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Abstract

With the desired deployment of Arti cial Intelligence (Al), concerns over whether Al
can \communicate" why it has made its decisions is of particular importance. In this
thesis, we utilize predictive entropy (PE) as an surrogate for predictive uncertainty
and report it for various test-time conditions that alter the testing distribution. This
is done to evaluate the potential for PE to indicate when users should trust or dis-
trust model predictions under dataset shift or out-of-distribution (OOD) conditions,
two scenarios that are prevalent in real-world settings. Speci cally, we trained an
ensemble of three 2D-UNet architectures to segment synthetically damaged regions
in fractional anisotropy scalar maps, a widely used di usion metric to indicate mi-
crostructural white-matter damage. Baseline ensemble statistics report that the true
positive rate, false negative rate, false positive rate, true negative rate, Dice score, and
precision are 0.91, 0.091, 0.23, 0.77, 0.85, and 0.80, respectively. Test-time PE was re-
ported before and after the ensemble was exposed to increasing geometric distortions
(OOD), adversarial examples (OOD), and decreasing signal-to-noise ratios (dataset
shift). We observed that even though PE shows a strong negative correlation with
model performance for increasing adversarial severity ( ae = 1), this correlation is
not seen under distortion or SNR conditions ( p = 0:26, syr = 0:30). How-
ever, the PE variability (PE-Std) between individual model predictions was shown
to be a better indicator of uncertainty as strong negative correlations between model
performance and PE-Std were seen during geometric distortions and adversarial ex-

amples ( p = 0:83, ag = 1). Unfortunately, PE fails to report large absolute



uncertainties during these conditions, thus restricting the analysis to correlative re-
lationships. Finally, determining an uncertainty threshold between \certain"™ and
\uncertain™ model predictions was seen to be heavily dependant on model calibra-
tion. For augmentation conditions close to the training distribution, a single threshold
could be hypothesized. However, caution must be taken if such a technique is clini-
cally applied, as model miscalibration could nullify such a threshold for samples far
from the distribution. To ensure that PE or PE-Std could be used more broadly for

uncertainty estimation, further work must be completed.
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Chapter 1

Introduction

1.1 Background

Since the inception of statistical learning, otherwise known as machine learning (ML),
its use has become increasingly ubiquitous. The ability to derive important conclu-
sions from multivariate datasets through robust statistical methods has unequivocally
improved our quality of life [4]. With information becoming more accessible, we have
entered into the age of \Big Data,"” and as such, many are in the pursuit to lever-
age large datasets for scienti ¢ discovery and industrial purposes. An application of
particular interest is medical imaging, where ML research has led to improved image
reconstruction qualities, faster acquisition speeds, and the automated detection and
diagnoses of abnormalities and disease. However, there can be an absence of true
model understanding once models become increasingly complex. This becomes of
particular importance with the advent of deep learning (DL), a method for learning
representations within data with multiple levels of abstraction [5]. DL has revolution-
ized the elds of computer vision [6], natural language processing [7], and biochem-
istry [8], to name a few. Along with their unprecedented value, ML models can drive
increases in inequality [9], produce spurious outputs [10], and result in unfavourable

medical diagnoses for the most vulnerable [11]. As such, it has lead to professionals,
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users, and the general public to acquire a source of reasonable doubt that machine
learning models do not always have their best interests at heart. Therefore, a small
group of researchers have decided to dedicate their careersBxplainable Arti cial

Intelligence (XAl) [12], developing new models, metrics, and frameworks to derive
a deeper understanding of these inherently complicated, non-linear, self-optimizing

models.

For the purposes of the following thesis, we narrow our focus of XAl to the applica-
tion of supervised segmentation and uncertainty estimation with magnetic resonance
imaging (MRI) data. A completely non-invasive, non-ionizing imaging modality, MRI
can be used to acquire spatial and geometric information of the human body with
excellent soft-tissue contrast. This makes MRI a technology of choice for radiologists
who want to image even some of the smallest structures with no risk to the patient.
Radiologists have an invested interest in wanting to accelerate their work ow in order
to provide streamlined healthcare pipelines for their patients. In time-sensitive sce-
narios, radiologists can be asked to interpret an MRI scan with only a few minutes to
make a decision. This can lead to errors which manifest in poorer clinical outcomes.
Therefore, there is a clear need to implement ML techniques into the clinical space to
augment the radiologist's work ow in order to improve both the speed and quality of

medical image analysis.

The proper clinical implementation of ML systems comes with an important as-
sumption that these models will provide accurate, reliable, and trustworthy predic-
tions. A key component of a medical professional's work ow is the documentation of
what they are able to interpret within the image. If an implemented model is unable
to communicatewhy it arrived at a particular predictive outcome, it provides no use
to the user when they must use them in high-risk scenarios. Furthermore, a model

that produces an output that opposes the radiologist leads to a crossroads - should
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the clinician trust their initial opinion, default to the algorithm, or bring in additional
human supervision? The action made by the clinician will ultimately rest on the trust

they have in the algorithm and their experience within the eld [13].

We attempt to build upon the current body of work focused on utilizing inter-
pretability methods for DL segmentation tasks in the context of neuroimaging. In-
terpretable predictive models are models in which their reasoning processes are un-
derstandable by humans [14]. In this thesis, we utilize the work done by Lakshmi-
narayananet al. [15] to derive predictive uncertainty estimates through an ensemble
of deep neural networks to foster a notion of trust in the ML model. We apply this
technique to detect and segment microstructural white-matter (WM) brain damage
in patients who experience mild traumatic brain injury (mTBI). We employ an MR
imaging technigue known as di usion tensor imaging (DTI) to measure changes in
the patient's water di usion along anatomically determined WM tracts. Models were
trained using synthetic mTBI patient data, whereby local reductions in a patient's
fractional anisotropy (FA) scalar map was applied within small WM regions, a topic
further discussed in chapter 5. The goal was to train models to segment di cult to
nd damaged regions in FA maps, a task that cannot currently be done by radiol-
ogists. Finally, we report the predictive entropy (PE) associated to each prediction
to give an overall indication of the model's predictive con dence and showcase how
PE changes under various test-time augmentation conditions. Test-time refers to

experiments conducted after training is complete.

1.2 Motivation

The motivation for developing models that aggregate sources of error lies in the pur-
pose of such a system. These systems can be used in a wide variety of areas, one of

which includes medical imaging. The hypothesis is that aggregated predictions will
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improve medical Al models and reduce medical errors when predictions are coupled
with estimates of uncertainty. For the purposes of this thesis, we attempt to under-
stand how an uncertainty metric such as PE can give the user an indication of model
con dence under test-time conditions that alter the testing (clinical) distribution, a
scenario that is likely to occur in the real-world. Though the applications in which
this methodology could be used are variable, we attempt to answer this hypothesis in

the context of mTBI.

In North America alone, over 1.7 million people are a ected by mTBI each year [16].
Typically, victims are left with a vague diagnosis of their condition since there is no
guanti able way to understand the patient's injury clinically. In this work, we explore
an uncommon application of deep learning in neuroimaging with the intent to arrive at
reliable predictive estimates of WM microstructural damage. Currently, microstruc-
tural WM abnormalities are completely undetected by current radiology work ows.
With this information, patients can potentially undergo targeted rehabilitation plans
to accelerate their recovery process. This thesis provides a stepping stone in the

direction for improved clinical outcomes for mTBI patients.

1.3 Contributions

The author has contributed to the eld of medical image analysis and XAl in the

following ways:

1. Provided a review of the available predictive uncertainty methods that can be
applied to deep learning and medical imaging for segmentation tasks through
the publication: B. McCrindle , K. Zukotynski, T.E. Doyle, M.D. Noseworthy.

A Radiology Focused Review of Predictive Uncertainty for Al Interpretability in
Computer-Assisted SegmentationRadiology: Arti cial Intelligence. Accepted

August 25th, 2021
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2. Actively engaged with the research community through the following accepted

conference submissions:

(@)

(b)

()

B. McCrindle , N. Simard, T.E. Doyle, M.D. Noseworthy. Applying Deep
Ensemble Learning to Quantify Model Uncertainty for mTBI Brain Seg-
mentation. St. Joseph's HealthcareCelebrate Research Day , 2020.

Hamilton, Ontario [Accepted Abstract, Poster, Oral Presentation]

B. McCrindle , N. Simard, T.E. Doyle, M.D. Noseworthy. A Deep 2D-
UNet Ensemble for the Segmentation of Microstructural White Matter Dam-
age in mTBI Patients using Di usion Tensor Imaging Imaging Network

of Ontario (IMNO) , 2021. [Accepted Abstract, Pitch Presenta-

tion] .

B. McCrindle , N. Simard, E. Samson, E. Danielli, T.E. Doyle, M.D. Nose-
worthy. Microstructural White Matter Segmentation in Mild Traumatic
Brain Injury Patients using DTl and a Deep 2D-UNet Ensemble Inter-
national Society for Magnetic Resoance in Medicine (ISMRM) ,

2021. [Poster Presentation]

1.4 Outline of Thesis

This thesis presents the work done to apply ensemble networks and predictive uncer-

tainty for improved predictive performance and model trust in the context of medical

image analysis.

Chapter 2 discusses the technical aspects of magnetic resonance imaging and fo-

cuses on introducing di usion tensor imaging. Speci cally, we discuss how information

is moved from voxel-space to pixel-space and the necessary steps taken for proper data

preparation.
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Chapter 3 touches brie y on the history of statistical learning to the development of
deep learning. We provide the reader with the technical aspects of convolutional neu-
ral networks (CNNSs), the backbone of all modern computer vision systems. Further,
we dive into various CNN architectures that can be used for biomedical segmentation

tasks.

Chapter 4 discusses the di erence between interpretability and explainability and
how this distinction is not widely used within the current literature. Post-hoc inter-
pretability is introduced, leading to a literature review focused on current methods to
estimate uncertainty from neural network predictions in the context of segmentation.

Lastly, an uncertainty metric known as predictive entropy (PE) is discussed.

Chapter 5 describes the pre-processing methodologies designed to generate syn-

thetic mTBI data and prepare such data for model training, validation, and testing.
Chapter 6 outlines the experiments completed for in-domain dataset shift and out-
of-distribution testing. Results for each experiment are communicated through the

correlations between ensemble performance, PE, and PE-Std.

