 2.5: UCI Repository - Binary Classifications
H Class Label Description No. of Records % H

0 Normal 6666 98%
1 Thyroid 534 2%

This decision not only left KEEL [1] and UCI [2] datasets heavily imbalanced
as noticed in Table 2.4 and Table 2.5 but also raised another difficult question as to
which choice of class label descriptions is convincing for us to utilize. This challenge is
overcome by analyzing KEEL [1] and UCIT [2] thyroid dataset. Among many observa-
tions, insights provided by Fig. 2.1(e) in Sec. 2.2.3 helped us choose the dataset to use
for this work. Fig. 2.1(e) reports a very high number of patients getting treated with
various thyroid treatments that are correctly classified as “1-Thyroid” by KEEL [1]
making it the preferred choice for this work.

Table 2.6: Treatment Options - UCI Repository
H Class Thyroxine 1131 Surgery Antithyroid Lithium H

0 - Normal 923 109 97 99 85
1- Thyroid 17 12 4 4 6

On the other hand, UCT [2] classifies these patients as “0-Normal” despite getting
treated for thyroid disease. This causes confusion and raises the following question

for which I could not find a convincing answer - why are numerous patients classified
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as “O-Normal” by the UCI [2] dataset receiving thyroid treatment as reported in

Table 2.67

Output Class
Output Class [ [ Output Class
Normal 166 Sex Normal  Thyroid
F 132 4,877
Thyroid 7,034 M 34 2157
(a) Binary Class Conversion (b) Imbalance (c) Distribution on Gender
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(e) Symptoms and Various Treatment Options for Patients with Thyroid disease

Figure 2.1: Descriptive Statistics: KEEL Thyroid Dataset

2.2.3 Descriptive Statistics

Data analysis convinced us to use the binary version of KEEL [1] as defined in Ta-

ble 2.4 for this work. This dataset is referred to as the KEEL dataset in the rest of
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this chapter.

Fig 2.1 presents various observations of the KEEL dataset. Fig. 2.1(a) and 2.1(b)
show the binary class distribution and severe imbalance with thyroid at 98% and
normal at 2%. Fig. 2.1(c) clarifies that women are more susceptible to this disease
than men. Fig. 2.1(d) exhibits that “thyroid disease” is a progressive disease that
predominantly occurs between the ages of 30 and 70 and can even affect children less
than 10 years.

Fig. 2.1(e) highlights the small number of outliers, those who are among the
“0-Normal” patients but are treated using surgery or medications for the presence of
thyroid disease. This project includes those outliers (a select few) without eliminating
them since the samples identified as “0-Normal” are already low in the KEEL dataset.
Fig 2.1(e) also highlights the various symptoms and treatments among patients with
thyroid disease conveying thyroxine as the most common treatment and not all thyroid

patients end up having a goiter making this symptom less common.

2.2.4 Feature importance

This work focuses on understanding feature importance in supervised and unsuper-

vised settings and its clinical relevance.

Supervised Learning using CART & Random Forest

Supervised learning is a machine learning (ML) approach where a model gets trained
to classify labeled datasets and later apply them to predict outcomes accurately [24].
Prior works [78, 79, 37] using [2] have established that decision tree classifiers achieve
strong performance metrics. Furthermore, an added advantage of these classifiers
is that they are highly interpretable. Therefore, Classification and Regression Trees

(CART) is an excellent choice for the KEEL dataset and is our algorithm of choice
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for supervised learning. The CART model built using the training data is represented
as a binary tree in which the internal nodes are labeled by features and the leaves by
the class variable. Given the tree representation of the CART model, the important
features are easily identified as they label the internal nodes at the top levels of the
tree.

Random Forest is another ML approach that is used to solve classification and re-
gression problems. As opposed to CART which builds one decision tree, the Random
forest algorithm is a collection of decision trees. The algorithm bases its prediction on
the resulting ”forest” of decision trees by taking the majority (or mean) of the out-
put from various trees. Intuitively, a decision based on a collection of trees increases
the accuracy of the outcome. CART and Random Forest have a built-in feature

importance algorithm that uses Gini importance or mean decrease impurity.

Unsupervised Learning using Principle Component Analysis (PCA)

Unsupervised learning is an ML approach used to analyze unlabeled datasets and
find patterns [24]. Analyzing the KEEL dataset by eliminating class labels not only
helps with identifying the top four important features but also validates the results
provided by the supervised approach. I chose this approach having found ambiguity
in the literature about the class label definition as described earlier in Sec. 2.2.2.
PCA is an extensively used method for reducing the dimensionality of the feature
set and is suited to work well on the continuous variables in a dataset. KEEL dataset
has six continuous variables: Age, TSH, FTI, T3, TT4, and T4U. PCA internally
reduces the dimensions of multivariate data to six principal components (PC), that
can be visualized graphically, with minimal loss of information. PCA also reveals the
data attributes contributing to each of these dimensions. The features contributing

to principal dimension 1 (PC1) are considered important as it is the dimension with
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the largest variance [89)].

2.2.5 Metrics

In this work, I use several well known metrics to evaluate the performance of a
classifier. Let TP, TN, FP and FN represent the True Positive, True Negative, False
Positive and False Negative predictions of a chosen classifier. For example, false
positives are cases that are actually negative but the model incorrectly labels as
positive, or in our example, the model classifies a person as having a thyroid condition
when they are actually normal.

Sensitivity is the fraction of actual positives that got predicted as a (true) positive.
Sensitivity is also referred to as Recall or true positive rate. I have the following

definition:

TP

Sensitivity(or)Recall = TP+ FN

Specificity or true negative rate is defined as the fraction of actual negatives, which

got predicted as a negative. That is,

TN

Speczﬁczty = m—w

Precision measures the quality of the positive predictions of the model.

TP
TP+ FP

Precision =

Accuracy measures the fraction of correct predictions by the model.

TP +TN
TP+TN+ FP+ FN

Accuracy =
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When I want to find an optimal blend of precision and recall I can combine the
two metrics using the F1 score. The F1 score is the harmonic mean of precision and

recall taking both metrics into account as follows:

Precision X Recall

F1-S =2 X
core Precision + Recall

160 A
A
@ 120
e
@© A
st
O 80
Q.
E
40
A
t3 tt4 tsh fti
(a) Top-4 Important Features

. fti < 0.062 -

tsh >=0.006 fti < 0.064

:

tsh >=0.0052

Normal Thyroid Normal Thyroid Thyroid
127/138 64 /64 6/7 27127 5525 / 5525

(b) Decision Tree

Figure 2.2: Supervised Learning: CART Results
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2.3 Results and Discussion

This section summarizes our results and observations on the KEEL dataset obtained
using supervised learning (CART and Random Forest), and unsupervised learning

(PCA) as outlined in Sec. 2.2.4. I refer the reader to Table 2.3 for the description of

terminology used in this section.
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Figure 2.3: Supervised Learning: CART Results
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RQ1 : Among the 21 different features, what are the top-4 predictors for clinical

thyroid disease diagnosis? Can these be measured cost effectively?

2.3.1 Supervised Learning: CART

This work uses all 21 data attributes of the KEEL dataset to build a predictive
CART model. Initially, our approach is to build a successful predictive model for the
imbalanced KEEL dataset by performing a simple 80:20 train/test split and evaluating
performance metrics. 1 will later re-evaluate this model using oversampling and a
more sophisticated model like Random Forest. The training dataset consisting of
5761 records is used to fit the chosen model (in our work, CART) enabling it to learn
from this data. The test dataset, with 1439 records, is used to provide an unbiased
evaluation of a final model fit. The test dataset provides the gold standard used to
evaluate the model and is only used once a model is completely trained.
Visualization of results of the CART generated model in Fig. 2.2 and Fig. 2.3 shows
the important features used in the classification decision tree and are summarized

below.

1. Fig. 2.2(a) identifies FTI as the most important predictor for the risk of a
thyroid disease based on the Gini index closely followed by TSH, TT4, and T3
in that order. These top-4 important features can be measured cost effectively

by a simple blood test.

2. Resulting CART decision tree, Fig. 2.2(b), shows FTI as the root node of the
tree followed by T'SH as the second level node. Note that the printed tree does
not show the other two important features, TT4 and T3, due to the pruning
that the CART algorithm applies to the tree. Nonetheless, these two attributes

are indeed deemed important by CART during the tree construction.
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2.3.2 Unsupervised Learning: PCA

Results obtained using PCA are summarized in Fig. 2.4. PCA uses the six continuous
data attributes, FTI, TT4, T3, T4U, TSH, and Age from the KEEL dataset. There-
fore, the Scree Plot shown in Fig. 2.4(a) identifies six principal components (PC) and
plots the eigenvalues, ordered from largest to smallest. Fig. 2.4(b) displays the list of
important data attributes that contribute to principal dimension 1 (PC1) (dimension

with the largest eigenvalue and maximum variance) and their % contribution [89].
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(a) Scree Plot (b) Contributions Of Dimension 1 variables

Figure 2.4: Unsupervised Learning: PCA Results

PCA results reported in Fig. 2.4(b) align well with RQ1 results in the CART
model (Fig. 2.2) by identifying the very same features, FTI, TSH, TT4, and T3
as the top-4 important features for predicting thyroid disease. The red dotted line
in Fig. 2.4(b) indicates the expected average contribution. The variables above the
dotted line contribute more than the average and the ones below contribute lower
than the average. This also demonstrates that the class label assumptions I made in

Sec. 2.2.2 do not intervene with identifying the top-4 important features.
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RQ2: How effective is TSH alone in predicting the presence of thyroid disease?
That is, does the prediction improve by adding other three important features to the

testing palette?

To understand the significance of the top-4 important features identified by CART

in Fig. 2.2(a), I further study the corresponding performance metrics when I consider:

e All 21 attributes
e Only the top-4 important features

e Only TSH

The metrics obtained are summarized in Fig. 2.3(a) using green, blue, and red bars
respectively. It shows that there is no noticeable loss of performance when using only
top-4 attributes (the blue bars) as opposed to all 21 attributes (the green bars).

However, there is a significant loss in performance metrics like sensitivity, pre-
cision and F1 score using TSH only (the red bars) when compared with other two
options. For example, the sensitivity falls to 0.57 while it is 0.91 when top-4 impor-
tant attributes are included. Similar reduction is observed for precision and F1-score
as well.

This result is of clinical importance as it shows that measuring TSH alone in the
blood test is not reliable and can result in misdiagnosis of thyroid disease. I note
that the practice of measuring TSH alone is prevalent in many countries that have

universal health care such as Canada [13].

RQ3: How much does the imbalance in the KEEL dataset influence the results for

RQ1 and RQ2? More generally, how robust are our answers to RQ1 and RQ2?
I explore two different approaches to answer RQ3.

e Over Sampling: To address the imbalance in the KEEL dataset, I use over-

sampling that works with minority class by replicating the observations. Fig 2.3(b)
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Figure 2.5: Random Forest Metrics: All (Green), Top-4 (Blue) & TSH only (Red)

shows that all the performance metrics improve after the use of oversampling.
However, for the purpose of this work, the crucial observation is that oversam-
pling also reports the top-4 important features as F'T1, TSH, T'T4, and T3 which
are the same as Fig. 2.2(a) showing that balancing the dataset does not affect

our result for RQ1.

