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Abstract

Chest x-rays are a vital diagnostic tool in the workup of many patients. Similar
to most medical imaging modalities, they are profoundly multi-modal and are
capable of visualising a variety of combinations of conditions. There is an ever
pressing need for greater quantities of labelled images to drive forward the
development of diagnostic tools, however this is in direct opposition to concerns
regarding patient confidentiality which constrains access through permission
requests and ethics approvals.

Previous work has sought to address these concerns by creating class-specific
generative adversarial networks (GANSs) that synthesise images to augment
training data. These approaches cannot be scaled as they introduce computa-
tional trade o [Sbetween model size and class number which places fixed limits
on the quality that such generates can achieve.

This project addresses these concerns by introducing latent class optimisa-
tion which enables e [cieht, multi-modal sampling from a GAN and with which
a large archive of labelled generates is synthesised. This project applies a Pro-
gressive Growing GAN (PGGAN) to the task of unsupervised x-ray synthesis
and has radiologists evaluate the clinical realism of the resultant samples. An in
depth review of the properties of varying pathologies seen on generates as well as
an overview of the extent of disease diversity captured by the model is provided.
The application of the Fréchet Inception Distance (FID) to measure the quality
of x-ray generates and find that they are similar to other high resolution tasks
is also validated. X-ray clinical realism is quantified by asking radiologists to
distinguish between real and synthesised scans with the finding that generates
are more likely to be classed as real than by chance, however, there remains
progress required to achieve true realism. These findings are confirmed through
the evaluation of a synthetic classification model performance on real scans.
The project concludes with a discussion the limitations of PGGAN generates
and how to achieve controllable, realistic generates in future work.
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Chapter 1

Introduction

The chest radiograph (CXR) is the most common diagnostic radiological pro-
cedure [1] and is commonly used to screen, diagnose or monitor conditions
across a variety of clinical contexts. This ubiquity has resulted in substantial
research interest in the automated diagnosis of such Ims [2, 3, 4], with a recent
surge in activity due to the COVID-19 pandemic [5, 6, 7]. State-of-the-art
(SOTA) models are capable of radiologist-level performance across a subset of
pathologies in only a fraction of the time needed for human review [4, 8, 9]. This
activity in CXRs represents a section of the development of Computer Aided
Diagnosis (CAD) systems that aim to provide tangible bene t to clinicians and
patients alike by reducing diagnostic turnaround times, minimising errors, and
supporting the clinical decision making process [9, 10]. Large scale, anonymised,
public imaging datasets underscore these e orts by providing the necessary clin-
ical data for the training of CAD models [8, 11, 12]. The development of these
archives is both time consuming and costly, requiring extensive expert labelling
and anonymisation of patient protected information prior to release. Radiology
reports produced during clinical practice are typically used as surrogates for
expert review and are mined for diagnostic labels [4, 8, 9]. Anonymisation
of images involves the detection of annotations containing protected patient
information such as names that may be contained within the pixel data, or
the removal of metadata that may be contained within digital imaging and
communications in medicine (DICOM) les [11]. This process does not adjust
the image data of a particular scan, which may result in patient re-identi cation

if visual elements of the image are rare.

Medical imagery exhibits multi-modal long-tailed distributions with signi cant
heterogeneity in the presentation of similar disease patterns due to equipment,
scan technique, and patient variability [13]. This issue is demonstrated by most
large CXR archives as they are limited to a single clinical site which reduces the
captured variability of the factors of heterogeneity [13]. The resulting sparsity
of training data has obvious implications for making the development of robust
diagnostic models more challenging. In addition, alterations in protected pa-
tient information such as sex, age, ethnicity, and socioeconomic class have been
demonstrated to produce biases in diagnostic performance not signi cantly
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explained by variations in disease prevalence with improvements only seen with
usage of multi-source image datasets [14].

There is a clear need for methodologies capable of resolving this data dis-
parity while retaining or even augmenting privacy. Generative adversarial
networks (GANSs) have received signi cant attention as a potential solution for
their ability to synthesise medical images [15, 16, 17] without compromising
patient con dentiality as they learn to replicate the source distribution without
access to the underlying training data [18]. GANs capable of high delity image
synthesis would address data challenges in machine learning and in medical
education and training by:

" creating datasets that do not compromise patient con dentiality, but
provide the same diagnostic outcomes;

"~ providing class-balanced datasets;

A

generating augmented images by semantic variation in visual content
without altering the diagnosis; and

" synthesising images with speci ed target pathologies

This project serves to comprehensively evaluate the medical plausibility of
synthetic CXRs as well as their applications to diagnostic radiology; In pursuit

of this, the dissertation evaluates the Progressively Growing GAN (PGGAN) [19]
methodology applied to generate multi-modal, megapixel resolution CXRs.
Domain expert examination of the properties of generated images as well as a
review of expert discrimination between real and generated samples is provided.
In addition, this project includes the following research contributions:

" an evaluation of the applicability of the Fréchet Inception Distance (FID)
for automatically evaluating x-ray generates;

N

a proposal for extracting images for a speci ¢ pathology through a modi-
ed latent space search;

" a proposal for generating patient image series through local pathology
sampling; and

" an evaluation of the performance of synthetic image datasets derived from
multi-modal generators.

Project source code is available [20], as well as model weights and a collection
of labelled generated images [21].

LAn ethics waiver was issued for this work by the Human Research Ethics Committee
(Medical) of the University of the Witwatersrand, Johannesburg on 11/08/2020.