Chapter 7 provides a discussion to interpret the results reported in chapter 6. A

summary indicating the main takeaways from the thesis are included.

Chapter 8 concludes the thesis with a discussion for future work.



Chapter 2

Magnetic Resonance Imaging

2.1 Background

Magnetic Resonance Imaging (MRI) is a non-invasive, non-ionizing radiological imag-
ing modality that leverages the quantum mechanical property of spin angular mo-
mentum of an atomic nucleus. The term \magnetic" refers to the use of external
and internal magnetic elds, where \resonance" indicates the requirement to match
radiofrequency pulses to the precessional frequency of the spin of the atom of interest
in order to obtain a signal. This signal is spatially encoded into three orthogonal mag-
netic eld gradients which are then used to reconstruct the measured physiological

environment.

The phenomenon that takes place during acquisition can be interpreted using two
popular descriptions: quantum mechanics or classical Newtonian physics. The former
can describe the entirety of the measurement process, while the latter abstracts and
simpli es the phenomena in a way that relates to the understandable physical world

around us. The majority of MRI can be understood using the Newtonian perspective.

In the absence of an external magnetic eldE,), the spin (J) of an atomic nucleus
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will be in a random orientation relative to all other nuclei in the system. WithB,
present, nuclei will tend to align with this external eld to minimize its potential
energy. The interaction of a nuclei's spin withB, produces a torque causing the it
to precess about the direction oB,. This produces a magnetic moment vector-)
proportional to the spin. Quantum mechanically,B, will cause two discrete spin-
states corresponding to parallel (-%) and anti-parallel ( %) directions relative to B,
for dipolar nuclei, such as artH (proton) atom. This splitting is known as the Zeeman

E ect and derives the energy di erence between these two states as

E=~B,=~, (2.1.1)

where~ is the reduced Plank’s constantt{=2 ) [J s], is the gyromagnetic ratio
F;de], and! , is the precessional angular frequencﬁﬂ‘i]. The number of spins that
are in the parallel or anti-parallel state is governed by the Boltzmann probability

distribution that relates state population to the temperature of the system.

= e ~ BokT (2.1.2)

Z‘+Z

N andN. are the number of spins in the anti-parallel and parallel states, respec-
tively, k is the Boltzmann constant J K 1], and T is the temperature K]. With
these relationships, we can determine that there is a net magnetizatioNt() in the

direction of B,

2.2

_ o0
Mo = —z—Bo (2.1.3)

where , is the density of protons per unit volume, otherwise known as the spin
density. The derivation of this net magnetization is left out for brevity. The pertur-
bation of the net magnetization vector through an external electro-magnetic radiofre-

guency (RF) pulse is what generates the measured signal to be reconstructed.
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2.2 Radiofrequency Pulses

RF pulses are generated using the RF body coil, which is built in to the MR sys-
tem. The frequency generated by the coil coincides with the precessional (Larmor)
frequency of the desired nuclei, thus satisfying a resonance conditioiVf, is thus
tipped away from its alignment with B, (also known as the z-axis or longitudinal
direction) by the second external magnetic eld known as th&7 eld. Typically, Nt,
is pulsed 90 onto the transverse plane where the relaxation (return to the z-axis) of
NT, is described by the Bloch equation.

dm 1

1
T = M Bext + T—l(Mo MZ)2 T—ZMO (221)

The solutions for thex, y, and z components of the magnetization are as follows,

My (t) = e 72 (M4 (0) cos! ot + My (0)sin! ot) (2.2.2)
My(t) = e 572 (My(0)cos! ot My (0)sin! ot) (2.2.3)
M,(t) = M (0)e T + My(1 €M) (2.2.4)

whereT; and T, are tissue-speci ¢ constants known as relaxation times that derive
from the interaction of the spins with their surroundings. T;, also known as the
longitudinal relaxation time, describes the regrowth o, to the low energy state
parallel to B,. This is governed by spin-lattice interactions. T, describes the loss
of phase coherence between the various spins in the system during relaxation. The
dephasing of spins represents a spin-spin decay of the transverse magnetization. As
such, the relaxation terms describe the magnetization vector's return to the low energy
equilibrium state. The longitudinal and transverse magnetization as a function of time

are shown in gure 2.1 below.
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Figure. 2.1. Regrowth and decay ofM, and My, quantities, respectively. M, is the
initial magnetization before tipping. This is set to 1 for illustration purposes.

2.3 Image Reconstruction

Since the magnetization of aggregate nuclei spins has an associated EM- eld, temporal
or spatial changes to theB or E elds, respectively, causes an electromotive force)(

in the receive coil. This phenomenon is governed by Faraday's Law of Induction
(2.3.1) and will cause the receive coil to generate a current thapposesthe change

in magnetic ux according to Lenz's Law (2.3.2),

r E= — (2.3.1)

whereA is the cross-sectional area of the coil. Unfortunately, measuring a single
signal is not enough to generate an image.

Therefore, the reconstruction of a 3D volume measured in MR scanner requires
the spatial localization of the set of discretized signals in all three dimensions. In
order to do so, three orthogonal spatially varying magnetic eld gradientsGy, Gy,

G,) are applied to encode frequency and phase deviations in the excited nuclei.

10
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B, B, B,
Gy = ~ Gy = y G, = - (2.3.3)
! larmor = (Bo + iGi) (2-3-4)

wherei can represent either thex, y, or z directions for a discrete step i. The
discretization of signals into voxels encoded by frequency and phase enables the use
of reconstruction algorithms to produce an image. During acquisition, the digitized
signals are measured ik-space a formalism that describes the range of spatial fre-
guencies encoded by the scanning procedure. The nal image is constructed by taking

the inverse 2D or 3D Fourier-transform of k-space.

Clinically, there are always trade-o s when tuning the imaging parameters for a
particular scan. The relationships between the voxel size, echo time (TE), repetition
time (TR), ip angle, eld-of-view (FOV), signal-to-noise ratio (SNR), contrast-to-
noise ratio (CNR), and receiver bandwidth (to name a few) ultimately governs the
properties of the nal image. Practically, noise corrupting the nal image can never
be fully removed, but its minimization is crucial for high SNR and CNR. Furthermore,
minimizing artifacts such as ghosting (aliasing) by sampling much higher than Nyquist
during acquisition is also of high priority to avoid wrap-around e ects due to the

improper spatial encoding of voxel signals.

2.4 Diusion Tensor Imaging

Di usion MRI (dMRI) is an MR imaging technique used to measure and characterize
the di usion of water within tissues. The di usion of water can exhibit either an
isotropic or restricted behaviour determined by the orientations of cell membranes

and other cellular structures. The di usion pro les of water in each of these cases is
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Gaussian and non-Gaussian, respectively.

In di usion-weighted imaging (DWI), the measured loss in signal intensity due to
di usion is controlled through bi-polar dephasing and rephasing gradients, as shown

in gure 2.2.

Figure. 2.2. DWI encoding gradients. Dephasing and rephasing gradients are blue and
orange, respectively.

The parameters that govern the signal loss are the duration of the gradient)(
the time between the start of each gradient (), and the amplitude of the gradients
(G). By knowing both the phase (2.4.1) and proton (2.4.2) distributions, the resulting

signal (2.4.3) can be determined.

(x) = & & (2.4.1)
e x2=4Dt
p(x;t) = pﬁ (2.4.2)
Z Z
S= p(x;t) (t)dxdt

- Soe 232 2( 23)D
(2.4.3)

= Sye PP

IN(S) = In(S;) bD

Where the intrinsic di usion constant (D) is determined through the t. There-
fore, the amount of di usion weighting is controlled through the b-value. A minimum

of two b-values must be used to determine the slopB, of the curve, where b-values
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can range from 8=mm? to upwards of 3008=mm?. The initial signal intensity S, is

the signal with a b-value equal to 8=mm?,

In di usion tensor imaging (DTI), water di usion is encoded along a minimum
of 6 spatial directions and is highly sensitive to minor changes in microsctructural
WM integrity. The shape of water diusion can be described as a rank-2 tensor
(3x3 positive-de nite matrix, 2.4.4) with three mutually orthogonal eigenvectors with

corresponding eigenvalues shown in gure 2.3 .

2
Dxx ny sz
D= g[)yx Dyy Dy, (2.4.4)
sz Dzy Dzz

Figure. 2.3. Anisotropic di usion pro le with the three eigenvectors coloured in green
and corresponding eigenvalues, 1, 2, 3.

The major eigenvector signi es the principle direction of di usion and the mea-
sured macroscopic di usion anisotropy is due to microstructural tissue heterogeneity.
Combinations of these eigenvalues derive the four spatial mappings of di usion: ax-

ial di usivity (AD), radial diusivity (RD), mean di usivity (MD), and fractional
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anisotropy (FA),

AD = (2.4.5)

+
RD = 22 3 (2.4.6)
MD = L+ 2% 3 (2.4.7)

r_p 3
EA = 1 (1 2P+( 1 3)P+( 2 9)? (2.4.8)
- b 4.

2 (f+ 3+ 3

For patients who have been subjected to a form of brain injury, there tends to
be a measurable change in the individual's WM di usion. This damage can occur
in brain myelin, the primary structure of WM tracts. Therefore, the characteristic
anisotropic di usion of uid along a WM tract can suddenly become more isotropic
due to the microstructural damage. Damaged regions correlate with decreased FA

and increased RD (relative to AD), and increased MD [17]. FA is bounded between

p L T
0-1 due tothe ( 2+ 2+ %) normalization factor, where realistic di usion values
are between 0.30 to 0.70. FA is also the most characteristic parameter for quantifying

di usion, thus making it the most common mapping for statistical analyses.

Like all MR imaging modalities, dMRI is susceptible to partial volume e ects,
whereby the di usion model assumes that there is only a single tissue type in a voxel,
where in reality, voxels are likely to hold a mixture of tissues. The proportionality of
each tissue within the voxel alters the nal encoded signal and results in systematic
error. Therefore, there is reduced sensitivity within the measurement that cannot be
easily accounted for in a traditional 6-direction scan. This leads researchers to apply

as many as 180 scanning directions to improve di usion modelling results.

Detecting and quantifying microstructural damage has the potential to be an in-

credibly useful clinical tool. However, these changes cannot be visually identi ed by
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a human interpreter alone. Therefore, there is a necessity to implement sophisticated

statistical tools such as Arti cial Intelligence to uncover this unseen information.