¢ Random Forest: I also test the robustness of our conclusions by revisiting
RQ1 and RQ2 using a more sophisticated classifier, Random Forest. 1 observed
that the top-4 important features are TSH, FTI, T3, and TT4 in that order.
That is, the top-4 important features remain the same as reported for CART
in Fig. 2.2(a) though their relative order has changed. In addition, I summa-
rize the performance of Random Forest on the KEEL dataset using the three

scenarios described in RQ2 in Fig. 2.5. I again notice that using the top-4 im-
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portant features gives almost the same performance as using all the variables.
However using only TSH causes a significant drop in performance for sensitivity,
precision, and F1. For example, the sensitivity drops from 0.93 to 0.61 and the
F1-score drops from 0.91 to 0.58.

Publication

The results in this chapter are based on the following publication.

e Sowmya Balasubramanian, Venkatesh Srinivasan, and Alex Thomo. Identify-
ing Important Features for Clinical Diagnosis of Thyroid Disorder. Proceedings
of the IEEE/ACM International Symposium on Network Enabled Health Infor-
matics, Biomedicine and Bioinformatics (HI-BI-BI), 2022, pages 363—-369.
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Chapter 3

Brain network similarity using

k-cores

Autism Spectrum Disorder (ASD) is extensively studied by medical practitioners,
health researchers, and educators. ASD symptoms appear in early childhood, within
the first two years of life, but diagnosing it remains challenging due to its complex
and diverse nature. Nevertheless, early diagnosis is crucial for effective intervention.
Traditional methods rely on behavioral observations, while modern approaches involve
applying machine learning (ML) to brain networks derived from fMRI scans. The
limited explainability of these advanced techniques poses a significant challenge in
gaining clinician’s trust.

This chapter builds on recent works that design explainable approaches for ASD
diagnosis from fMRI data preprocessed as graphs. Our research makes three key
contributions. Firstly, I demonstrate that a simple approach based on viewing graphs
as tables and using tabular data classifiers can achieve the same performance as
state-of-the-art, explainable graph theoretic methods. Secondly, I provide evidence

that adding higher-order connectivity information as attributes does not improve their
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performance. Most importantly, I show why the classification of brain networks is
challenging by demonstrating the similarity between graphs belonging to individuals
with ASD and those without, using a novel k-core based approach.

This chapter starts with an overview of the literature on classification methods
for the diagnosis of ASD using fMRI data. Next, I introduce the dataset I use and
the proposed methods for the classification and comparison of brain networks. I then
outline the three research questions and summarize our experimental results for each

of them.

3.1 Related Work

Over the years, there has been extensive research on the classification of ASD [77, 7,
93, 59, 68, 48] using MRI data. Several studies have explored diverse approaches to
address this problem.

The traditional approach involves utilizing behavioral and family history informa-
tion for ASD diagnosis. Misman et al. [63] have claimed impressive accuracy rates
of up to 99% by employing Deep Neural Networks (DNNs) on ASD datasets that in-
corporate comprehensive behavioral and family history data. In an effort to improve
the accessibility of these diagnosis techniques, Abbas et al. [3] developed mobile ap-
plications that coupled with machine learning techniques, show potential in aiding
ASD diagnosis. However, it is important to note that relying solely on behavioral in-
formation may not provide an early and accurate diagnosis, as behavioral symptoms
associated with ASD may not manifest until later in a child’s development. There-
fore, alternative methods focusing on biologically-based markers derived from fMRI
scans are being explored.

Machine learning approaches have been widely employed in ASD classification
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using fMRI data [57, 84]. Researchers have utilized correlation matrices and deep
learning models to achieve accurate classifications. For example, Liu et al. [57] have
used the Extra Trees algorithm to select relevant features from correlation matrices
derived from fMRI data, resulting in an accuracy of 72% on the ABIDE dataset.
Deep Learning models, such as Dense Neural Networks (DNNs), have also shown
promise in achieving a high accuracy of 88%, often surpassing classical machine learn-
ing models [82]. Feature selection techniques, such as sparse auto-encoders, have been
employed to enhance classification performance and obtain accuracies above 90% [50].

However, it is important to consider the limitations of studies conducted on
small datasets, as they may overfit the models and limit their generalizability to
new datasets. Additionally, there is ongoing research to strike a balance between
model performance and interpretability, as deep learning models are often considered
“black-box” classifiers. Efforts are being made to develop explainable classification
methods [95, 36, 55|, allowing researchers and neuroscientists to gain insights and
trust the predictions made by these models. These methods, such as [71], often
involve deriving explanations for the model’s decisions, such as SHAP values.

The present study is inspired by the work of Lanciano et al. [51]. They priori-
tized interpretable and simple features to aid neuroscientists’ understanding, rather
than solely aiming for high accuracy. In a similar vein, Coupette et al. [19] devel-
oped an algorithm to identify characteristic subgraphs with common and contrasting
structures in graph groups, and illustrated their technique using brain networks from
adolescents in the ABIDE dataset. Finally, Enns et al. [27] proposed the discrimi-
native edges method with the goal of identifying a set of important edges that can
separate the two classes. All these studies aim to uncover meaningful patterns in

brain networks to enhance our understanding of ASD.
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3.2 Datasets and Methods

In this section, I will first describe the datasets I use and the preprocessing steps in-
volved in generating brain networks. Then, I will outline the methodologies employed

for the classification and comparison of these brain networks.

3.2.1 Dataset Description
ASD Dataset

The study described in Section 3.3.1 utilizes the ASD dataset obtained from Lan-
ciano et al. [51] (https://github.com/tlancian/contrast-subgraph), which was origi-
nally released by the Autism Brain Imaging Data Exchange (ABIDE) project [22].
The dataset consists of neuroimaging data from 1112 individuals, comprising 573
Typically Developed (TD) individuals and 539 individuals diagnosed with Autism
Spectrum Disorder (ASD). Typically Developed (TD) individuals have normal brain
function without neurological disorders whereas Autism Spectrum Disorder (ASD)
individuals face autism-related challenges. Each individual in the dataset is repre-
sented by an undirected unweighted graph containing 116 vertices, where each vertex
corresponds to a Region of Interest (ROI). The presence of an edge in the graph
indicates strong a correlation in the activity between the two ROIs. The graphs are
represented by an adjacency matrix of size 116 x 116.

Lanciano et al. created four distinct datasets from the original ABIDE source [22].
These datasets were curated by selecting individuals based on shared characteristics,
such as age, gender, and scan conditions (e.g., eyes closed or male), as shown in
Table 3.1. Each of the datasets is divided into two classes namely TD and ASD and
the dataset’s description reflects shared phenotypic features among the observations.

For instance, the ”Children” dataset comprises individuals aged 9 years or younger,
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the ” Adolescents” dataset includes individuals aged between 15 and 20 years, the
"FEyesClosed” dataset consists of individuals who underwent fMRI scans with their

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

Dataset Description TD | ASD
Children Age <9 52 49
Adolescents Age in [15,20] 121 | 116
EyesClosed | Eyes closed during scanning | 158 | 136
Male Male individuals 418 | 420

Table 3.1: ASD Dataset - Lanciano et al.

ADHD Dataset

In our experiments, as described in Section 3.3.2, I also used an ADHD dataset,
which is another neurodevelopmental disorder impacting individuals of various age
groups. ADHD is characterized by attention difficulties and impulsivity. Like ASD,
the exact causes of ADHD remain unclear, and there is presently no cure for either
condition. Nevertheless, treatments such as behavioral therapy and medication aid
in symptom management and improving daily functioning [66]. By incorporating the
ADHD dataset into our experiments, I gain valuable insights into the applicability of

our techniques and results for ASD to other related disorders like ADHD.

Dataset ‘ Description ‘ TD ‘ ADHD
ALL | ALL  [330] 190

Table 3.2: ADHD Dataset - Abrate et al.

This study uses the ADHD dataset from [4] (https://github.com/carlo-abrate/
CounterfactualGraphs) which includes 330 individuals with typical development (TD)
(normal brain function) and 190 individuals diagnosed with ADHD, as summarized
in Table 3.2. Similarly to the ASD dataset in Section 3.2.1, the ADHD dataset

also portrays each individual with an undirected unweighted graph of 190 vertices,
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representing regions of interest (ROIs). The presence of an edge in the graph signifies a
substantial correlation in the activity between the two ROIs, resulting in an adjacency
matrix of size of 190 x 190.

For the parcellation of the brain, [51] used the AAL atlas for the ASD dataset
(|V| = 116) and the authors of [4] used Craddock 200 (CC200) for the ADHD dataset
V| = 190).

3.2.2 Data Preprocessing

In my work, I use the ASD and ADHD graph datasets provided by [51, 4], without
requiring any additional preprocessing. However, for completeness, I outline the
preprocessing steps needed to convert fMRI scans into graphs.

Resting-state fMRI is a neuroimaging technique that works by measuring the
blood-oxygen-level-dependent (BOLD) signals in the brain. When a region of the
brain becomes active, there is an increased demand for oxygenated blood to support
the active neurons in that region. Therefore, the body responds by increasing the
flow of oxygenated blood to that region. fMRI takes advantage of this body response
to measure brain activity indirectly via BOLD signal intensities in different regions.
The choice of the size of each region, and hence the number of such regions, is done
using a brain atlas (AAL atlas, CC200). These regions are referred to as regions of
interest (ROI). In summary, the output of an fMRI scan is a 3-dimensional image of
the BOLD signal intensities in different ROIs of the brain measured over time. After
obtaining the BOLD time series for each Region of Interest (ROI), the process of

transforming it into graph data involves three essential steps:

1. Analyze Patterns. The communication pattern between different brain re-
gions is examined by comparing their BOLD time series. The underlying

premise is that the level of functional connections between two regions can be
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determined by assessing the correlation in their BOLD time series. The higher

the correlation, the higher the functional connectedness.

2. Calculate Pearson correlation coefficients (PCC). Pairwise PCC is cal-
culated between the BOLD time series for every pair of ROIs. This step
yields a correlation matrix of size 116 x 116 (for ASD) or 190 x 190 (for
ADHD), containing values in the range [-1, +1]. The correlation matrix acts as
a weighted adjacency matrix, with ROIs as nodes and correlation coefficients

as edge weights.

3. Apply threshold. Thresholding retains only the strongest connections, creat-

ing an undirected, unweighted graph like the ASD and ADHD datasets.