15



Chapter 3

Arti cial Intelligence

3.1 Machine Learning to Deep Learning

In the eld of machine learning, mathematical algorithms are developed to make
data-driven predictions. Algorithms are given a set of data and are optimized to learn
the important features that characterize a particular dataset through a de ned loss
function. The generalizability of a machine learning model depends not only on the
amount of data the algorithm has been trained on, but the diversity of samples within
the dataset. A dataset is randomly decomposed into training, validation, and testing
sets, where the performance of the model is evaluated on the unseen data within the

test set and reported through a variety of metrics.

Machine learning models can be broken down into three subsets knownSager-
vised Unsupervised and Semi-Supervisedearning. Most of the established machine
learning frameworks today are supervised, meaning that models are trained with a
dataset where each data point has an associated label (binary, multi-label, and/or
multi-class). Supervised techniques are largely used for tasks such as classi cation
and segmentation, where the model is trained to classify the data into groups or seg-

ment regions of interest within an image, for example. Popular algorithms include
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linear regression, neural networks, and random forests. Unsupervised learning ap-
proaches are situations where the model is trained with unlabelled data, forcing the
model to learn associations within the data that it deems suitable based on the loss
function. In the absence of labels, unsupervised models are typically employed for
clustering, dimentionality reduction, and anomaly detection [18]. Examples include
k-nearest-neighbours, Gaussian mixture models, and variational autoencoders. Fi-
nally, there are situations where the class labels are incomplete. While wanting to
use this information, techniques of semi-supervised learning have been developed to
make use of the available labels to increase potential task accuracy. Compared to tra-
ditional supervised and unsupervised frameworks, semi-supervised methods are much

less common in practice.

Neural networks, the stepping stone to deep learning, are frameworks that were
developed in this pursuit for scalable models. Composed of layers of neurons that are
connected in ways to learn abstract representations of the input data, the empirically
shown capabilities of neural networks to learn important features and perform exceed-
ingly well in its prediction task has been the main reason for its growth in the machine
learning community. Figure 3.1 illustrates the relationship between the inputs and

output of a single neuron in a neural network.

Figure. 3.1. Representation of a computational neuron used in deep learning.

Three weighted inputs! ¢Xo, ! 1X1, and ! ;x, are fed into the neuron. Eachx is

the input to the current neuron from a neuron in the previous layer and each weight
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I associated to each input will be updated through an optimization training process
known as stochastic gradient decent [19]. The inputs are summed together along with
an optional bias termb. The summation is transformed using a non-linear activa-
tion function, f, traditionally a sigmoid, recti ed linear-unit (ReLU), or hyperbolic
tangent (tanh) function [19]. Introducing such non-linearities allow for the network
to increase its ability to learn complex functional mappings within the data. If, for
example, this non-linear step were to be omitted, multi-layered neural networks could
be mathematically reduced to the simplest case of a single-layer perceptrothus
dramatically reducing the ability of the model to generalize over the non-linear data

distribution [19].

The way in which neurons are connected between/within layers and how the lay-
ers are structured ultimately determines network properties such as the number of
parameters and the types of tasks optimal for the network. As the number of net-
work layers increase, we arrive at the concept afeep learning a neural network
architecture with an arbitrary number of hidden layerg with the purpose of creating
a model with state-of-the-art performance on complicated tasks. Deep networks are
empirically shown to have improved predictive performance compared to traditional
statistical learning approaches because the self-optimization process removes the need
for explicit feature engineering [19]. These hand-made features limit the exibility of
a particular model to concentrate onto other minute features that could potentially

have more discriminative power within the dataset.

In the eld of computer vision where imagery comes with signi cant variation, it
becomes di cult to pinpoint and mathematically de ne a discrete number of features

that will generalize to the entire distribution. Features could include estimates of

Iperceptron: An algorithm used for binary classi cation.
2Strictly speaking, the output of the input layer is not directly observed, but this is not considered
a hidden layer
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the image's fractal dimension, histogram distribution, or the size of circular blobs, for
example, but rarely does feature engineering result in predictive performances compa-
rable to deep learning on the same multi-class dataset. Most notably, this was demon-
strated during the ImageNet Large-Scale Visual Recognition Challenge (ILSVRC) in
2012, where a deep convolutional neural network architecture halved the second place

error rate and lead to the \deep learning revolution" we have seen today [20].

3.2 Convolutional Neural Networks

Convolutional neural networks (CNNs) are the backbone of all modern computer vi-
sion systems. Spanning areas of study from autonomous driving to medical imaging,
the millions of convolutional kernels that are generated and optimized through the
training procedure is what makes this type of framework so powerful. The in the
following discussion, we outline the necessary components for CNNs and the various

ways they are constructed together to produce classi cation and segmentation models.

Before the advent of CNNs, if a typical feed-forward neural network architecture
was applied for the task ofimage classi cation, each pixel would represent a single
input to only one neuron in the input layer. For a 60x60x3 (60px wide, 60px tall,

3 colour channels) image, this would lead to an input layer with 10800 neurons,
where the network has arN number of hidden layers, leading to 10800 parameters
(excluding bias terms). With even larger, more respectable images (256x256x3), the
number of parameters quickly blows up and would lead tbhuge computation times
and over tting [19]. The way CNNs have circumvented this problem is by de ning

a set of layers that \compress" a local receptive eld within the image into a single
number representing the bulk information within the eld. CNNs are built upon these

most basic layers and are outlined in the following sections.
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3.2.1 Convolutional Layers

The convolutional layer within the network is what does most of the heavy computa-
tional work. These layers are composed ofset of trainable lIters (or kernels) that
operate on only a small portion of the input image. For example, a single Iter could
be of size 6 6 3 acting on an image of size 256256 3. The depthof the lIter will
always match the channel depth of the input image. The lter willconvolvealong the
height and width of the image, computing the dot product of the Iter values and the
image input values within the Iter's receptive eld, F. This convolutional procedure
thus produces a single 2D activation map for a single Iter. With a set oK lters,
the convolutional layer thus creates a stack dK activation maps. This processes is

shown in gure 3.2.

Figure. 3.2. A set of convolutional lters applied to an input image of size 256x256x3
with receptive elds of 6x6x3, generating 4 activation maps.

In the situation illustrated above, there are four independently trained convolu-
tional Iters that are applied to the input image. The receptive eld of each lter is
6x6x3 and computes a single number on the corresponding output activation map for

a single lIter location. Ideally, each activation map is ann n square matrix but
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this does not always have to be the case. Square matrices are easier to work with due
to their shape, thus making it desirable to ensure equal dimensions along the height
and width of the activation map. Formally, a pixel value,y;, is produced from a
convolutional operator through the following,

|
X X

yj = (xg!i) +b (3.2.1)
k=0  i=0;j=0
wherei;j are row and column indices within the receptive eldx; is the pixel

k

value, ! i is the Iter weight for at index i;j for the k" Iter, and bis the optional

bias term.

To ensure the convolutional operation can occur without error, other hyperpa-
rameters known as the convolutional stride§) and zero-padding P) must be used.
S is de ned as the number of pixels the Iter moves after each computation, where
S = Sheigt = Swidth - P adds a border of zeros to the input image to ensure square
output activation. To calculate the activation output size, the following relationships

are used

w,= Wi F*2P (3.2.2)
S

Ho= Hi F*+2P (3.2.3)
S

D, = K (3.2.4)

where W,, W;, H,, Hj, D, are the output and input dimensions of the width,
height, and depth, respectively [21]. It should be explicitly noted that this operation
reducesthe size of the input image and thus, cannot be applied inde nitely. Interest-

ingly, once the training procedure is completed, lters earlier in the model have been

21



M.A.Sc. Thesis { B. McCrindle McMaster { Electrical and Computer Engineering

shown to pinpoint \lower-level features”, such as edges, blobs, and contrast, where
deeper Iters continually become more abstract and look for \higher-level features”,
such as facial features or shapes. Due to the convolutional action the Iters undergo,
they possess a property known asanslation invariance. As such, if a Iter has been
optimized to detect a speci c orientation of an edge, the lter will have a maximum
output when it encounters that edge regardless of the feature's location within the

image.

3.2.2 Transposed Convolution

An image can be up-sampled using a method known &ansposed convolution (TC)
Unlike a traditional interpolation method, TC has tunable parameters that govern the
up-sampling. Mathematically, TC is not the same as deconvolution, but the results are
identical. To understand TC, consider how a convolutional operator can be performed
using matrix multiplication. The input image used during the convolutional process is
turned into an (n n) 1 column vector, where the lter is subsequently transformed
into an (N n?) convolutional matrix with added zeros to account for the receptive

eld. n represents the number of rows (or columns) for a square input image.

Figure. 3.3. Convolution operator using matrix mathematics. Filter is zero-padded to
account for striding during normal convolution.

As seenin gure 3.3, the input image has been reduced from a size of (4x4) to (2x2).
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In the reverse case where we desire a (4x4) output from a lower resolution (2x2) input,
the transpose of the proper convolutional matrix will result in the desired output.
Using the transpose of the matrix shown above, we show the following transpose

convolution in gure 3.4,

Figure. 3.4. Transpose of a convolutional matrix is able to produce the same e ect as
deconvolution by up-sampling a (2x2) image into a (4x4) output.

3.2.3 Pooling

Pooling layers are typically placed periodically after convolutional layers with the
intention of further reducing the spatial representation of the image, thus reducing
the number of overall parameters controlling over tting. Similar to a convolutional
Iter, a pooling operator has a square receptive eld on the order of single pixels and
strides along the image. It applies either a MAX, MIN, or AVERAGE operation to
the values in the receptive eld and places this into the correct pixel location within

the compressed image.

Pooling layers were a previously successful operation that improved CNN perfor-
mance but has been slowly phased out since many researchers dislike the explicit
removal of information. Newer models that include attention and transformers have

continued to improve in the absence of pooling layers [22, 23].
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3.2.4 Full-Connected Layers

Once the image has been reduced to an abstract representation after many convo-
lutional layers, the representation is known to be in a \latent space". The image
is typically reformatted into a (N XN xK )x1 column vector and fed through a set of

fully-connected layers, as shown in gure 3.5.

Figure. 3.5. Fully-connected layer at the end of a convolutional neural network
framework. All nal activation maps are re-represented as a single 1D vector and is the
input to the fully-connected layer. Not all arrows are drawn to reduce image clutter. In

this case, there is only one hidden layer prior to the nal classi cation layer (5-class
output).

At the end of the fully-connected layer, the output can be represented as a column
vector with a length equal to the number of classes it has been trained to classify.
The vector is typically passed through a sigmoid activation function to compress each

probability between 0 and 1.

()= 1565 (3.2.5)
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3.3 Transfer Learning

It is important to recognize all CNN architectures have the commonality of reducing
the complexity of the input image and learning convolutional lIters that end up rep-
resenting characteristic features that represent the dataset. Furthermore, the lter
weights are tuned speci cally for the task it has been trained to do. Buttransfer
learning approaches may be implemented to borrow weights from previously trained
models to accelerate the training process for a new task on a di erent dataset. As
previously eluded, the earlier Iters tended to learn features that may be ubiquitous to
all imagery. Therefore, transfer learning techniques have shown to provide signi cant
improvements to model training time, depending on the task [24]. With that said,
there is an ongoing debate as to whether or not ImageNet-trained weights are a valu-
able tool for transfer learning in medical imaging domains. This is likely due to the
domain mismatch between the naturally occurring images seen in ImageNet compared
to the vastly di erent images that can be obtained through medical imaging modal-
ities. New work has proposed that ImageNet transfer learning can indeed improve
DL models made for biomedical imaging tasks, but the performance boosts depend
on both the scale of the model's capacity (very large networks) and the size of the
pre-training dataset [25]. Typically, early model weights are initialized using transfer
learning, later weights are randomly initialized, and the whole model is ne-tuned to

acquire optimal task performance.

3.4 Make Deep Learning Work!

Along side the various network layers that compose CNNs, there are a set of considera-
tions and tools that are needed in order to actually train a model. These considerations

are neededegardlessof the model's architecture or the task type.
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3.4.1 Loss Functions

The loss function, E(X;y), determines the discrepancy between the prediction of a
model and the desired output. Based on the value computed by the loss function,
the network weights are updated through a processes known laackpropagationand
stochastic gradient descent In the simplest form, a learning problem adjusts the

weights within the model to minimizeE(Xx;y).

Popular loss functions include theMlean-Squared Error (MSE)

1X )
E(x;y) = 0 (Xi i) (3.4.1)
i
wherex; is either a single or a set of predictionsy; are the corresponding class labels

in a supervised learning problem.

Binary Cross-Entropy = measures the performance of a classi cation model when

outputs are between 0 and 1.

X
E(xy) = yi log( )+ (@ yi)log(1 ) (3.4.2)

i 1 ex 1 ex

The loss function can be adapted to account for class imbalanced datasets by weighting

the observation by its proportion within the dataset.

X 1 1
E(xy) = !pyilog(1 exi)+!n(1 yi)log(1 1 ex

) (3.4.3)

Where ! , and ! , are the positive and negative weighted proportions, respectively.

For a 2D or 3D image, this would correspond to weightings df, = RUmZeros. gng

Resolution

Dice Loss optimizes the weights based on the overlap between two clasgeand
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jA\ Bj

(A;B) AT+ B] (3.4.4)

When not using it as an explicit loss function,E(A;B) is known as the Dice
Similarity Coe cient, or Dice Score, (DSC). An evaluation metric used to measure
the performance of a segmentation model, it can also be calculated through the true
positive (TP), false positive (FP), and false negative (FN) rates reported through a

confusion matrix,

2TP

DSC = ST+ FP+ EN

(3.4.5)

Mathematically, this formulation is identical to the well-known F1-score in binary

classi cation problems.

2 2 2TP
Fl= 1 + 1 = TP+FP , TP+FN = 2TP + FP + FN (3'4'6)

precision recall TP TP

3.4.2 Gradient Descent

After determining the loss associated to the model's prediction, there needs to be a
way to update the weights of the network tominimize the loss of future predictions.
This is done through a method known as backpropogation. Loss function minimiza-
tion must also work in conjunction with the network's ability to generalizeto new
data. The model's performance on the training and validation sets are ultimately
unimportant and the model must not over t to the training data. An overt model

would show low loss during training but poor performance during test-time.

Propagating the loss through the network to update the model weights and move
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through the loss landscape is most successfully done through gradient-based meth-
ods. Backpropogation is typically very slow with large models that tend to have
highly non-convex, high dimensional loss spaces with many local maxima/minima
and/or at regions [26]. As such, there is no guarantee that the model will converge
to the global minimum, that this convergence would be quick, or if convergence would
even occur. However, it has been shown empirically that gradient descent methods
can often nd good solutions within the loss landscape when using the gradients cal-

culated through backpropagation.

Stochastic gradient descent refers to a descent process that uses the loss of a
single random observation, selected with replacement, to update the network param-
eters, .

@E

(t+1)= (1) @ (3.4.7)

where is the learning rate for gradient descent. This rate is typically dynamic and

changes depending on how the loss stagnates during training. Largpromote faster

movements and can improve convergence speed early in the training process, but can

cause overshooting and prevent convergence as training progresses. Similarly, small
can prevent convergence within a reasonable computation time. Typically,starts

around 10 % and is reduced by an order of magnitude as the loss stagnates.

Batch stochastic gradient descent is the same update procedure but instead
of a single observation, theentire dataset is used to acquire a direction of average
loss. These steps will often be much larger than that of stochastic gradient descent,

which can reduce computation times, but can lead to worse results [26].

t+1)= (1) % (3.4.8)

Where ES® is the loss on the entire set.
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Mini-batch stochastic gradient descent is a hybrid method between the two
discussed previously. The dataset for DL problems is often very large and it is im-
practical to determine the loss of the entire training set in a single computation.
Furthermore, computing the loss on single observations is often prohibitively slow.
Therefore, mini-batch stochastic gradient descent takemini-batches of the training
set, computes the loss, and updates the weights. The amount of data that is placed
in the mini-batch is limited by the memory capabilities of the computer facilitating

model training and is typically equal to a power of 2.

3.4.3 Regularization

DL models have the capacity to \memorize" (overt) data if improperly trained.
Regularization methods have been developed to prevent the model from over tting to

the training dataset. Popular regularization methods are:

L1 and L2 Regularization:  Includes a second factor to the loss function.
x . .
L. = E(xy)+ j il (3.4.9)
i
X
L,= E(X;y) + 2 (3.4.10)

i
where is the regularization parameter.L, and L, regularization methods can be

applied in tandem with the weighted loss functions described previously.

Data Shu ing and Augmentation: Networks learn the quickest when exposed
to an unexpected sample. That is, each subsequent observation should be of a di er-
ent class, if possible [26]. Therefore, to maximize the chance of this occurring, data
shu ing is highly advisable. Furthermore, each observation can be subjected to a set

of random a ne transformations such as rotations, ipping, and scaling to promote
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diversity within the dataset.

Dropout: Dropout refers to a training procedure that randomly suppresses a
subset of nodes and their corresponding connections within the network to reduce the
chance of co-adaptation between layers [27]. E ectively, dropout forces the network
to learn more relevant features, reduces over tting, and thus improves generalization
ability. Most implementations of DL use dropout for performative improvements. The

gure below illustrates dropout in a simple network.

Figure. 3.6. a: Simple fully-connected neural network. b: Neural network with dropout.
All nodes and corresponding neural connections have a dropout probability of & p< 1

3.4.4 Normalization

Normalization is a crucial pre-processing step that has shown to improve the stability
of neural networks, promoting faster convergence [26]. With MR images, there is no
universal intensity scale that is invariant of the scanner or the image (unlike CT).
Therefore, normalization ismandatory if one is looking to have directly comparable

histogram distributions.
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Di erent from regularization, normalization scales the data so each observation
has comparable statistics. In a computer vision problem, the set of data can be glob-
ally normalized or have an intra-image normalization using a variety of methods, but

simple options include:

Standardization (Z-score Normalization):

Xi

yi = (3.4.11)

where and are the mean and standard deviation of the imagg, respectively,

resulting in pixel valuey;.

Min-Max Normalization:

y = i Hmin (3.4.12)

Xmax  Xmin
where every observatiorx; is shifted by the minimum valuex,,, and normalized
by the range of observation value&mnax  Xmin - This will x the range of observations
in a particular feature between 0 and 1 exactly, while standardization has no guarantee

that such a condition will occur.

3.5 CNN Architectures

Applications of DL for computer vision problems have been widely successful with the
use of CNNs. While the property of translation invariance on convolutional kernels
is advantageous for these tasks, the ways in which various computation layers are
connected also signi cantly in uence the model's ability to learn complex representa-

tions. As such, researchers have developed various models which has lead to a huge
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variety of CNN-based architectures for visual learning tasks. Models such as Vgg [28],
ResNet [29], and DenseNet [30] are popular options for classi cation and have easy-
to-use implementations in both PyTorch and Tensor ow. Reconstruction approaches

for segmentation include unsupervised autoencoders [31], fully-convolutional networks
(FCNs) [32], and U-Nets [33]. These are employed in situations where feature detec-
tion and localization are both relevant. Here, we discuss the di erences between all

of these networks, leading to a discussion on the 2D U-Net.

3.5.1 Vgg

Introduced by Simonyan et al., very deep convolutional networks (Vgg) demonstrated
the empirical bene ts of using a larger quantity of smaller convolutional lters (3x3)

to improve computational performance and learning ability for large-scale recognition
tasks [28]. They further showed that adding many more deep layers was only feasible
if the receptive elds of the convolutional kernels were small. The number of layers
within a model architecture is typically denoted by the number following the model
name, such as Vggl6 or Vggl9, for example. Max-pooling layers placed after convo-
lutional layers are interspersed within the model architecture, eventually leading to a

fully-connected (FC) sigmoid layer for multi-class classi cation.

3.5.2 ResNet

Introduced by He et al., the residual network (ResNet) featured the addition of skip-
connections between layers to improve learning performance for deeper models [29].
The skip connections explicitly reformulate traditional learning layers as learning
residual functions with reference to the layer input(s). The non-linear mapping at

the output of each residual block is de ned through equation 3.5.1.

y=H(X)=F(x)+ x (3.5.1)
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where F (x) is the residual function and (x,y) are the input and output, respec-
tively. Training the block to learn a residual function provides extra exibility when

the desired functional relationship needs to approximate an identity function [29].