3.2.3 Classification Methods of Brain Networks

Graphs as tables. Recall that brain networks are simple, undirected graphs on 116
vertices in which each vertex has a unique id between 1 and 116. In order to convert

a collection of such vertex-labeled brain networks into a table, I create a table with

(116

5 ) = 6670 columns so that the table has one column for each possible edge in the

graph. I can then represent any brain network G as a binary vector, T(G), of length
6670 such that a bit location labeled (7, j) stores a 1 if the edge (i, 7) is present in G
and 0 otherwise. I assume that the edges are listed in the lexicographic order.

Ezample. For the graph G shown in Fig. 3.1(a), the binary vector corresponding
to G, T'(G), is [101001110110101].

Tabular Classifiers. Transforming graph data into tables enables organized and
structured analysis. Tables provide a tabular representation that allows for easier
data manipulation, sorting, filtering, and statistical analysis compared to the graphi-

cal representation of the graph data. In this study, I utilize various tabular classifiers,
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including SVM, Linear Regression, Random Forest, XGBoost, AdaBoost, and Per-
ceptrons. 1 evaluate performance using the four metrics: Accuracy, Precision, Recall.
and F1-score. While all metrics are important, I present the top-3 classifiers selected

based on their accuracy in Section 3.3. Our emphasis on accuracy aligns with previous

(a) (b)

(c)
Figure 3.1: a) Graph G, b) 2-core of G, ¢) 3-core and Max-Core of G.

works [51, 27].

Local Clustering Coefficient. Informally, the local clustering coefficient of a node
1, C;, in a graph measures the likelihood that the neighbours of 7 are also connected.

Formally,
|{(j7 k) | j7k € Nl?(j?k) S E}l
(|]\27i|>

where N; is the set of neighbours of node 7 and there is an edge between j and k. For

Ci:

each brain network, I will compute a tuple of size 116 containing the local clustering
coefficient of its vertices.
Ezample. For the graph G in Fig. 3.1(a), the local clustering coefficient of vertex
0is Cyp =+ = 1 while C; = & = 4/6.
() ()
The local clustering coefficient is a measure introduced by Watts and Strogatz

to study small world theory in social networks. As it measures interconnectedness

among neighbors by counting triangles (a small graph pattern) centered at a node
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in essence, adding it as an additional attribute provides extra information about the

graph and helps with ML tasks.

3.2.4 Comparison Methods of Brain Networks

To compare the collection of brain networks belonging to the two classes, ASD and

TD, I use local clustering coefficient, Hamming distance, and k-core decomposition.

k-Core of a Graph. For a graph GG and an integer k, 1 < k < n, the k-core of G is
the maximal subgraph H of G such that the induced degree of every vertex in H is
at least k.

Note that, by the above definition, the k& + 1-core of G is a subset of the k-core
of GG, and hence the set of k-cores, 1 < k < n, as k increases from 1 to n form a
nested structure. This nested structure is referred to as k-core decomposition in the
literature [47].

Ezxample. Fig. 3.1(b) is the 2-core of the graph G in Fig. 3.1(a). In Fig. 3.1(b), each
vertex is connected to at least 2 other vertices and it is also the maximal subgraph
with that property. Note that 1-core of G is G.

The study of k-cores offers valuable insights into the structure, resilience, and
communities of complex networks, making it a popular topic in large-scale network

analysis.

Max-Core of a Graph G. Let m, 1 < k < n be the integer such that the m-core
of G is non-empty but its m + 1-core is empty. If so, I refer to the m-core of G as its
max-core.

Ezxample. Fig. 3.1(c) is the 3-core of graph G in Fig. 3.1(a). In Fig. 3.1(c), each
vertex is connected to at least 3 other vertices and it is also the maximal subgraph

with that property such that this is the max-core as the 4-core of G is empty.
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To compare max-cores of two different graphs G; and G5, I use the notion of

Jaccard similarity. Let Vi and V5 denote the set of vertices of GG; and Gs.

Jaccard Similarity. Given two sets Vi and V5, I define their Jaccard similarity,

JS(V1, Va) as:
Vinv,
ISV = it G
Ezample. Fig. 3.1(c) is the max-core G of graph G and has vertices V; = {1, 2, 3,4}.
Lets assume G is the max-core of another graph and has vertices V, = {1,2,7,8,9},
Jaccard similarity is computed as: JS(V1,V,) = 2
Another notion that is useful to compare how close two graphs G and G’ are based

on their edges is the notion of Hamming distance.

Figure 3.2: Graph G’
Hamming Distance. Given two graphs G and G’ on n vertices, the Hamming
distance between G and G’ is the minimum number of edge insertions and deletions
needed to convert G to G'. Equivalently, the Hamming distance between G and G’ is
the number of bit positions in which the two binary strings T(G) and T(G’) differ.
Ezample. Consider G and G’ in Fig.3.1(a) and Fig.3.2. I need to add edges (1,4)
and (2, 3) and delete the edge (2,5) to convert G to G'. Hence, the Hamming distance

is 3.

3.3 Results and Discussion

I now present the results I obtained from analyzing the ASD and ADHD datasets.

The code and charts for our results can be found at https://github.com/sowbalas/


https://github.com/sowbalas/HIBIBI2023.git

HIBIBI2023.git.
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Figure 3.3: RQ1 - Performance Metrics of Top-3 Classfiers

3.3.1 Imsights on ASD Dataset

The first research question of this study focuses on exploring the possibility of achiev-

ing explainability through a simple alternate pathway: the conversion of a graph into

a table.

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

format?


https://github.com/sowbalas/HIBIBI2023.git
https://github.com/sowbalas/HIBIBI2023.git
https://github.com/sowbalas/HIBIBI2023.git
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By converting the graph dataset into tabular form, as described in Section 3.2, I

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

Figure 3.3 presents our results (using ten-fold cross-validation), showing SVM (with

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

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

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

sets the baseline accuracy at 50%.

The strong performance of SVM and LR classifiers, especially on larger datasets,

indicates their potential significance in ASD diagnosis. Interestingly, these classi-
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fiers are highly explainable, and their accuracy closely matches that of sophisticated
graph-theoretic methods from [27]. Enns et al. aimed to replicate Lanciano et al.
work to comprehend the reported high accuracy. However, their results differed from
the original study, demonstrating mean accuracies of 73.5% for Children, 60.8% for
Adolescents, 58.5% for EyesClosed, and 59.3% for Male on the ASD dataset (Enns et
al., Table 4.2 in [27]). Our RQ1 results demonstrate a simple, alternate strategy to
achieve explainability in ASD diagnosis using brain networks.

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

from additional attributes beyond node and edge information as shown in [73].

RQ2: Can incorporating higher-order connectivity patterns, such as triangles, as
attributes improve the performance of tabular classifiers?

To address this question, I created an augmented table by adding 116 new at-
tributes, namely local clustering coefficients, to the table used for RQ1. However, the
performance metrics (using ten-fold cross-validation) did not significantly improve.
The top three classifiers on the ASD male dataset achieved a mean accuracy of 60%,

as shown in Table 3.3.

Accuracy | SVM | LR | NN
RQ2-Augmented table 0.60 | 0.60 | 0.60
RQ2-Clustering Coeff. only | 0.55 | 0.55 | 0.54

Table 3.3: RQ2 Top-3 Classifiers : ASD Male Dataset

In a related experiment, I further explored the classifiers’ performance when pro-
vided solely with higher order connectivity patterns. For this purpose, I created a
tabular dataset with each row representing a brain network and 116 columns contain-
ing the local clustering coefficients of the nodes within the brain network. Table 3.3
displays the top three classifier results in this scenario. SVM and LR, the most

successful classifiers, achieved a lower mean accuracy of 55%.
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To summarize, our findings for RQ1 and RQ2 reveal that tabular classifiers achieve
a mean accuracy of around 60%. Despite attempting to enhance performance by in-
corporating higher-order information, such as local clustering coefficients, I did not
observe notable improvements. This leads us to question whether there is a funda-
mental reason underlying this phenomenon. I further explore this inquiry through
the concept of similarity measures.

RQ3: Can I provide evidence showing that the two classes of networks (ASD and
TD) are quite similar?

I explore the presence of similarities between ASD and TD networks, through
Hamming distance and Jaccard similarity of k-cores. The first approach, Hamming
distance, focuses on edge-based similarity, while the second approach, Jaccard Simi-
larity, centers on vertex-based similarity [45, 67].

Similarity based on Hamming distance.

Our first approach examines the similarity between the two categories of brain
networks (TD and ASD) using the Hamming distance metric. I consider datasets
from RQ1, where each brain network is represented as a binary string of length 6670.
Each bit in the string represents a possible edge, with its value indicating the presence
or absence of that edge. The Hamming distance between two brain networks is the
minimum number of edge flips required to transform one network into the other, as
defined in Section 3.2.4.

For each of the four datasets, I do the following (See Algorithm 1): For each brain
network G; in the dataset D containing ASD and TD files, I compute its Hamming
distance to every other brain network G, @ # j, in D. Using this information, I
identify the brain network G} that is closest to G; in terms of Hamming distance
(Lines 3 to 5 of Algorithm 1). That is, the brain network Gy requires the fewest

number of edge additions and deletions to convert to G;. G; is a good file if G}, is in
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the same class as G; and bad file if Gy is not in the same class as G; (Lines 6 to 10).

Algorithm 1 Similarity based on Hamming distance
1: Input: A Dataset D = {G;,Ga,...,G,,} consisting of two classes, ASD and TD
files
2: Output: fasp and frp (the fraction of good ASD and TD files based on Ham-
ming distance)
for each G; € D do
class < class(G})
k < argmin,,; HD(G;, Gj)
if GG, is in the same class as GG; then
Countclass++; gOOdclass++
else
countegss++
10: end if
11: return goodagsp/countasp and goodrp /countrp

As shown in Figure 3.5, in the Adolescent dataset, I observed that both the ASD
and TD classes have approximately 40% of good files (in green), indicating that
around 60% are bad files (in red). This finding is significant since it demonstrates
that for the majority of brain networks, the most similar network belongs to the
opposite class, not its own. Similar results across the other three datasets reinforce
the conclusion that the widely used similarity measure fails to effectively distinguish

between the two classes.
Jaccard Similarity based on k-cores.

Our approach involves employing the k-core as a “glocal” similarity measure,
which combines aspects of both local and global metrics. This approach overcomes
limitations found in traditional local (e.g., Hamming distance) and global (e.g., ran-
dom walk-based) measures. Notably, prior research has recognized the importance of
such glocal similarity measures, as discussed in [45, 67].

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

tion 3.2.4. The primary objective is to assess whether the max-core of a given brain
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Figure 3.5: ASD Dataset: % of good and bad files using Hamming Distance

network resembles that of a typical ASD network or a TD network, using the Jac-
card similarity metric. The max-core of a brain network comprises a set of ROIs
where each ROTI’s time series exhibits strong correlations with at least k other ROIs.
However, it’s worth noting that computing the max-core is computationally intensive
compared to the Hamming distance metric. To address this computational challenge,
I have devised a more efficient procedure, drawing inspiration from ideas presented

in [51] (see Algorithm 3).