Figure. 3.7. Residual learning block [29].

The skip connections were empirically shown to improve the learning capacity of
deep networks and provide a solution to previously impossible optimization on such
large networks. ResNet52, 101, and 152 are popular variants of the architecture.
ResNet architectures are built with classi cation in mind and terminate with a FC

sigmoid layer.

3.5.3 DenseNet

Introduced by Huang et al., DenseNets were developed using the methodology of
residual networks in mind [30]. Rather than summing the input and output of a single
functional block repeatedly over many blocks, DenseNets botloncatenatethe input

to the output of a block and propagate the output through skip-connections tevery
subsequent layer The architecture was designed to remove the vanishing-gradient
dilemma that occurs with large networks. Furthermore, the architecture shows that

it requires fewer parameters to achieve impressive task performance compared to other

larger networks. A schematic of a DenseNet is shown in gure 3.8.
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Figure. 3.8. DenseNet Architecture [30]. B,, represents a block in the network.

3.5.4 Unsupervised Autoencoders

Introduced by Ballard et al. in 1987, autoencoders are unsupervised models that
were designed for the purposes of image reconstruction by compressing the input into
a latent representation and reconstructing the image using the latent representations
of the input [31]. Through a desired loss function, the di erence between the input
image and output reconstruction is sought to be minimized. The latent space can
be interpreted as a dimensionality reduction scheme similar to principal component
analysis (PCA) but in a non-linear regime. The initial autoencoder networks were
simple fully-connected networks with 1-2 hidden layers, similar to the network illus-
trated in gure 3.6. Autoencoders have provided the foundation of all modern DL

segmentation models.

3.5.5 Fully-Convolutional Networks

Introduced by Long et al., Fully-Convolutional Networks (FCNSs) transform traditional
fully-connected layers in classi cation networks to convolutional layers for semantic
segmentation [32]. The model is able to output a classi cation heatmap (activation
map) on an image by implementing a spatial loss between the output and correspond-
ing label map. At its incecption, FCNs were the rst end-to-end model for pixelwise

prediction.
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Figure. 3.9. Fully-Convolutional Network for semantic segmentation. Input image is
reduced to a smaller spatial representation through convolutional operations and
up-sampled to the output activation map [32].

FCNs utilize batch-normalization, dropout, and pooling layers for computational
considerations and over tting. The up-sampling step is done through a bi-linear
interpolation and thus, only up-samplesonce Therefore, the process of up-sampling

cannot be optimized explicitly through model training.

3.5.6 U-Net

Introduced by Ronneberger et al., the U-Net has become the most popular option for
semantic segmentation tasks, particularly in biomedical imaging [33]. The network
is composed of three main branches: the encoder, latent space, and decoder. The
formation of the three of these building blocks illustrate a U-like structure, as seen in

gure 3.10.
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Figure. 3.10. lllustration of a simple U-Net architecture [33]. Each block is a set of
activation maps from lters trained through backprop.

The U-Net architecture heavily borrows the properties of the unsupervised au-
toencoder by taking its input and encoding it into a latent feature representation.
The decoding pathway applies a set of successive trainable transpose convolutional
operations (otherwise known as deconvolution) to reconstruct a pixel-wise activation
map. In binary segmentation, a test-time threshold is applied to the activation map
to obtain an estimate of the test-time performance. The maps that can be obtained
from a U-Net architecture have been shown to be superior to FCNs due to the longer

reconstruction decoding pathway.

The architecture takes advantage of dropout and max-pooling layers to optimize
performance. Max-pooling layers are replaced with transpose convolutional opera-
tions during decoding. For segmentation of images with arbitrary dimensions, the
architecture employs an overlap-tile strategy that enables the e cient prediction of
pixels at the border region [33]. Further, the model has an additional concatenation
step that bridges corresponding encoding/decoding blocks. This reinforces the model
to take advantage of nuanced information learned earlier in the pipeline that could

have been lost during compression. The large number of decoding feature maps, along
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with the representative encoding feature map, enables localization of high resolution

features for improved segmentation performance.

In its initial implementation, the architecture was optimized for 2D spatial learn-
ing (hxwxc), where c are the number of colour channels. Therefore, models of this
type are typically denoted as &2D U-Net . The architecture has since been extended
and applied for 3D learning to take advantage of the extra depth component that is
present in many biomedical imaging datasets, thus making tigD U-Net [34]. This
architecture has the same base layer layout as a 2D U-Net with 3D convolutional
operators. With the additional depth information, 3D U-Nets can be seen to have
either comparable or greater volumetric segmentation performance [34, 35, 36, 37, 38].
Within medical imaging, scanning procedures that are able to acquire sequential slices
of patient anatomy, such as MRI and CT, are posed well to take advantage of the
depth dimension during 3D processing. The performance improvements unavoidably
come with increased computational demands due to the dramatic increase in the total

number of model parameters.

The encoder of the 2D/3D U-Net is often referred to as théackbone Various
encoding backbones can be chosen depending on the target task. The optimal encod-

ing backbone must be empirically determined by observing the test-time performance.

Structurally, DL models are build upon thousands to millions of parameters, which
is why they are often considered to bélack-boxes In the following sections, the
discussion surroundingexplainable Arti cial Intelligence is covered with a particular

focus on its application in clinical settings.
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Chapter 4

Explainable Arti cial Intelligence

1 As machine learning (ML) permeates through many facets of society, it is not surpris-
ing that there has been interest from users and stakeholders to make these algorithms
more understandable [39]. While there have been many attempts to do so, there is
no consistent distinction between interpretability and explainability, two key themes
for understandable ML. Depending on the literature, these terms are either used syn-
onymously or with explicit distinction [39, 40, 41, 42, 43, 44]. An explainable model
would be one that describes, in detail, how it arrived at a prediction, outlining the
relationship between the feature space and data domain. With this perspective, no
black-box model can beexplainable and we should be in the pursuit to implement

either:

1. inherently interpretable decision platforms, or

2. to apply post-hoc methods to promote case-based reasoning within complicated

domains [43].

The former points to implementations of simpler, potentially non-ML models,
where the latter acknowledges the predictive power of ML/DL and emphasizes the

need to implement tools for interpretable DL. It goes without saying that computer

1Chapter 4 includes many components that are in the revision process for publication.
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vision applications have bene ted greatly from neural networks, but a universal def-
inition of \interpretability" in the computer vision domain does not exist [43]. In
the following sections, we focus on explaining post-hoc methods that provide inter-
pretability to black-box DL models, leading to a metric known as predictive entropy

(PE) that is heavily used in chapter 6.

4.1 Post-Hoc Interpretability

As Lipton [45] states inThe Mythos of Model Interpretability the preceding literature
addressing interpretability typically have diverse and conicting objectives. While
there is a general notion that model \transparency"” confers interpretability, post-hoc
methods have been derived as to align better with human expectations [45]. Post-
hoc methods for interpretability do not explicitly state how the model works, but
rather provide the end user with additional information that elucidates reasoning.
One major advantage of post-hoc methods is that models can be interpreted after the
prediction without sacri cing predictive performance. Post-hoc methods include text
explanations to explain a model's state, explanations through example, and the popu-
lar method of local explanations through gradient-based saliency/attention maps [45].
An additional metric that could further assist model interpretability is uncertainty.
Providing users with uncertainty estimates and corresponding visualizations to quan-
tify the degree of belief the model has in its prediction could be a useful addition to
current post-hoc interpretability tools. For the purposes of this thesis, we employ pre-
dictive uncertainty in e orts to increase user con dence during test-time and improve

trust in the ML model.

39



M.A.Sc. Thesis { B. McCrindle McMaster { Electrical and Computer Engineering

4.2 Trust and Interpretability

While acquiring interpretable predictions from ML models is a desired attribute for
their successful deployment in high-risk applications (medicine, nance, criminal jus-
tice), trust also plays a critical role. As trust is a subjective concept, its de nition is
malleable depending on the context of the situation. Some argue that model inter-
pretability is a precursor to trust [46]. The cultivation of trust in ML models could
bene t from an externalist epistemological perspective, where trust is rationally justi-
ed through proven, repetitive, and reproducible experiences [47]. This is in contrast
to the internalist epistemology that de nes the justi cation of trust through social

determinants or goodwill.

Generally, in order to develop trust in a relationship, there must be an accepted
amount of risk. This risk manifests through an expectation that the model will com-
plete the desired request, but we must acknowledge that there is no comprehensive
solution for the model to be competent in every way [47]. Trust cannot be built if
the trustor cannot will themselves to accept this risk. In these situations, hesitation
to accept Al technology is expected, but experiential interaction is paramount. In
the absence of this exploratory experience, clinical implementations would likely be

costly, cumbersome, and ultimately ine ective.

The 2018 Radiological Society of North America (RSNA) summit on Al makes it
apparent that building trust is a key component for the practical implementation of
Al [48]. The RSNA indicates that initiatives such as Al education and data curation
are of top priority in order to build this trust. With an emphasis on gaining personal
experiences with Al, providing clinicians with post-hoc interpretability tools, such as
predictive uncertainty estimation, could assist the integration of this technology into

the clinical work ow.
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4.3 Post-Hoc Predictive Uncertainty

As of today, popular DL algorithms do not provide native uncertainty estimates in
regard to output predictions. This seems counter-intuitive since traditionally, clas-
si cation or segmentation (i.e. pixel-wise classi cation) tasks output a probability
that a particular object or pixel corresponds to 1 of theKk number of classes that the
network has been trained to identify. This probability is often erroneously interpreted
as model con dence which leads to confusion for the clinician [49]. To understand this
concretely, consider an extreme case where a sophisticated DL model has randomly
initialized weights and has not been trained. In a tumour segmentation task, for ex-
ample, the sum of the probabilities for a pixel belonging to either of the two possible
classes (tumour, not tumour) must sum to 1. Therefore, there can be instances where
an untrained network can output high class-wise probability where there is no basis
to do so. Figure 4.1 provides an illustration of such a segmentation output. In these
cases, predictive uncertainty methods can provide a way to evaluate model con dence

at the output.

Figure. 4.1. An example of a pixel-wise classi cation output fused to a sample
T2-weighted MR axial slice from the 2018 MICCAI BraTS dataset [50, 51]. The ground
truth abnormality is shown in blue. The prediction from the untrained network classi es

the abnormal and healthy brain tissues as blue and yellow, respectively.
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To provide the end user with additional information that could alleviate the dis-
crepancy between the prediction probability and model con dence, gure 4.1 should
be coupled with an uncertainty estimate. The uncertainty should be high in a scenario

such as this.

The description of uncertainty becomes clear with an illustrative example. Con-
sider a hypothetical model that has been trained on a large dataset of routine brain
MR scans with the goal of being able to determine the volume's scanning sequence
(T1-weighted, T2-weighted, T2-FLAIR, etc.). Presumably, if the model has been
trained well, it will correctly distinguish the sequence with high con dence. What
would happen if the model were to be exposed to a modality it was not trained with?
As Gal et al. [52] describes, this is an example obit-of-distribution (OOD) data. The
desired behaviour of the model in this case would be to try and provide a reasonable

prediction, and also report the lack of con dence the model has on its output.

The uncertainty associated with a model's prediction can be broken down into

three main factors:

" Sources of random noise within the data (otherwise known aeatoric uncer-

tainty )
" Parameter uncertainty (uncertainty in the model's weights)
"~ Structure uncertainty (what is the best model for the job)

The combination of the latter two points is de ned as epistemic uncertainty, where
predictive uncertainty is derived from the addition of the aleatoric and epistemic
uncertainties. Epistemic uncertainty can be minimized by training the model with a
diverse set of data that covers the range of possibilities the model could be exposed
to. Alternatively, aleatoric uncertainty has a fundamental limit to which it can be

reduced, since noise can never be fully characterized. With these two quantities, the
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user can identify if the data quality or the model itself is causing shortcomings in
performance [53]. In situations where uncertainty is provided, indications of over or
under con dence can directly bene t from human intervention while still providing

value to the clinician. These uncertainties become particularly useful when visually

displayed, as shown in gure 4.2.

Figure. 4.2. A simulated example of the aleatoric, epistemic, and predictive uncertainties
for a pixel-wise classi cation task. Brighter pixels indicate larger uncertainty. (a) A
T2-weighted axial MR slice from the 2018 MICCAI BraTS dataset [50, 51]. (b) The
hypothetical segmentation output. (c) The ground truth segmentation. (d) Aleatoric

uncertainty localized to the boundaries of the segmentation. (e) Epistemic uncertainty
localized to the boundary of the segmentation with less ambiguity compared to the
aleatoric uncertainty. (f) Predictive uncertainty, which is the addition of (d) and (e). We
notice that the model is con dent within the interior of the segmented lesion and less so at
the boundary.

Uncertainty can be represented in a variety of di erent ways depending on the
application. In a segmentation task, visualizations can quickly communicate areas in
which the model has low or high uncertainty and act as a proxy for the quality of the
segmentation [54]. If desired, these values could be aggregated together to report a
single numeric uncertainty estimate to enable clinicians to directly compare predic-

tions. Whether a reported value, or set of values, is given within a numeric range, as a
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con dence interval, or a standard deviation, the representation of uncertainty should
be malleable depending on the task and the individuals interpreting the model's pre-
diction. As such, uncertainty estimates can be standardized in relation to the task or

discipline as clinicians see t.

Estimating predictive uncertainty is indispensable in the case of DL and there
has been signi cant work to integrate these methods into prediction pipelines. Some
models incorporate prior information (what is known about the data) and likelihood
probabilities (how likely this data is to occur) to obtain predictions, other models act
in the absence of explicit distributional information. These methods are known as
Bayesian and Frequentist statistics, respectively, and both have been used in devel-

opment of DL predictive uncertainty tools.

4.3.1 Bayesian Neural Networks

Since the inception of ML models for inference tasks, the increase in data complexity
has led to the development of more complex models to obtain state-of-the-art predic-
tive performance. As a result, the number of total model parameters has generally
increased along with this complexity. In Bayesian inference, the model parameters are
seen as a set of random variables, each possessing an intrinsic probability distribution

around its mean.

In this formulation, we are ultimately looking to compute a Bayesian model average
to determine the probability of the outcome,y, given the dataD. This is de ned as

the predictive probability distribution and is shown below.

Z
p(yiD) = p(yj! )p(! jD)d! (4.3.1)

This probability is unconditional of the network weights, !, since the integral
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is marginalizing over! . Therefore, rather than using a single setting of model pa-
rameters, Bayesian inference uses all settings of parameters weighted by their prior
probabilities p(! jD). The likelihood of the outcome,y, given a specic setting of

weights,! , is denoted as(yj! ).

This integral is intractable with a large number of parameters and impractical for
neural networks (NNs) [52]. As such, methods such as variational inference (VI) have
been developed to approximate the optimal predictive distribution through optimiza-

tion rather than marginalization.

In order to estimate p(yjD), VI postulates an approximate distribution q(! jD)
that should be distributionally similar to p(! jD). To ensure that the approximate
distribution is optimal, the di erence betweenq(! jD) and p(! jD) is measured and
iteratively minimized during network training through a metric known as Kullback-
Leibler (KL) Divergence.

‘1 p(x)

Dk (P 11 Q) = . p(x)log ax) dx (4.3.2)

Once optimized, the epistemic and aleatoric uncertainties are derived through the

variance of the estimated predictive distribution,p(yjD) [55].

A noteworthy limitation of Bayesian modelling is the requirement to inject the
necessary prior and likelihood information into the model when determining(! jD).
The designer of the model needs to make assumptions about the characteristics of the
output distribution, where a Gaussian approximation is typically used [56]. These
assumptions typically hinder the optimization process which often results in underes-

timating the predictive uncertainty [57].
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VI has been used for regression, classi cation, and segmentation tasks with vary-
ing degrees of success. Kwon et al. [55] demonstrated this technique by applying it to
two multi-sequence MR datasets from the 2015 Ischemic Stroke Lesion Segmentation
challenge. With VI, Kwon et al. were able to build on the initial work completed
by Kendall et al. [58] and proposed a new way to obtain and decompose predictive
uncertainty without incorporating additional parameters into the model. The method
is able to provide voxel-wise estimations of the aleatoric and epistemic uncertainties

which can then be formed into corresponding visualizations.

VI is a promising Bayesian technique, but it is noted that applications of VI
are not frequently used in the area of medical image interpretation (there are few
publications of such an application). With the associated complexity of medical image
data, optimizing the parameters of the network can be dicult using VI [59]. To
obtain similar results without estimating a posterior distribution, methods such as
Monte-Carlo (MC) dropout have been formulated to provide a simple way to obtain

Bayesian-like uncertainty estimates.

4.3.2 Monte-Carlo Dropout

Initially proposed by Gal et al. [49], MC-dropout utilizes this concept during both
the training and testing procedures of the network. The primary goal of MC-dropout
is to generate random predictions and interpret the results as samples acquired from
the predictive distribution. The randomness in the prediction is a direct result of
the dropout process. In order to acquire estimates of the epistemic and aleatoric
uncertainties, each input sample is put through arN number of stochastic forward
passes. The mean and variance of the set Nf predictions is used to determine the

uncertainties [52].

Conversely to VI, MC-dropout requires no prior information to be injected into
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the model and can obtain an approximation of the output distribution without ad-
ditional bias. As such, MC-dropout can be seen as a Frequentist type of solution
to estimating predictive uncertainty. With the comparative ease of implementation
with Bayesian-like outputs, MC-dropout has gained more traction within the medical
image analysis community compared to its Bayesian counterparts. Nair et al. [60]
presented the rst exploration of multiple uncertainty estimates using MC-dropout
with a 3D multiple-sclerosis (MS) lesion segmentation CNN. The network was trained
with a proprietary, large-scale, multi-site, multi-scanner, MS dataset where voxel-wise
uncertainty measures were reported. Nair et al. showed that by Itering predictions
based on its uncertainty, the model's detection accuracy was greatly improved, par-

ticularly in the case of small lesions.

Roy et al. [61] utilized MC-dropout for full brain segmentation with structure-
wise uncertainty. Wang et al. [62] derived aleatoric uncertainties with MC-dropout
and test-time augmentation for fetal brain tumour segmentation. In both cases, the
uncertainty estimates resulted in improved predictive performance by accounting for
predictions with low con dence. Although MC-dropout provides a simplistic method
for obtaining uncertainty, deep ensembles attempt to obtain even better estimates by

aggregating models that have been optimized in di erent areas in the loss landscape.

4.3.3 Ensemble Methods

The popular method of ensemble-based DL has shown great success for a variety of
prediction tasks. By training numerous models, the implementation allows for robust

prediction ability in tandem with out-of-distribution stability [63].

A DL ensemble aggregates the results from multiple deterministic NNs trained
on di erent parameter initializations. The framework of the NNs can be identical

or di erent as long as the predictive output is of the same form, such as object-wise
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or pixel-wise classi cation. Due to the random initialization, the model starts at a

di erent point within the parameter space and can potentially optimize to di erent
locations within the loss landscape. This is highly advantageous if the purpose is model
aggregation over a non-convex loss space [56]. Following Bayesian language, each
model should ideally concentrate to di erent basins of attraction which fundamentally
supports diversity within the end prediction. The mean and variance of the prediction
can be calculated if the ensemble is treated as a uniformly-weighted Gaussian mixture

model.

hd

PV = T Pk ) 433
m=1

Where M represents the number of models used am  is the probability of
prediction y given the input x and the model parameters ,,. For classi cation, this
corresponds to averaging the predictive probabilities. In regression, the ensemble is
further approximated as Gaussian with mean and variance equal to the ensemble

de ned below [15].

1 X
0= 5 .0 (43.4)
20y) = ix 2 2
(%) v (%, (X)) (X) (4.3.5)

The generalization ability of an ensemble is often stronger than any of the in-
dividual models that compose the framework [15]. Therefore, ensembles derive im-
provements in performance and natively include uncertainty measures at the cost of
training multiple large networks. Compared to its Bayesian counterparts, the lack of
prior assumptions allows for more exible parameter optimization enabling models to

optimize into di erent areas of the loss landscape.

Ensembling DL predictions was popularized by Lakshminarayanan et al. [15] and
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was evaluated through a series of non-medical regression and classi cation bench-
marks. Since its inception, the method has been extended for other DL applications.
De Fauw et al. [16] presented the rst clinical application of this method on a large
set of optical coherence tomography scans, showing an ensemble was able to achieve
comparable expert level segmentation performance. Mehrash et al. [64] applied this
process to 2D brain, heart, and prostate segmentation tasks for con dence calibration,
showing that ensembles performed better in whole volume and sub-volume cases com-
pared to a non-ensemble framework. In both publications, the uncertainty estimates

were used to improve segmentation in ambiguous regions.