1. Given a dataset, I partition the ASD files in that dataset into two sets, Sasp
and T4sp using an 80:20 split. Similarly, I partition the TD files into two sets,

Stp and Trp using an 80:20 split (Line 3 of Algorithm 3).

2. Using the files in Sagp, I create a single graph, SGasp, that I call the ASD
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Algorithm 2 Jaccard similarity of Max-Core

1:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:

Input: A Dataset D = {G1, Gy, ...,G,,} consisting of two classes, ASD and TD
files
Output: fasp and frp (the fraction of good ASD and TD files based on Jaccard
similarity of max-core)
Partition D into four sets Sasp, Tasp, Stp, and Trp using 80:20 split.
Compute SGasp and SGrp using 75% threshold.
Compute their max-cores, MCssp and MCrp
for each G; € T)asp do
Compute max-core MC; of G;
if JS(MC;, MCyssp) > JS(MC;, MCrp) then
count asp+-+; good asp++
else
count asp+-+
end if
for each G; € Trp do
Compute max-core MC; of G;
if JS(MC“ MCTD) > JS(MC“ MCASD) then
countrp—++; goodrp~++
else
countrp+-+
end if
return goodasp/count asp and goodrp/countrp

summary graph. This graph is a graph on 116 vertices. It contains an edge
(,7) if and only if more than 75% of the graphs in Sagp contain that edge.

Similarly, I create the TD summary graph SGrp (Line 4).

3. I compute the max cores of the two summary graphs, SG4sp and SGrp (Line

5).

4. Now, for each file in Tygp, I compute its max-core and check if it is closer to
the max-core of SG5p or the max-core of SGrp using Jaccard similarity. I
say that it is good if it is closer to the max-core of SG45p and bad otherwise.

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

5. Repeat the previous step for TD files (Lines 13-19).
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Figure 3.6 illustrates the results of our approach, representing mean percentages
over ten runs. Taking the Adolescent dataset as an example, I observed that both
the ASD and TD classes have approximately 40% and 60% of good files (displayed
in green), respectively. This implies that the percentage of bad files is approximately
60% and 40% for ASD and TD, respectively. The noteworthy aspect of this obser-
vation is that for nearly half of the brain networks, the most similar network based
on max-core comes from the opposite class, not its own. I found similar results for
the other three datasets as well. This finding suggests that the Jaccard similarity of

max-cores fails to differentiate between the two classes effectively.
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Figure 3.6: ASD Dataset: % of good and bad files using Jaccard Similarity
To summarize, the results obtained using the two approaches in RQ3 provide

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

two categories: ASD and TD. This explains the challenges faced by our classification
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methods and graph theoretic techniques used in prior research (e.g., contrast subgraph
or discriminative edges method) in achieving strong performance metrics.
Run-time. All experiments were run on a Windows machine with Intel i5 CPU
and 8 GB RAM. I report here the run times of our algorithms for RQ3. On the
largest dataset (Male), a run of Algorithm 1 took 110 minutes to finish and on the
smallest (Children), it took 75 seconds. This is because Algorithm 1 computes the
Hamming distance between every pair of brain networks in the dataset. Algorithm 3
was much faster and required only 92 seconds on the Male dataset and 16 seconds
on the Children dataset for one run as it only compared the max-core of 20% of the

networks with the two summaries computed from the rest.
Similarity based on Eigenspectrum.

Our third approach uses the eigenspectrum of a graph as a “global” similarity
measure. This approach complements the previous two approaches that rely on local
and glocal measures.

Given any graph G' = (V, E) wih |V| = n, let A(G) denotes its n x n adjacency
matrix. Then, the n eigenvalues of A are the solutions to the system of linear equations
AX = AX for some scalar A\ and a non-zero vector X. I refer to \ as the eigenvalue and

the corresponding X as the eigenvector. Any n xn symmetric matrix with real entries

has n eigevalues A1, Ao, ..., A, with the corresponding eigenvectors Xy, Xo,..., X,,.
Then the sequence of eigvalues in sorted order, A\; < Ay < ... < ), is called its
eigenspectrum.

Given two eigenspectrums, A =[A; < Ay < ... < A\ Jisand B=[A\] <\, < ... <

A7, their similarity is measured using the notion of Ly distance. It is defined as
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Small values of L, distance between two eigenspectrums indicate that the two are

similar.

Algorithm 3 Similarity of Eigenspectrum

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

2: Output: fasp and frp (the fraction of good ASD and TD files based on the
similarity of eigenspectrum )

3: Partition D into four sets Sasp, Tasp, Stp, and Trp using 80:20 split.
4: Compute SG a5p and SGrp using 75% threshold.

5: Compute their eigenspectrum, ESssp and EStp

6: for each G; € T'ysp do

7. Compute eigenspectrum E'S; of G;

8: if LQ(ESZ‘,ESASD) < LQ(ES,‘7ESTD) then

9: count asp+-+; goodasp~++

10: else

11: count posp+-+

12: end if

13: for each G; € Trp do

14: Compute eigenspectrum FE.S; of G;

15: if LQ(ESZ, ESTD) < LQ(ESZ, ESASD) then

16:  countrp+-+; goodrp++

17: else

18: countrp+-+

19: end if

20: return goodagp/countasp and goodrp /countrp

1. Given a dataset, I partition the ASD files in that dataset into two sets, Sasp
and Tsgp using an 80:20 split. Similarly, I partition the TD files into two sets,

Stp and Trp using an 80:20 split (Line 3 of Algorithm 3).

2. Using the files in Sagp, I create a single graph, SGasp, that I call the ASD
summary graph. This graph is a graph on 116 vertices. It contains an edge
(,7) if and only if more than 75% of the graphs in Ssgp contain that edge.

Similarly, I create the TD summary graph SGrp (Line 4).

3. I compute the eigenspectrum of the two summary graphs, SGasp and SGrp
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(Line 5).

4. Now, for each file in T)asp, I compute its eigenspectrum and check if it is closer
to the eigenspectrum of SG 45p or the eigenspectrum of SGrp using the notion
of Ly distance. I say that it is good if it is closer to the eigenspectrum of SGasp

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

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

Our results of this approach were very surprising. For all the datasets, I observed
that fasp = 0 and frp = 1. That is, all the ASD test files were bad and all
the TD test files were good. Put differently, all the test files from both classes were
more similar to the TD summary graph compared to the ASD summary graph. These
results again reinforce our previous results that the eigenvalue based approach cannot

be used to differentiate between the two classes effectively.

3.3.2 Insights on ADHD Dataset

Our results for RQ1-RQ3 prompt the question of whether these outcomes are specific
to the ASD dataset I studied. I am interested in understanding whether our approach
could yield different results when applied to a dataset focused on a different but
closely related health condition. To address this, I conduct an investigation using the
ADHD dataset and apply the same methodology as described for the ASD dataset.
I noted that, for this dataset, the top-3 tabular classifiers achieved an accuracy of
63% for RQ1 and did not perform much better than the baseline classifier as seen in
Figure 3.7(a) and Table 3.4

In addition, the inclusion of clustering coefficients as new attributes for RQ2
did not yield any significant enhancement in the performance metrics, as shown in

Figure 3.7(b) and Table 3.4.
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Accuracy PC | XG Boost | Logistic Regression
RQ1 0.63 0.63 0.62
RQ2-Augmented Table | 0.63 0.64 0.62

Table 3.4: ADHD Dataset: Accuracy

When I compared the two classes, ADHD and TD, for RQ3, the average percent-
age of good files remains around 50% for Jaccard similarity and 35% for Hamming
distance, (refer to Figure 3.8). These results indicate that our findings for ASD

datasets extend to the ADHD dataset as well.
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Chapter 4

Synthetic Generation of Patient
Service Utilization Data: A

Scalability Study

While high-quality health data plays a critical role in improving the quality of health
care, there are several hurdles in acquiring such data for machine learning purposes
due to privacy regulations and ethical concerns. To overcome this barrier, it is im-
portant to compare existing and design new methodologies for synthetic health data
generation. Early simplistic methods failed to capture the complexity of real-world
datasets, leading to the development of modern techniques like GANs, VAEs, copu-
laGAN, and transformer models. However, there is no study that carefully compares
the scalability of state of the art methodologies for synthetic data generation (SDG)
for patient service utilization data.

Our work systematically compares various SDG methods for patient service uti-
lization data obtained from a regional health authority in Canada. I evaluate five

SDG models across four patient cohorts, measuring training and generation times,
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investigating the resemblance between real and synthetic data, and evaluating the
utility of synthetic data in practical scenarios. Our findings show that statistical
models outperform machine learning-based and hybrid models in training time and
data generation. Moreover, our study demonstrates that the generated synthetic data
from most models closely resembles real data and proves useful in practical applica-
tions, showing high accuracy in classifying synthetic data when trained on real data
or vice versa using a Binary RNN classifier.

This chapter starts with an overview of the literature on the generation of syn-
thetic data. Next, I introduce the dataset I use and the proposed methods for gener-
ating synthetic data. I then outline the three research questions and summarize our

experimental results for each of them.

4.1 Related Work

There are numerous papers in the literature that propose methods for generating
synthetic health data in different formats. These works are broadly classified into
knowledge driven, data driven, and hybrid methods.

Knowledge-driven methods contain ground truth from publicly available sources
that contain domain-specific knowledge. Examples of such sources include academic
and research publications, web resources, and medical practitioners. This approach
is solely theory based and involves the use of hand-crafted models based on a set of
generation rules or state charts. Examples that use this method are Advanced Patient
Data Generator (APDG) [42, 23] that relies on an XML-based Patient Data Defini-
tion Language (PDDL) to define the data generation rules and the state transition
method (synthea) that uses state charts to formalize the domain knowledge [90, 60].

A notable fact of this approach is that it does not require and use real-world data in
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this generation process.

In contrast, data driven approaches rely on a generative model that extracts knowl-
edge from the real data in order to produce synthetic data. Popular techniques used
in the extraction are either classical or machine learning based. Classical methods
use statistical methods to estimate the underlying distribution of the real data and
then derive synthetic samples using this knowledge [46]. Understanding the real data
mostly involves estimating the parameters and the shape of the real distribution. A
popular classical method is the copula method [92]. Copulas are particularly suited
for multivariate data as they show how to link the marginal to the joint distribution.
Many recent SDG approaches are based on machine learning. Examples include using
Graph Adversarial Networks (GAN), neural networks, transformers, autoencoders,
and decision trees [72, 20, 86, 80, 65].

Hybrid methods combine the two approaches above by building models with over-
all structure extracted from the data and the knowledge gained from theory making
the resulting synthetic data more realistic [11, 52, 91, 75].