4.4 Reliability of Uncertainty Methods

When applying uncertainty metrics to a DL model, how can we evaluate which method
is superior? In real-world applications, well calibrated uncertainty estimates are cru-
cial in order to determine if a model's output should be trusted. In this case, proper
calibration means that the model should output inference probabilities representative
of the true likelihood of occurrence [65]. Furthergood uncertainty estimates quantify

when we can trust a model's predictions [66].

It is critically important to know which methods work most reliably under dataset
shift, a common problem in medical data. Dataset shift means that something has
changed between the training, testing, and clinical distributions, where these shifts are
normally attributed to changes in population type, acquisition protocols, and/or an-
notation inconsistencies. Formally, this means thaes; (YjX) & Puain (YjX), as opposed
to the independent and identically distributed (1ID) case wher@es: (YjX) = Prain (YjX)
holds. As with any machine, imaging systems need regular quality assurance and up-

grades to ensure that the image quality is consistent and reliable over the system's
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lifespan. In e ect, this attempts to reduce systematic drifts in the clinical distribution.
Therefore, the evaluation of predictive uncertainty is most meaningful during dataset
shift and when models are exposed to OOD samples. These situations should arrive

at increasing test-time uncertainty.

There has been speci ¢ work done in attempt to determine how di erent meth-
ods behave with in-domain and OOD data. Ovadia et al. [67] presented a large-scale
benchmark for a variety of classi cation problems to investigate dataset shift and OOD
samples on accuracy and uncertainty calibration for VI, MC-dropout, and ensemble
networks. Trained with non-medical data, the quality of the uncertainty degraded
with increasing dataset shift independent of the model used. Overall, ensembles were
consistently seen to perform the best across all of the tested datasets while being the

most robust to shifting, even when using a small number of classi cation models.

Jungo et al. [68] suggests that uncertainty estimates should be coupled with an
evaluation of model calibration to ensure that the estimates are sensitive to dataset
shift. In a recent study evaluating ML accuracy on ImageNet, Shankar et al. [69] stated
that robustness to small, naturally occurring dataset shifts is a performance dimension
that is not addressed by current benchmarks but is easily handled by humans. In order
to move towards clinical translation, considerable work must be done to ensure that

interpretability metrics, such as predictive uncertainty, can capture these shifts.

4.5 Communicating Predictive Uncertainty

Figure 4.2 illustrates a scenario where the user is provided with a representation
of a voxel-wise predictive uncertainty measure. Uncertainty on a per-voxel basis
can be communicated through the variance of model predictions (obtained through

Ensemble methods, for example) or through a more generalized metric known as
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predictive entropy (PE). Inspired from information theory, PE attempts to capture
the uncertainty of the overall prediction by measuring how close a prediction is to the
mid-point of the activation range (0-1). Entropy measures the expected amount of
information from an event that has an associated probability of occurrence, and

mathematically, PE is de ned through equation 4.5.1.

X X
PE = ( p(y = gx)logy(p(y = ¢ix))) (4.5.1)

pixels ¢

y , ¢, and x are the class activation, the binary class 0 or 1, and the input, respec-
tively. In computer vision, this corresponds to summing the PE for each pixel (event)

in the activation map and reporting a single aggregate PE value. Based on the rela-
tionship in equation 4.5.1, the PE is a symmetric function centered at an activation

probability of 0.50, as shown in gure 4.3.

Figure. 4.3. Predictive entropy vs prediction probability for a binary classi cation
problem.

Therefore, the largest predictive entropy for an image is where all pixels are given

an activation probability of 0.50, where the output would say \I don't know what to
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predict”, as this produces the largest entropy. After pixel-wise summation, the PE
can be normalized by the size of the image to report a value bounded between 0 and 1,
indicating certain and uncertain predictions, respectively. As such, PE is an estimate
of the image-level uncertainty [54], rather than a voxel-wise level of uncertainty, as
illustrated in gure 4.2. In combination with an accuracy metric, such as Dice score,
we can observe instances where the structural form of the activation at a particular
test-time threshold produces a representative segmentation, but also estimate how
con dent the model is in that prediction. The combination of structural accuracy
and image-wise uncertainty will be the basis of evaluating model performance under

a variety of conditions discussed in chapter 6.
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Chapter 5

Pre-Processing Methodology

In this chapter, the data pre-processing pipelines and chosen model architectures are
discussed. The goal was to implement a pipeline that is able to generate synthetic
damage data from normal patient brains and generate voxel-wise labels for the su-
pervised learning task from a large normative dataset for each synthetically damaged

brain.

5.1 Synthetic Data Generation

To produce well performing DL models for both in-domain and out-of-domain tasks,

a signi cant amount of data and clever data augmentation techniques during training
are needed. Although there are many open-source healthy brain data repositories that
one can access, there is a lack of accessible scans of mTBI patients. Furthermore, even
if the data are available, the quantity and quality of the data is lacking. Therefore, we
developed a pipeline to generate fractional anisotropy volumes from DTI scans and

apply synthetic damage comparable to true damaged brains only within WM-regions.

For the purposes of data generation, we make the important assumption that
patient experiencing mTBI will showcase a localized, radiative reduction

in small sub-volumes within the original FA scalar volume . Though real
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damage may deviate away from such an assumption, this will provide a foundation
for the following work. The pipeline below outlines the steps taken to generate such
data. The information specic to MR standardized spaces used for the pipeline are

presented afterwards.

1. Determine a global anatomical WM map for all brains in the dataset. To do so,

all data must be taken into a standard space.

2. From open-source data repositories [1, 2], collect a large setnoimal® brain
MRI DTI data from both male and female populations, with varied ages. Table
5.1 reports the descriptive statistics for the cohort collected. After collection,

process all data to determine FA maps.

Sex Age Range | Total Scans

Female 26-30 198

Male 26-30 198

Table 5.1: Set of descriptive statistics describing the collected data used for synthetic
damage generation and modelling. All volumes collected were age-anonymized prior
to access and were placed in the 26-30 age bin on the repositories [1, 2] itself.

3. Remove and set aside a random subset of brains from this normal dataset to be
used for creation of the damaged dataset. The subset was assumed to come from
the same distribution as the normal data. The subset was removed to ensure
that the damaged data is independent of the generated statistical volume (point

4).

4. Determine the voxel-wise FA mean and standard deviation for both male and
female normal data by observing the voxel value at the same (x,y,z) spatial

location for all sex-relevant brains. Each voxel-wise distribution was assumed

What does \normal" mean? Natural human variability is large and knowing when a sample is
\abnormal" can be dicult. We assume that non-damaged brains are normal, but this might not
always be the case.
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to be Gaussian. 198 female and 198 male brains were used for the generation of

each male/female statistical volume.

5. Randomly select a number of square sub-volumes (bounded between 1-5) and
randomly determine the dimension for each direction (bounded between 10-30
voxels). \Bounded" indicates that the value must be equal to or between the
range speci ed. Upper and lower bound values are chosen arbitrarily but are
restricted to be smaller than the patient volume and small enough to indicate

localized damage.

6. For each sub-volume, apply an inverted 3D-Gaussian probability density func-
tion with random standard deviations in the x, y, and z-directions. The am-
plitude of the distribution is modulated through the standard deviation, where
the applied damage is bounded such that we apply a 5% to 20% reduction of
the initial FA value. This is a liberal damage estimate but consistent with the
literature [70]. The multivariate normal density distribution used for damage

generation is reported in equation 5.1.1,

1 1 T 1
fx (Xe;unx) =1 BTT()E 2 ) ) (5.1.1)

where is a positive-de nite covariance matrix, x is a realk-dimensional column
vector, and is ak-dimensional mean vector. The amplitude of the distribution
can be modulated through because the integral within am-sigma interval is

constant and thus, the distribution must sharpen or widen depending on .

7. The set of damage sub-volumes is applied tosingle brain from the excluded
normal dataset. Each sub-volume inde¥jy is multiplied with the corresponding

FA index FAjy , such that

FAi[;k = FAjjk Vijk (5.1.2)
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WhereFAi(}k < FAjx and for integers 0 i;j;k  192.

The damage is appliednly to corresponding; j; k indices of WM in the normal
brain, thus creating a newdamagedbrain. To ensure that all other tissue is
ignored within the sub-volumes, the WM mask determined in step 1 is utilized.

Sub-volumes are permitted to overlap.

8. Using the mean and standard deviation statistical FA volumes produced in step
4, each voxel within the augmented brain is checked to determine if its value is
greater or less than 2 from the sex-relevant normal mean. If so, this voxel is
labelled as damaged. By using this construction, not all voxels that experience
a reduction in FA are considered to be statistically signi cant. After checking
all voxels in the FA volume, a single binary labelled volume is created for the

supervised learning task.

9. Repeat steps 5-8 ten times for each brain in the excluded dataset to increase
the size of the damaged dataset by 10x. During model training, samples from
the same patient will either lie in the training, validation, or testing sets, thus
removing the chance of memorization and arti cially boosting test-time perfor-

mance.

The generation of the global WM mask used in the aforementioned pipeline was
constructed using 18 di erent regions-of-interests (ROISs) related to the global struc-

ture of WM tracts throughout the brain. The ROIs are as follows:
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Brain Regions

Associated Symptoms

Left Acoustic Radiation

Right Acoustic Radiation

De cits in speech related comprehension, along

with environmental and verbal auditory agnosia.

Callosal Body

De cits in language, visual, and tactile information

processing. Behavioural changes.

Left Cingulum

Right Cingulum

De cits in executive control and episodic memory.

Sensations of pain and depression.

Left Corticospinal Tract

Right Corticospinal Tract

Reduced control of voluntary movements. Bilateral pain

Ipsilateral paralysis, paresis, hypertonia.

Fornix

De cits in verbal, declarative, and episodic memory.

Left Inferior Occipito-Frontal

Fascicle

Right Inferior Occipito-Frontal

Fascicle

De cits in social cognition, decision-making, empathy,
attention, multi-tasking, episodic memory, and executive

function.