Once the synthetic data is generated, it is important to measure its quality. This
is done using two measures: realism and privacy. Realism focuses on understanding
how similar the synthetic data is to real data. It is studied using two types of metrics
- resemblance metrics [34] and utility metrics [25]. Resemblance metrics quantify the
statistical closeness between synthetic and real data while utility metrics study the
usefulness of the synthetic data in practical applications. An example of a resemblance
metric is dimension-wise statistics [94] in which I measure the similarity between the
marginal distributions of real and synthetic data. An example of a utility metric is
performance agreement in which I study the performance of a classifier when trained
on real data and tested on synthetic data (TRTS) and vice versa [29]. Once the realism

of the synthetic data is established, it is also important to ensure that it preserves
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privacy [87] as data driven methods are known to be prone to privacy leakages.

4.2 Datasets and Methods

4.2.1 Health Service Data

The data sets I work with in this analysis are of patients accessing service classes
within a regional health service (HS) system in Canada over the last six years. That
is, let P be the set of all patients that access a health service system H.S; and let .S be
the set of service classes in HS. Then for each patient p € P, there is a time-ordered
sequence of service classes that p accessed in the health service system H S, called their
Patient Service Utilization (PSU). In the health service system I am working with
in this chapter, there are 269 distinct service classes that patients can access. The
datasets, a collection of health records obtained from each service location, are stored
on a secure server and given to us in a de-identified form using an SQL relational
database. The dataset contains many different pieces of information about each
patient, but for the purposes of our analyses, I typically am most concerned with the
order of events. So I collect the data into arrays of service class IDs, which indicate
the order of event interactions for each patient. For simplicity, I do not include the
date of interaction. While the date is useful information in many cases, I will start
by simulating the sequence of events and explore simulating the dates in future work.

In a health service system, there are some patients that form natural groupings.
These groupings are sometimes based on access to certain services or through specific
health related events. I call these groupings cohorts. In our analysis, I have four
different cohorts of patients each with their own defining features. There are 74
defined cohorts in our health service system, each with its own defining criteria. The

cohorts I analyzed are listed in Table 4.1.
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Cohort Name Cohort Code | # Real Patients
Schizophrenia Services SS 1829
Homeless — Ever HE 2221
Addictions Service — Post Withdrawal AS 2592
Opioid Overdose 00 5381

Table 4.1: Cohorts

4.2.2 Preparing the Data

From our SQL database, the patient information is stored in a schema where each
interaction gets its own row entry, containing additional information about the pa-
tients interaction. For each patient in a cohort, I collapse the interaction history into
one long string of sequential events. Then all the patients in the cohort are entered
into a new table with four columns, where each row has the patient ID, age, sex, and
list of ordered service class interactions. For some data generation models, the data
is inputted in this table format, these are referred to as Single Table Data models.
For the transformer though, I convert this table into one long string. In order for the

GPT model to learn the data I format it in the following manner:

Patient <current age> <sex> :

<PSU>

For each cohort of patients, I prepare a text file that contains all PSUs. After
the model has trained on this data format, it will then reproduce it when asked to
generate new content. The synthetic data now comes in a predictable format that

will allow easy post processing.
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4.2.3 Synthetic Data Generation Models

Our work utilizes a broad spectrum of data synthesizers. These include statistical
models (Gaussian copula, Fast ML), deep learning-based generative models (GAN
and GPT), and a combination of the two (CopulaGAN). Except for the GPT model
that we implemented ourselves, the code for the other methods is taken from Syn-
thetic Data Vault (SDV), a public, source-available Python library for generating and
evaluating synthetic data. For all the SDV models, I used the default settings when
training the model and when generating the synthetic datasets. These can be found

on the documentation page for the SDV models.

The Gaussian Copula Model It is a classical, statistical model that utilizes two
main properties of the real-world data viewed as a single table: its distributions and
covariances. The marginal distributions describe the values in each column. This can
be done, for example, by giving its CDF. However, it is less expensive computationally
to calculate how closely the distribution resembles one of the well-known distributions:
truncated normal, uniform, beta, or exponential and choose the best. Besides the
individual distributions, the model must also take into account the dependencies
between them. That is, how the values in one affect the values in the other. This is
done by calculating the covariance between them. Finally, to mitigate the bias that
the shape of one marginal distribution can have on another, this method uses the
Gaussian Copula to fit a standard normal distribution to each of the columns before
calculating the pairwise covariances. The Fast ML synthesizer specifically focuses on

modeling speed. Formally, it uses the Gaussian copula synthesizer with fixed settings.

The CTGAN Model Generative adversarial networks are deep learning based
generative models. In general, GANs can be thought of as an architecture for training

a generative model consisting of two sub-models: a generator and a discriminator.
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The generator takes a random vector of fixed length as input and outputs a sample
from the problem domain. Its adversary, the discriminator, attempts to distinguish
samples output by the generator from the samples drawn from the training data. Both
the generator and the discriminator are updated in rounds based on their performance
viewed as a zero-sum game. This continues until the generator produces samples that
reduce the success probability of the discriminator to about 50%. While traditionally,
GANSs were used for generating images, they have been extended recently to generate
tabular data using conditional GANs such as CTGAN. In conditional GANs, both the
generator and the discriminator are given additional information such as an example

from the domain.

The CopulaGAN Model As its name indicates, this model combines statistical
learning with GAN-based learning. In the statistical learning phase, the synthesizer
learns the shape of the distribution corresponding to each column, also referred to
as the marginal distribution. For example, this distribution could be a truncated
normal or a beta distribution. It then applies the Gaussian normalization procedure
in which it fits each distribution to a standard normal distribution with a mean of 0
and a standard deviation of 1. In the GAN-based learning phase, it uses a conditional
GAN to model the normalized data obtained from the statistical learning phase. In
summary, this model is a combination of the Gaussian copula model and the CTGAN

model.

The GPT Model The GPT models are neural network and deep learning based
language prediction models that use the transformer architecture. Specifically, I im-
plemented a GPT model consisting of four layers: an embedding layer with 64 nodes,
two hidden layers, four self-attention heads, and a learning rate of 0.001. The model

itself uses Bigrams along with positional embeddings to capture the positional infor-
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mation of the dataset. The data was split 3:1 for training and testing, with batch and
block sizes of 16 and 32 respectively. Once the model is trained, I generate text until
I have a data set of comparable size as the input. The token set is done at the word
level, making each service class id a token. This is to stop the model from making
new [Ds.

These models were selected for testing because they are all open source and have
Python API available. Every model with the exception of the transformer model
comes from Synthetic Data Vaut (SDV) and works for single table data, meaning
that data needed to be simulated is completely contained in one table and is not
part of a larger SQL schema. The transformer code was adapted from a simple

implementation of Bigram Language Model using the PyTorch library.

4.2.4 Validation metrics

Distributions The data produced from the model constitutes our synthetic data,
as [ show later in Section 4.3. The synthetic data is similar in kind yet is a completely
different population. That is, let T be the true population of real patients, and let S
be the population of synthetic patients. T" and S are sets of patients with a particular
ailment (like Schizophrenia), but the patients in each are completely different records.
If this is the case, then I expect that the distributions of characteristic variables would
be the same. Hence to validate the synthetic data, I compare distributions of the data
characteristics like the number of services visited by patients, distribution of ages,
number of times services were visited by the cohort, and number of patients that visit
each service in the cohort. Next, I discuss measures for detecting similarity between

two distributions.
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K-L Divergence The distance between the distributions of the two datasets can
be measured with K-L Divergence. Specifically, let V', be defined as the set of values
the distributions can take, let Q(z) be the probability distribution of the values in V'
for the real dataset, and let P(z) be the probability distribution of the values in V'

for the synthetic dataset. Then K-L Divergence is

?) (4.1)

Dret (PIQ) = 3 Plo)lo

zeV

Jensen-Shannon Divergence Since K-L Divergence can range from zero to pos-
itive infinity, I also calculate the Jensen-Shannon divergence which is a normalized
variant of K-L Divergence. The Jensen-Shannon Divergence is a symmetric mea-
sure of the similarity between two probability distributions, derived from the K-L
Divergence, and ranges from 0 (identical distributions) to 1 (completely dissimilar
distributions).

JSD (P||Q) = %[DKL (P|M) + Dir (QI|M)] (4.2)

where M = (P + Q) /2.
In experimentation, I only use JSD as it is the normalized measure, and thus the
results are easier to interpret. That is, the distributions are identical when JSD = 0,

and they are maximally different when JSD = 1.

RNN Classification In this work, I take a pair of down sampled cohorts, and
train a Recurrent Neural Network (RNN), using the real and synthetic datasets, to
classify patients into one of the two cohorts. Then I take the synthetic data trained
RNN and ask the model to classify the never-before-seen real data. To use this model
as a validation metric, I compare the train confusion matrix to the confusion matrix

obtained from predicting on the synthetic data. That is if both the real and synthetic
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data have high percentages (90% and up) in the confusion matrices, then this gives
a very strong indication that the patterns within the cohort PSU are similar in the

two datasets.

4.3 Results and Discussion

To compare our five synthetic data generation methods, I produce four sets of syn-
thetic data for the datasets listed in Table 4.1 and perform a series of experiments
comparing the synthetic data to the real data from which it was generated. Due to
the sensitive nature of our data, all models were trained and generated on a secure

server through a virtual machine with 16Gb of RAM emulating Windows 10.

RQ1: How do the generative models compare for training and producing synthetic
data?

The training times for each model across the four cohorts were recorded and
compiled in Table 4.2. It’s worth noting that cohorts SS, HE, and AS share a similar
size range (around 1800 to 2600 entries), while the OO cohort is more than double
the size (approximately 5400 entries). Particularly, the SDV models required notably
more time to train on the OO cohort compared to the other three cohorts.

I observe that, although Fast ML and the Gaussian Copula use the same method-
ology their training times for the four cohorts vary significantly. Also, note that
the Fast ML is 4x slower when training on each cohort than the Gaussian Copula
model, even though it is supposed to be optimized for speed. The training time for
CTGAN and the Copula GAN models doubles from SS to HE and from HE to AS.
Furthermore, their run on the OO cohort is 10x more than the run time on AS. In
comparison, the Transformer model effectively takes the same amount of time, about

455 seconds, with the settings I used. I found that the Transformer’s run time is only
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affected by its hyperparameters. That is, when the sizes of the neural net number
of layers, heads, and nodes in the embedding layer increases; the training time also
increases. Overall, the Gaussian Copula is the fastest model and the Transformer is

the only model that was unaffected by the cohort size.