Left Optic Radiation

Right Optic Radiation

Reduced visual eld, sensitivity to light, dizziness,

anopsias, scotomas

Left Superior Longitudinal Fascicle

Right Superior Longitudinal

Fascicle

De cits in attention, working memory, theory of mind.

Visuospatial disfunction.

Left Superior Occipito-Frontal

Fascicle

Right Superior Occipito-Frontal

Fascicle

De cits in visual and cognitive processing, reduced

peripheral visual eld, di cult grasping objects.

Left Uncinate Fascicle

Right Uncinate Fascicle

Behavioural changes, social deprivation. Alterations in

risk taking, social conduct, and substance abuse.

Table 5.2: List of Structural Brain Regions, based on the Juelich Histological
probabilistic brain atlas. [3]

The anatomic ROIs were determined using the Juelich Histological probabilistic
brain atlas based on cyto- and myelo-architectonic segmentations [3]. The micro-

scopic and quantitative histological examination of ten human post-mortem brains
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were used in the construction of the atlas. The atlas is transformed into the Montreal
Neurological Institute (MNI)-space for co-registration of new data [1]. Due to the
probabilistic nature of the mapping (i.e. every brain is di erent), each brain voxel

is given a probability that the voxel is included within a particular ROI. As such,

an inclusion criterion of > 0:9 (90%) is used to classify a voxel into various ROISs.
The combination of all of the ROIs listed creates the desired WM mask. Figure 5.1
shows the WM mask used for damage sub-volumes where brighter regions indicate

ROI overlap due to the inclusion criterion.

Figure. 5.1. Axial, sagittal, and coronal slices of the WM mask generated through the
Juelich Histological Atlas. All WM ROls indicated through table 5.2 are shown. Brighter
regions indicate ROI overlap based on the 90% inclusion criterion.

Normal, healthy control subjects (ages 26-30, 198 female and 198 male) were

sourced from the following open-source repositories [1, 2].
" The Human Connectome Project (HCP)
" International Consortium for Brain Mapping (ICBM)

" Parkinson's Progression Markers Initiative (PPMI)
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Inclusion criteria required data to be from either GE or Siemens 3T machines with

b-values = 100@=mm?. All DWI volumes underwent the following pre-processing,

1. Convert DICOM images to NiFTi les using dcm2niix [71]. This is a lossless

conversion and no (additional) artifacts should be present after conversion.
2. Eddy-current correction using FSL commaneddy correct [72].
3. Skull-stripping using the Brain Extraction Tool (FSL-BET2) [72].

4. Co-registration into the MNI152-space. The reference volume is a 1mm isotropic
T1-weighted scan. All DWI volumes were registered into 182x182x218 volumes

using 12 degrees-of-freedom and trilinear interpolation.

5. FSL DTIFit to create the corresponding FA, MD, RD, AD tensor maps [72].

At the end of this pipeline, DTI scans have been used to calculate FA scalar vol-
umes and are ready for data manipulation and statistical analyses. DTI processing
and damage pre-processing was done using FSL and MATLAB. Nicholas Simard, a
PhD student in Electrical and Computer Engineering supervised by Dr. Michael

Noseworthy, kindly developed the entirety of the aforementioned pipeline.

An example image of a FA volume with synthetic damage and its corresponding

label are shown in gure 5.2.
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Figure. 5.2. Example of a FA map from a healthy brain with the addition of the
corresponding label map. Average FA reduction in labelled voxels is:2% 0:6%.

During data generation, 13 female and 13 male brains were set aside from the large
normal dataset for damage augmentation, where the normative dataset wasly used
for the construction of voxel-wise labels per brain. Since an assumption was made
that the FA value at an (X,y,z) spatial location across all sex-relevant patients in the
normal dataset was Gaussian, the normal dataset should be as large as possible. By
generating 10x the data from a single brain, 13 brains/sex was chosen as to maintain
a balance between having a large normative dataset and creating a dataset of reason-

able size for training NNs.

With volume dimensions of 182x182x218, there are 218 slices per brain when sliced
in the axial direction. However, a typical MR scan will have empty space above and
below the brain, resulting in images that have no signal. For the purposes of the
analysis, we remove 20% of the slices above and below to avoid having a signi cant
amount of empty slices within the datasets that would redundantly increase compu-

tation times. When removing 40% of each volume (86 slices), on average 1A
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slices contained non-zero values with non-zero proportions of 3.1%7% over all re-
moved slices. The variation in the number of slices with non-zero values is due to
varying morphology over the patient population. With a nominal computation time
across models of 3.43ms per image while on the GPU, the total computation time for
models trained with and without the removed empty slices are:054 and G033,
respectively, wheren is the number of EPOCHS. As such, removing 40% of the data
results in complete model training 1.6x fastér With this rational, the middle 60%

of the brain is saved, resulting in 131 slices per registered brain. By increasing the
amount of initial data by 10x through augmentation, the total amount of damaged
brain data available for training, validation, and testing are 17030 images for both

female and male brains (34060 total).

5.2 Model Training, Validation, and Testing

An open-source Github repository calle®egmentation Models PyTorclior instantiat-

ing many 2D-UNet architectures with various encoding backbones was utilized [73]. As
such, all model training, validation, and testing was completed using PyTorch 1.4.0,
CUDA 10.1, and a GPU computing cluster with an Intel Core i9-9820X 3.30GHz
CPU, 64GB RAM, and an NVIDIA GeForce RTX 2080 Ti with 12GB of memory.

We instantiate three 2D-UNet models with Resnet101 (total params: 51,506,961),
Vgg19 (total params: 29,056,785), and Densenet121 (total params: 6,320,721) encod-
ing backbones. This was done to observe the di erences in performance depending on
how the model encoded information into the latent space. Model results were ensem-

bled and test-time performance was evaluated for each model and ensemble.

With a 2D-UNet architecture, the model is only capable of processing 2D spatial

images with an arbitrary number of colour channels. Furthermore, feeding data into

2time wimout = o35 (34060)N = 0:03A. time iy = 2393139(56680)N = 0:054n
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the model becomes di cult if the data are stored in a non-standard format. As such,
instead of creating custom PyTorch data loaders that naively take NiFTi volumes,
all NIfTis were converted into ti slices using Python and Pillow prior to data in-
gestion. This conversion is losslessEach image has a unique identi er that relates
the image back to a particular patient (such as 10-imgl.ti, 10-img2.ti, 20-img1.ti ,
20-img2.ti , to indicate patients 10 and 20, respectively, where imgl and img2 refer
to two sequential slices within the MR volume). Slices from the same patient were not
used across the training/validation/testing splits and we ensure an equal male/female

balance for each split.

Synthetic damaged patient data was split into training, validation, and testing
sets based a user de ned fraction. We utilized a 60/15/25 train/val/test split (20960,
5240, 7860 images), where the data in each set was unique to a subset of patients.
We trained each model with 80 EPOCHS. An initial learning rate of = 10 4 was
used and reduced by an order of magnitude every 10 EPOCHS if the average training
loss stagnated with a di erence of 0.5% compared to the loss at the beginning of the
10 EPOCHS. Adam optimization was used during stochastic gradient descent with
weighted binary cross-entropy loss [75]. Dropout probability of 0.40 was used since

this showed the best test-time results. We chose a batch size of 16.

During training and validation procedures, data were exposed to a set of random
a ne transformations including rotation between [-45, 45°], scaling from [1, 1.3], and
horizontal ipping with probability 0.50. All images were zero-padded to 192x192 to
meet geometric image constrains (i.e. need to be integer sizes of 64*n) for proper CNN
processing [73]. To ensure that models were comparable, the training/validation/test
sets contained proper subject partitions and these sets were the same across models,

but data augmentation during training was kept random to reinforce diversity. A

3Loading a NiFTi image using nibabel [74], extracting the data using nib.get fdata(), and com-
paring the stack of ti s to the NiFTi image using numpy.allclose(nifti, tis) produces equality.
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global seed of 1234 was set to ensure reproducibility. Data augmentation was applied
during test-time under speci ¢ conditions and discussed in section 5.3. Each of the
training, validation, and testing pipelines can be seen ismp.main.py, Appendix A.

Test-time performance was evaluated through the Dice score with various test-time

threshold conditions ranging from 0-1 with increments of 0.1.

5.3 Baseline Model Performance

The training / validation BCE loss as a function of the epoch for the three models
used for the ensemble is shown in gure 5.3. Validation loss is expected to be noisy
compared to training loss as we are optimizing on the training set explicitly. Tempo-
rary spikes in the validation loss, as seen in Densenetl21 at epoch 63, can occur if the
local minima at the current epoch does not generalize as well as the minima at the
previous epoch. If the validation loss continues to follow the training loss after such

a spike, the model has deviated away from this sub-optimal minima.
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Figure. 5.3. BCE Loss vs Epoch for ResNet101, Vggl9, and Densenet121 models for 80
EPOCHS. All models are shown to have trained well as training and validation loss agree
over all EPOCHS.

To succinctly communicate Dice score performance of each model and the ensem-
ble during test-time, the peak mean Dice score (PMDSC) for each distortion value
can be reported. The PMDSC is the largest average Dice score evaluated over the
entire test-set after checking the [0-1] probability threshold range. The threshold is
applied to convert the output activation maps to a binary prediction and thus, a single
threshold must be chosen in order to compare the model prediction to its correspond-
ing label. The PMDSC provides a simple way to communicate model performance

independent of threshold. This rationale is based on the ideal that if a model were to
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be clinically deployed, we would either x the test-time threshold value where we ob-
tain optimal segmentation accuracy during testing, or implement a threshold slider for
the user during inference. Further discussion regarding the derivation of the PMDSC

is reported in Appendix B.

The DSC of each model and the ensemble as a function of the test-time threshold
prior to augmentation is shown in gure 5.4. Model DSC performance at a particular
threshold is calculated by taking the mean DSC over the entire test-set. Normalized
baseline true positive rate (TPR), false negative rate (FNR), false positive rate (FPR),
true negative rate (TNR), Dice Score, and precision results for all models are reported
in table 5.3. Numbers in the table that have been bolded indicate the best value within
the column. The DSC reported in table 5.3 is the peak DSC for each model illustrated
in gure 5.4. Absolute pixel quantities are provided in table 5.4, where it should be
noted that the number of FPs greatly exceeds the number of TP for all models. This
is hypothesized to be attributed to the models over-predicting lesion size for small

lesions, but further work should investigate this result.
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