Generative Method SS HE AS 00

Fast ML 1.75s 2.29s 2.91s 8.37s

Gaussian Copula 0.55s 0.53s 0.48s 1.20s
CTGAN 2973.24s | 6748.23s | 14176.77s | 170854.28s

CopulaGAN 2973.01s | 6740.78s | 14039.20s | 204707.17s
Transformer 469.23s | 453.68s 454.34s 459.88s

Table 4.2: Time to fit each Cohort set to each model

Next, I analyze the time to generate synthetic data from the trained models.
Using each trained model, synthetic data sets were generated at increasingly larger
sizes compared to the original size of the cohort. The results are shown in Figures 4.1
to 4.5. Each figure contains four canvases with two lines in each canvas. Each canvas
represents one of the four cohorts. The solid blue line is the measured time with
linear interpolation, and the dashed orange line is the Out of all the models. The
Transformer performs the slowest at data generation, taking over 8 hours to produce
a dataset 10x the size of the original. As shown in Figure 4.1, the time to generate
data sets is linear with respect to the number of records in the generated data sets.
All the other four models, Fast ML, Gaussian Copula, CTGAN, and Copula GAN,
exhibit super-linear generation time. That is, as the size of the synthetic dataset
grows, the time required to generate it grows at a rate faster than linear. The Fast
ML and Gaussian Copula models generate datasets the fastest, taking less than 10

minutes to generate a dataset 100x the size of the original (See Figures 4.2, 4.3). The
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CTGAN and Copula GAN models, while super-linear, take much longer than Fast
ML and Gaussian Copula, but are still faster than the Transformer model; taking
under an hour to generate datasets 100x the original size (See Figures 4.4, 4.5). Also
note that the Copula GAN model takes slightly longer to generate datasets compared
to CTGAN, while still outperforming the Transformer model. Regarding the sizes
of the generated datasets, I note that due to memory limitations of the VM, the
transformer model was not able to generate a dataset larger than 10x the OO cohort.
In contrast, I was able to use the CTGAN and CopulaGAN models to generate a
dataset 30x-45x the original for the OO cohort and was able to generate 100x of the
OO cohort using the Fast ML and Gaussian Copula models. To summarize, for both
model training and data generation, the Gaussian Copula and the Fast ML models
perform the best. This leads to our next question: how good are these models at

maintaining the distributions within each cohort when synthetic data is generated?

RQ2: How do the generation models perform with respect to resemblance metrics?
That is, how closely does the synthetic data resemble the real data?
For the four cohorts, I focus on the marginal probability distributions for six

features and joint distributions for two pairs of features. I will describe them now.
1. Ages
2. Number interactions is the number of services accessed by each patient.
3. Number interactions male only
4. Number interactions female only

5. Total counts the number of interactions all the patients in a cohort have with

each service class.
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Figure 4.1: Time to Generate Data with the Transformer model.

. Usage counts the number of distinct patients in a cohort that access each service.

Note, in this measure a patient only contributes one at most to each count.

. (Age, lengths) is the joint distribution of ages and number of interactions.

. Usage/Total is the distribution of the ratio of the usage count over the total

count.

These eight distributions were computed for both the real and synthetic datasets.

Then, for each of the eight distributions, the Jensen-Shannon Divergence between

the distributions for real and synthetic datasets was calculated. The results for co-

hort SS are given in Tables 4.3 to 4.7. The results for the other three cohorts are in

Section 4.4. The general trend across Tables 4.3 to 4.7 is that the Jensen-Shannon

distance becomes smaller as the size of the synthetic dataset increases indicating
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Figure 4.2: Time to Generate Data with the Fast ML model.

higher resemblance. While the general trend shows that increasing dataset size yields

smaller Jensen-Shannon Distance, there are some anomalies that go against this pat-

tern. Part of the reason for this divergence is that I am analysing the results of one

run of a statistical process. To get a better picture, I would need to generate at least

thirty distinct datasets at each scaled size and calculate the Jensen-Shannon distance

for all of them, then average the results. However, I believe that these results on one

instance of the synthetic data are sufficient to establish general trends in behavior as

I scale to larger sizes.



P Cohort SS P
£ 200000 g
L") W]
Q Q
o oc
S 100000 4 k)
@ ]
0 0
£ £
S 0 - S
2 1 T 1 2
0 50 100
Time (seconds)
" Cohort HE "
2 2
S 200000 S
o o
° 100000 - N
Q L]
0 0
= £
= 0 >

0 100 200
Time (seconds)

66

Cohort AS
300000 A
200000 -
100000 -
0 L ] T Ll L
0 100 200 300
Time (seconds)
Cohort OO
600000 -
400000 -
200000 -
0 .

0 200 400
Time (seconds)

Figure 4.3: Time to Generate Data with the Gaussian Copula model.

1x 2x )¢ 10x

ages 1.341 | 1.314 | 1.304 | 1.289

number interactions 0.03 | 0.011 | 0.005 | 0.004
number interactions (men only) | 0.013 | 0.011 | 0.01 | 0.007
number interactions (women only) | 0.458 | 0.227 | 0.365 | 0.362
total 0.287 | 0.111 | 0.073 | 0.052

usage 0.151 | 0.093 | 0.058 | 0.057

(ages, lengths) 7.632 | 7.77 | 7.569 | 7.345
usage/total 0.247 | 0.116 | 0.033 | 0.03

Table 4.3: Jensen Shannon Distance in percentages for Cohort SS with the Fast ML

Model as the dataset size scales



e Cohort SS P
= 200000 A b
o = 8
Q [11]}
[a'e [a'
‘S 100000 4 S
@ o
0 e
£ 01”7 £
Z 1 T 1 1 Z
0 200 400 600
Time (seconds)
. Cohort HE "
2 2
o o
S 200000 - = 9
o o
‘6 S
+ 100000 - =
Q Q
0 o]
E 01”7 £
Z T T T Z
0 500 1000

Time (seconds)

67

Cohort AS
300000 A
e
200000 -
100000 -
0l”7
0 500 1000 1500
Time (seconds)
Cohort OO
150000 - /
100000 -
50000 A
0 - I/ T T T
0 500 1000 1500

Time (seconds)

Figure 4.4: Time to Generate Data with the CTGAN model.

1x 2x DX 10x
ages 0.683 | 0.546 | 0.513 | 0.481
number interactions 0.476 | 0.003 | 0.002 | 0.002
number interactions (men only) | 0.661 | 0.021 | 0.012 | 0.014
number interactions (women only) | 0.455 | 0.46 | 0.31 | 0.326
total 0.099 | 0.046 | 0.032 | 0.011
usage 0.072 | 0.039 | 0.023 | 0.011

(ages, lengths) 394 | 5.1 4.3 4.1
usage/total 0.157 | 0.148 | 0.04 | 0.012

Table 4.4: Jensen Shannon Distance in percentages for Cohort SS with the Gaussian

Copula Model as the dataset size scales
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Figure 4.5: Time to Generate Data with the CopulaGAN model.

1x 2x 15%%¢ 10x

ages 2.388 | 0.737 | 1.323 | 2.079
number interactions 0.066 | 0.005 | 0.003 | 0.003
number interactions (men only) | 0.111 | 0.018 | 0.013 | 0.014

number interactions (women only) | 0.233 | 0.102 | 0.347 | 0.317

total 0.213 | 0.103 | 0.08 | 0.041
usage 0.127 | 0.067 | 0.049 | 0.037
(ages, lengths) 57.2 | 9.7 | 11.2 | 134
usage/total 0.179 | 0.091 | 0.043 | 0.039

Table 4.5: Jensen Shannon Distance in percentages for Cohort SS with the CTGAN

Model as the dataset size scales
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1x 2x DX 10x

ages 0.828 | 0.472 | 0.439 | 0.422

number interactions 0.467 | 0.075 | 0.003 | 0.003
number interactions (men only) | 0.566 | 0.125 | 0.017 | 0.024
number interactions (women only) | 0.076 | 0.074 | 0.361 | 0.348
total 0.228 | 0.144 | 0.117 | 0.096

usage 0.141 | 0.127 | 0.083 | 0.07

(ages, lengths) 42.6 | 57.7 | 6.209 | 5.848
usage/total 0.177 | 0.171 | 0.043 | 0.048

Table 4.6: Jensen Shannon Distance in percentages

GAN Model as the dataset size scales

for Cohort SS with the copula

1x 2x oX 10x

ages 0.588 | 0.598 | 0.601 | 0.619

number interactions 1.468 | 1.42 | 0.441 | 0.44
number interactions (men only) | 1.546 | 1.504 | 0.465 | 0.458
number interactions (women only) | 0.708 | 0.661 | 0.251 | 0.247
total 1.289 | 1.209 | 1.232 | 1.263

usage 0.643 | 0.617 | 0.572 | 0.558

(ages, lengths) 49.8 | 49.5 | 50.6 | 50.7
usage/total 1.054 | 0.903 | 0.771 | 0.775

Table 4.7: Jensen Shannon Distance in percentages for Cohort SS with the Trans-

former Model as the dataset size scales

All the numbers reported in Tables 4.3 to 4.7 are given as percentages. From the

values in the tables above, I see that the marginal distributions for the synthetic data

very sharply resemble that of the real data. With the exception of ages which ranged
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between 0.5 and 3 percent, all the marginal distributions had a Jensen-Shannon Dis-
tance well under 1%. For the joint distribution of age and length, the JSD was not
as good, for most models it stayed above 5% and when the dataset size was small
(1x) this value was as high as 50% for some models. However, the Fast ML model
challenged this trend by remaining around 7% regardless of dataset size. The Gaus-
sian Copula model performed well with the JSD drop to 4% for the joint distribution
of age and length after the 1x dataset. The CTGAN and Copula GAN model, both
started out with a JSD for the age length joint distribution around 50%, which then
dropped off at higher dataset sizes to about 10 and 6 percent respectively. The Trans-
former model never improved its JSD for the (age, length) joint distribution as the

size increased, hovering at 50% for each scaled-up dataset.

RQ3: How do the generation models perform with respect to the utility metrics?
That is, how useful is the synthetic data in practical scenarios?

To test the utility of the synthetic data, I invoke the Binary RNN model to learn
to distinguish between patients from two different cohorts based on their PSU data.
Each RNN model was trained over 20 epochs with batch and buffer of 100 and 16
respectively, and a learning rate of 0.001. The training datasets were down sampled
so that there was an equal number of both cases.

There are two ways to train and test with the RNN models. The first is to train
them with the real dataset, and then test how accurately they predict on the synthetic
data. This method is referred to as Train on Real, Test on Synthetic or TRTS.
The second method is to train five models on each of the synthetically generated
datasets and test how accurately they predict the real dataset. This method is referred
to as Train on Synthetic, Test on Real or TSTR.

In Tables 4.8 through 4.16 I perform three sets of experiments on the differently

scaled synthetic datasets. First at the original size (1x), then at 5x, and 10x. For
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each set I train six models, the real and the five synthetically trained models, then
I run the TSTR followed by the TRTS. Note that for the scaled-up dataset sizes,
the real dataset never scales, since I cannot generate an arbitrary number of patient
records like with the synthetic data.

In the first set of experiments (Tables 4.8-4.10), I train six models, the real
datasets, and the five synthetic models. 1 evaluate their performance during the
training phase by computing the four performance metrics using the validation data.
I note that all four metrics have high values ranging from 0.951 to 1.0 for all six

models.

Table 4.8: Performance metrics for SS vs. AS during training each RNN model. The

datasets used were 1x the original size.

Accuracy | F-measure | Precision | Recall

real 0.984 0.984 0.991 0.976
transformer 0.976 0.975 0.967 0.983
gaussian copula 0.981 0.982 0.985 0.979
fast ml 0.991 0.991 0.986 0.995
CTGAN 0.98 0.98 0.986 0.973
CopulaGAN 0.981 0.981 0.976 0.987




72

Table 4.9: Performance metrics for SS vs. AS during training each RNN model. The

datasets used were 5x the original size.

Accuracy | F-measure | Precision | Recall
real 0.959 0.959 0.958 0.96
transformer 0.965 0.963 0.968 0.957
gaussian copula 0.989 0.989 0.981 0.998
fast ml 0.987 0.987 0.975 1.0
CTGAN 0.985 0.986 0.974 0.997
CopulaGAN 0.988 0.988 0.979 0.997

Table 4.10: Performance metrics for SS vs. AS during training each RNN model.

The datasets used were 10x the original size.

Accuracy | F-measure | Precision | Recall

real 0.959 0.958 0.951 0.966

transformer 0.961 0.961 0.971 0.951

gaussian copula 0.986 0.986 0.974 0.999
fast ml 0.988 0.988 0.977 1.0
CTGAN 0.988 0.988 0.978 1.0

CopulaGAN 0.989 0.989 0.982 0.997

In the second set of experiments (Tables 4.11-4.13), I focus on TSTR, in which
the models are trained on synthetic data and tested on real data. I note that all

the models achieve excellent performance metrics ranging from 0.946 to 0.999 with

CopulaGAN being the best.
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Table 4.11: TSTR: Performance metrics for SS vs. AS using 1x Datasets.

Accuracy | F-measure | Precision | Recall

transformer 0.968 0.968 0.982 0.954
gaussian copula 0.981 0.981 0.984 0.978
fast ml 0.984 0.984 0.98 0.987
CTGAN 0.979 0.979 0.985 0.974
CopulaGAN 0.981 0.981 0.985 0.977

Table 4.12: TSTR: Performance metrics for SS vs. AS using bx Datasets.

Accuracy | F-measure | Precision | Recall

transformer 0.96 0.961 0.946 0.977
gaussian copula 0.988 0.988 0.979 0.997
fast ml 0.986 0.986 0.975 0.998
CTGAN 0.986 0.986 0.975 0.998
CopulaGAN 0.988 0.988 0.979 0.997

Table 4.13: TSTR: Performance metrics for SS vs. AS using 10x Datasets.

Accuracy | F-measure | Precision | Recall

transformer 0.956 0.956 0.95 0.962
gaussian copula 0.988 0.988 0.977 0.999
fast ml 0.988 0.988 0.976 0.999
CTGAN 0.988 0.988 0.978 0.999
CopulaGAN 0.988 0.988 0.979 0.997

In the third set of experiments (Tables 4.14-4.16), I focus on TRTS, in which

the models are trained on real data and tested on synthetic data. Again, all models
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performed well with metric values ranging from 0.915 to 0.99. In these experiments,

CTGAN and CopulaGAN models achieved the best performance.

Table 4.14: TRTS: Performance metrics for SS vs. AS using 1x Datasets.

Accuracy | F-measure | Precision | Recall

transformer 0.941 0.94 0.963 0.917
gaussian copula 0.979 0.979 0.971 0.987
fast ml 0.975 0.975 0.971 0.98
CTGAN 0.98 0.98 0.973 0.989
CopulaGAN 0.98 0.98 0.971 0.99

Table 4.15: TRTS: Performance metrics for SS vs. AS using 5x Datasets.

Accuracy | F-measure | Precision | Recall

transformer 0.942 0.94 0.962 0.92
gaussian copula 0.978 0.978 0.97 0.986
fast ml 0.979 0.979 0.971 0.987
CTGAN 0.978 0.979 0.969 0.988
CopulaGAN 0.977 0.977 0.967 0.987

Table 4.16: TRTS: Performance metrics for SS vs. AS using 10x Datasets.

Accuracy | F-measure | Precision | Recall

transformer 0.938 0.937 0.96 0.915
gaussian copula 0.975 0.975 0.966 0.985
fast ml 0.979 0.979 0.971 0.987
CTGAN 0.978 0.978 0.97 0.986

CopulaGAN 0.978 0.979 0.97 0.987
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Looking across the second and third sets of experiments (1x, 5x, and 10x in both
TRTS and TSTR) I found that the metrics values maintained percentages in the high
90’s. Only the Transformer declined as the scale of the datasets increased, albeit still
above the ninetieth percentile. Other than the Transformer, the remaining models
performed more or less the same in all experiments, with percentages only subtly

changing between them.

4.4 RQ2 Results for Other Cohorts

1. Results of RQ2 for the cohort AS

The general trend observed for cohort SS is also observed for cohort AS (Tables 4.17 to
4.21): Jensen-Shannon distance becomes smaller as the size of the synthetic dataset
increases indicating a higher resemblance (with a few anomalies). Recall that the
numbers reported in Tables 4.17 to 4.21 are given as percentages. I note that most
models perform well for the marginal distributions with Jensen-Shannon distance
below 1%. The most prominent exception was the transformer model for which the
Jensen-Shannon distance for ages was around 3%. Many models had a high Jensen-
Shannon distance for one joint distribution: (age, length) with the largest values

arising from the transformer model.



1x 2x DX 10x

ages 0.52 | 0.406 | 0.407 | 0.428

number interactions 0.004 | 0.003 | 0.001 | 0.002
number interactions (men only) | 0.026 | 0.009 | 0.008 | 0.01
number interactions (women only) | 0.275 | 0.009 | 0.004 | 0.005
total 0.217 | 0.237 | 0.196 | 0.188

usage 0.445 | 0.465 | 0.454 | 0.448

(ages, lengths) 6.028 | 4.99 | 4.497 | 4.435
usage/total 0.265 | 0.198 | 0.151 | 0.149
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Table 4.17: Jensen Shannon Distance for Cohort AS with the Fast ML Model as the

dataset size scales

1x 2x oxX 10x
ages 0.161 | 0.079 | 0.086 | 0.076

number interactions 0.001 | 0.001 | 0.001 | 0.0
number interactions (men only) | 0.007 | 0.083 | 0.006 | 0.007
number interactions (women only) | 0.003 | 0.005 | 0.001 | 0.003
total 0.052 | 0.019 | 0.011 | 0.008
usage 0.043 | 0.023 | 0.01 | 0.005
(ages, lengths) 4.487 | 3.34 | 2911 | 2.817
usage/total 0.192 | 0.072 | 0.028 | 0.015

Table 4.18: Jensen Shannon Distance for Cohort AS with the gaussian-copula Model

as the dataset size scales



1x 2x dX 10x
ages 1.308 | 0.609 | 0.581 | 0.736

number interactions 0.003 | 0.007 | 0.001 | 0.0
number interactions (men only) 0.01 | 0.003 | 0.01 | 0.007
number interactions (women only) | 0.009 | 0.014 | 0.002 | 0.002
total 0.05 0.03 | 0.016 | 0.01
usage 0.055 | 0.027 | 0.019 | 0.017
(ages, lengths) 5.681 | 59.534 | 4.444 | 4.165
usage/total 0.158 | 0.052 | 0.022 | 0.014
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Table 4.19: Jensen Shannon Distance for Cohort AS with the CTGAN Model as the

dataset size scales

1x 2x oxX 10x
ages 0.84 | 1.412 | 1.132 | 0.648

number interactions 0.002 | 0.001 | 0.0 0.0
number interactions (men only) | 0.009 | 0.008 | 0.008 | 0.007
number interactions (women only) | 0.005 | 0.008 | 0.005 | 0.004
total 0.056 | 0.025 | 0.012 | 0.006
usage 0.062 | 0.031 | 0.014 | 0.009
(ages, lengths) 5.979 | 4.953 | 4.708 | 4.761
usage/total 0.206 | 0.059 | 0.04 | 0.022

Table 4.20: Jensen Shannon Distance for Cohort AS with the copula GAN Model as

the dataset size scales
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1x 2x 15%'¢ 10x
ages 3.21 3.196 | 3.214 | 3.237
number interactions 0.063 0.073 0.296 0.294

number interactions (men only) 0.066 | 0.06 | 0.128 | 0.128

number interactions (women only) | 0.081 | 0.079 | 0.312 | 0.31

total 0.853 | 0.868 | 0.943 | 0.916
usage 1.174 | 1.155 | 1.137 | 1.134
(ages, lengths) 57.928 | 56.225 | 41.985 | 41.948
usage/total 0.648 | 0.676 | 0.691 | 0.691

Table 4.21: Jensen Shannon Distance for Cohort AS with the Transformer Model as

the dataset size scales

2. Results of RQ2 for the cohort HE

As before, the general trend observed for cohort SS is also noticed for cohort HE
(Tables 4.22 to 4.26): Jensen-Shannon distance becomes smaller as the size of the
synthetic dataset increases indicating a higher resemblance. All the numbers reported
in Tables 4.22 to 4.26 are given as percentages. I note that most models perform well
for the marginal distributions with Jensen-Shannon distance below 1%. Compared
to the SS and SS cohorts, an important difference is that all models have a much
higher Jensen-Shannon distance of about 3% for ages. As seen for other cohorts,
many models had a higher JS distance for one joint distribution: (age, length) with

the largest distance arising from the transformer model.



1x 2x DX 10x
ages 2.271 | 1.955 | 2.097 | 2.094

number interactions 0.001 | 0.001 | 0.0 0.0
number interactions (men only) | 0.001 | 0.001 | 0.001 | 0.001
number interactions (women only) | 0.379 | 0.908 | 0.831 | 0.83
total 0.108 | 0.101 | 0.053 | 0.055
usage 0.16 | 0.157 | 0.133 | 0.135
(ages, lengths) 4.948 | 4.446 | 3.989 | 3.872
usage/total 0.303 | 0.09 | 0.041 | 0.037
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Table 4.22: Jensen Shannon Distance for Cohort HE with the Fast ML Model as the

dataset size scales

1x 2x ox 10x
ages 3.496 3.22 | 3.332 | 3.119
number interactions 0.0 0.132 | 0.0 0.0
number interactions (men only) 0.0 0.132 | 0.001 | 0.0
number interactions (women only) | 0.321 | 0.384 | 0.814 | 0.821
total 0.074 | 0.028 | 0.013 | 0.011
usage 0.056 | 0.034 | 0.022 | 0.008
(ages, lengths) 12.809 | 55.404 | 11.18 | 10.697
usage/total 0.296 | 0.039 | 0.03 | 0.012

Table 4.23: Jensen Shannon Distance for Cohort HE with the gaussian-copula Model

as the dataset size scales



1x 2x 5X 10x
ages 3.815 2.9 2.753 | 3.408

number interactions 0.158 | 0.136 | 0.0 0.0
number interactions (men only) 0.149 | 0.177 | 0.001 | 0.126
number interactions (women only) | 0.185 | 0.374 | 0.886 | 0.809
total 0.104 | 0.028 | 0.037 | 0.011

usage 0.084 | 0.052 | 0.032 | 0.02
(ages, lengths) 51.276 | 51.433 | 7.912 | 9.681
usage/total 0.319 | 0.114 | 0.035 | 0.036
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Table 4.24: Jensen Shannon Distance for Cohort HE with the CTGAN Model as the

dataset size scales

Ix 2x ox 10x
ages 4.474 | 3.281 | 3.664 | 3.273
number interactions 0.125 | 0.134 | 0.001 | 0.001
number interactions (men only) | 0.127 | 0.131 | 0.001 | 0.001
number interactions (women only) | 0.332 | 0.303 | 0.356 | 0.818
total 0.108 0.1 0.067 | 0.039
usage 0.153 | 0.103 | 0.081 0.06
(ages, lengths) 48.622 | 48.015 | 19.713 | 17.397
usage/total 0.149 | 0.146 | 0.045 | 0.03

Table 4.25: Jensen Shannon Distance for Cohort HE with the copula GAN Model as

the dataset size scales
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1x 2x 15%'¢ 10x
ages 2.325 | 2.284 | 2.347 | 2.266
number interactions 0.051 0.053 0.067 0.014

number interactions (men only) 0.048 | 0.053 | 0.162 | 0.043
number interactions (women only) | 0.219 | 0.38 | 0.506 | 0.684

total 1.569 | 1.616 | 2.054 | 1.601
usage 1.404 | 1.276 | 1.059 | 1.286
(ages, lengths) 65.464 | 64.547 | 62.877 | 67.905
usage/total 0.644 | 0.651 | 0.731 | 0.626

Table 4.26: Jensen Shannon Distance for Cohort HE with the Transformer Model as

the dataset size scales

3. Results of RQ2 for the cohort OO

The general trend observed for previous cohorts is also seen for cohort OO (Tables 4.27
to 4.31): Jensen-Shannon distance becomes smaller as the size of the synthetic dataset
increases indicating a higher resemblance. All the numbers reported in Tables 4.27 to
4.31 are given as percentages. I note that most models perform well for the marginal
distributions with Jensen-Shannon distance below 1%. A prominent exception was
the Jensen-Shannon distance for ages for the copula GAN model which was around
3%. Many models had a higher Jensen-Shannon distance for one joint distribution:

(age, length) with the largest distance arising from the transformer model.



1x 2x DX 10x
ages 0.562 | 0.416 | 0.309 | 0.324

number interactions 0.0 0.0 0.0 0.0
number interactions (men only) 0.0 |0.001| 0.0 0.0
number interactions (women only) | 0.522 | 0.058 | 0.016 | 0.277
total 0.15 | 0.134 | 0.141 | 0.132
usage 0.248 | 0.217 | 0.221 | 0.218
(ages, lengths) 3.457 | 3.03 | 2.827 | 2.835
usage/total 0.176 | 0.077 | 0.054 | 0.05
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Table 4.27: Jensen Shannon Distance for Cohort OO with the Fast ML Model as the

dataset size scales

Ix 2x oxX 10x
ages 0.061 | 0.06 | 0.051 | 0.047

number interactions 0.0 0.0 0.0 0.0
number interactions (men only) | 0.124 | 0.001 | 0.002 | 0.001
number interactions (women only) | 0.27 | 0.021 | 0.259 | 0.26
total 0.027 | 0.013 | 0.012 | 0.017
usage 0.046 | 0.028 | 0.017 | 0.014

(ages, lengths) 2.527 | 1.984 | 1.908 | 1.8
usage/total 0.1 | 0.057 | 0.026 | 0.013

Table 4.28: Jensen Shannon Distance for Cohort OO with the gaussian-copula Model

as the dataset size scales
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1x 2x 15%'¢ 10x
ages 1.872 1.997 | 1.442 1.582
number interactions 0.145 0.004 0.003 0.004

number interactions (men only) 0.14 | 0.006 | 0.005 | 0.005
number interactions (women only) | 0.026 | 0.272 | 0.262 | 0.258

total 0.546 0.52 0.554 0.57
usage 0.236 | 0.225 | 0.227 | 0.225
(ages, lengths) 58.738 | 14.528 | 11.278 | 12.664
usage/total 0.385 | 0.16 | 0.119 | 0.114

Table 4.29: Jensen Shannon Distance for Cohort OO with the CTGAN Model as the

dataset size scales

1x 2x 15%%¢ 10x
ages 4.474 | 3.281 | 3.664 | 3.273
number interactions 0.125 | 0.134 | 0.001 0.001

number interactions (men only) | 0.127 | 0.131 | 0.001 | 0.001

number interactions (women only) | 0.332 | 0.303 | 0.356 | 0.818

total 0.108 0.1 0.067 | 0.039
usage 0.153 | 0.103 | 0.081 0.06

(ages, lengths) 49.762 | 49.469 | 50.579 | 50.685
usage/total 1.054 | 0.903 | 0.771 | 0.775

Table 4.30: Jensen Shannon Distance for Cohort OO with the copula GAN Model as

the dataset size scales
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1x 2x 15%'¢ 10x
ages 0.471 0.64 0.642 | 0.641
number interactions 0.082 0.046 0.046 0.046

number interactions (men only) 0.249 | 0.048 | 0.047 | 0.047

number interactions (women only) | 0.064 | 0.092 | 0.09 0.09

total 4.21 4.289 | 4.184 | 4.251
usage 1.109 | 1.055 | 1.053 | 1.058
(ages, lengths) 63.726 | 64.006 | 64.096 | 64.107
usage/total 0.776 | 0.73 | 0.728 | 0.729

Table 4.31: Jensen Shannon Distance for Cohort OO with the Transformer Model as

the dataset size scales

Publication
The results in this chapter are based on the following publication.

e Joe Howie, Sowmya Balasubramanian, Jonas Bambi, Kenneth Moselle, Venkatesh
Srinivasan, and Alex Thomo. Synthetic Generation of Patient Service Utiliza-
tion Data: A Scalability Study. Proceedings of the 34th Medical Informatics
Europe Conference (MIE), 2024, pages 705-709.
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Chapter 5

Conclusion and Future Work

In this dissertation, I have explored three distinct areas where advanced data analysis
and machine learning techniques have the potential to significantly impact healthcare
practices. Each study focuses on leveraging computational methods to address specific
challenges and enhance diagnostic capabilities in different medical domains.

Firstly, investigation into thyroid disorder diagnosis emphasizes the importance
of comprehensive feature analysis. The main objective in applying machine learning
(ML) approaches to health data should be the usability of the results by the end
users, the clinicians. With the help of a user study, [85] highlights the properties
that clinicians look for in ML approaches such as clinical relevance, explainability,
and clear specification of the important features that helped the model make a deci-
ston. The results in this work are geared towards meeting these requirements and
gaining clinicians’ trust. A rule-based ML algorithm, CART (considered transparent
by clinicians), is applied to the KEEL thyroid dataset, providing clear evidence that
measuring all the important features (as opposed to a select few) is key to efficiently
diagnosing thyroid disease. Specifically, through careful data analysis in the settings

of supervised and unsupervised learning, it is shown that testing TSH only can re-
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sult in misdiagnosis but measuring the complete thyroid panel (FTI, TT4, TSH, and
T3) is highly effective and recommended for medical practitioners. This result is of
paramount importance to the diagnosis of thyroid disorder from a clinical perspective.

Secondly, our study on Autism Spectrum Disorder (ASD) diagnosis from fMRI
data highlights the potential of tabular classifiers in achieving comparable perfor-
mance to complex graph-theoretic methods. Early diagnosis of ASD or other related
developmental disorders is crucial for providing individuals with the medical services
and social support needed. Due to a lack of understanding about its causes and cure,
new techniques are needed to improve diagnosis. This work investigates the poten-
tial of biomarkers obtained from fMRI scans in the diagnosis of ASD and ADHD. It
shows that tabular classifiers can achieve performance comparable to the best-known
graph-theoretic methods that are explainable. At the same time, it demonstrates
the challenges in classifying brain networks using two similarity measures, Hamming
distance and Jaccard similarity of max-cores on available datasets. Our results imply
further research using larger fMRI datasets could alleviate the current challenges and
thus lead to further progress.

Lastly, our exploration of synthetic data generation (SDG) methods for patient
service utilization (PSU) data reveals significant advancements. This work compared
state-of-the-art data-driven synthetic data generation methods for PSU data, explor-
ing statistical, machine learning-based, and hybrid approaches, and making three key
contributions. Firstly, the time taken to train each model and generate synthetic
datasets of different sizes was studied, with Gaussian Copulas and Fast ML models
demonstrating the fastest performance. Secondly, synthetically generated datasets
were compared against their real counterparts by measuring the distance between
various marginal distributions. Using Jensen-Shannon Divergence, it was shown that

synthetic datasets are highly similar to real data, with divergences no larger than
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2.5%. Joint distributions were also analyzed, revealing larger distances than marginal
ones, but Gaussian Copulas and Fast ML Models still outperformed other models.
Finally, a Binary RNN was used to validate the utility of the synthetic datasets by
training the RNN on real data and predicting on synthetic datasets, and vice versa. In
both cases, confusion matrix measures were all above 90%, with most in the high 90s.
Overall, among the five models evaluated, Gaussian Copulas and Fast ML models
emerged as the most preferred for generating PSU data.

To summarize, these studies highlight how advanced data analytics and machine
learning can revolutionize healthcare by improving diagnostic accuracy, making medi-
cal data easier to interpret, and ensuring ethical use of synthetic data. These method-
ologies promise more effective, precise, and scalable healthcare solutions. As technol-
ogy evolves, integrating these insights into clinical practice offers great potential for
enhancing patient care and outcomes across various medical fields.

Many interesting open questions arise from this research. A key direction for
future work is exploring feature correlations and testing new feature combinations to
better understand their dependencies and impact on identifying important features
for thyroid disease diagnosis. New and refined methodologies are needed to convert
fMRI data to other forms of data that capture the subtle differences between the brain
networks belonging to the two classes. With further research, it could be possible to
identify the regions of interest in the brain relevant to a particular disorder and modify
the imaging procedure to focus on those regions. In our work, we use thresholding
to make the summary graphs unweighted. Alternatively, summary graphs could be
treated as probabilistic graphs. This raises the question: can existing algorithms for
computing k-cores in probabilistic graphs enhance the accuracy of our method?

The high-quality synthetic data generated can be used by the health authority to

predict future demands on its various services and improve patient care in its region.
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However, challenges persist in achieving the goal of releasing this data in the public
domain. Further work is needed to alleviate privacy concerns so that the synthetic
data can be made available for public use. More generally, it would be interesting
to validate the findings of this work using new datasets on thyroid disease, autism

spectrum disorder, and other related health conditions.
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