CHAPTER 1. INTRODUCTION

1.1 Problem Statement

The advancement of CAD systems requires the development of techniques capa-
ble of resolving the seemingly incompatible tasks of increased data availability
and improved patient privacy. GANSs o er a potential solution to both problems
through the synthesis of high resolution anonymous surrogates. Current ap-
proaches to the implementation of GANs are limited by an inability to control
multi-modal conditional image generation as well as the resolution of current
systems. CXRs, as well as many other medical image domains, are inherently
multi-modal and require a broad solution capable of producing high delity
samples from a single GAN, as the training computational requirements render
it infeasible to produce class-speci ¢ networks.

1.2 Research Objectives

This dissertation aimed to evaluate the realism of synthetic chest x-rays pro-
duced via a PGGAN architecture. This overarching goal is achieved through
the following objectives:

1. Train a PGGAN in an unsupervised manner to generate x-ray images;

2. Train an x-ray diagnostic model for identifying pathological features
present in x-ray images;

3. Evaluate the diversity of pathological features identi ed within randomly
sampled generated x-rays relative to the source dataset;

4. Review of the realism of features seen in generated x-rays relative to their
original, real counterparts by a domain expert;

5. Conduct an experimental study to evaluate the degree to which synthetic
x-rays are classi ed as real by domain experts;

6. Develop a method for broad multi-model class generation from a single
trained GAN; and

7. Evaluate the performance of a diagnostic model trained using synthetic
class generates compared to the baseline trained with the real dataset.

1.3 Dissertation Outline

This dissertation is composed of ve chapters each of which are described here:

Chapter 1 : This chapter provides a background on CXRs, GANSs, and the
necessity for methods capable of improving data access while improving patient
protection. In addition, it includes a description of the problem statement as
well as the research objectives.
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Chapter 2 : The literature review is contained herein and provides a compre-
hensive overview of the eld of deep learning as well as its applications for
image generation and classi cation. Particular focus is given to contextualising
the techniques employed throughout the dissertation.

Chapter 3 : This chapter explains the data source used for all experiments as
well as outlining the methodology employed in constructing the computational
models used for both generation and classi cation. Hyperparameter and train-
ing con guration details are included for model development.

Chapter 4 : The experimental outcomes are included in this chapter. The
contents each discuss the results in the context of an element of the research
objectives. A demonstration of the various properties of generated images are
included. The chapter concludes with recommendations for future work.

Chapter 5 : This chapter concludes the work performed.




Chapter 2

Background

2.1 Deep Learning

Machine learning (ML) is the study of algorithms and techniques that enable
computer programs to automatically improve through experience [22]. Deep
learning (DL) is a subset of machine learning that makes use of multiple
processing layers to facilitate programs adapting to utilise multiple levels of
abstraction. DL methods are a form of representation learning that constructs
representations from raw data through the composition of layers of di erentiable,
non-linear functions. These representations allow for the achievement of a
particular goal, such as object classi cation, in relation to the raw data that
may not be readily achieved with conventional machine learning techniques.
These functions are parameterised by the use of the backpropagation algorithm
which allows for the optimisation of functions with respect to a task of interest
via gradient descent [23]. The functions utilised are typically arti cial neural
networks (ANN) [23] which are computational frameworks inspired by the
connectivity inherent to the biological networks of animal brains that encode
representations in the interactions between neural nodes [24]. The exact
architecture of ANNSs is largely speci ed by the task of interest and is typically
informed by the properties of the data used in the task [23]. The advent of DL
has produced signi cant advances in machine performance across a variety of
domains such as speech recognition, visual object recognition, object detection,
and many others [23].

2.2 Generative Adversarial Networks

Generative Adversarial Networks are a class of implicit generative models
rooted in game theory, with the objective of training a generator to produce
samples indistinguishable from a source distribution [25]. GANs are typically
formulated by two networks in opposition to one another: a generatorQ)
whose goal is to generate plausible samples, and a discriminatbr)( whose
goal is to detect such samples. The generator operates by transforming a
sample from a noise vectorz) into a sample G(z)) which is similar to a chosen
reference distribution, with the training signal provided by how e ectively such

5
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a generate can fool the discriminator into classifying it as real. The discrimina-
tor operates by determining whether a samplex( belongs to the real P,) or

the generated Pg) distributions. This con guration optimally reaches a Nash
equilibrium when the generator produces samples indistinguishable from the
reference set and the discriminator can no longer learn to detect generates [26,
27]. A Nash equilibrium is a steady state solution in game theory wherein each
player knows the actions of the other players and cannot increase their own
returns by changing their chosen action [28].

The training of GANs to reach the Nash equilibrium remains an evolving
problem as the optimisation of such networks requires the minimisation of a
cost function in the hopes that a solution will be similar to the equilibrium.
Numerous alterations to the training setup and loss functions have been utilised
to improve sample quality and variability as well as the reliability of GAN
training convergence. These improvements have enabled networks to reliably
learn more complex distributions, convergence to the Nash equilibrium however,
is still not guaranteed [26, 27].

GANSs have been utilised for a variety of tasks, namely image-to-image transla-

tion [29, 30], image super-resolution [31, 32], and semantic image editing [33]
to name just a few. Perhaps the most common usage is that of image synthesis,
wherein a GAN attempts to produce images that mirror a reference image set

and can be applied to producing novel mixtures of elements from the set.

The technique was rst proposed by Goodfellowet al. [25], with the formulation
described as a two-player minimax game with the following value function:

mGin mDaxX EF>r [logD(x)] + , EPg[Iog(l D (G(2))] (2.1)

A minimax game refers to the objective of a player in such a game, wherein
they are tasked with nding an action that minimises their losses based on
the actions that their counterparts may take, or maximises their returns if the
actions of their counterparts are known. In games that are strictly competitive,
such as the GAN optimisation construct, a Nash equilibrium may be achieved
if and only if the chosen actions of all players are minimaximisers [28]. The
GAN value function constructs a strictly competitive interaction that similarly
may only achieve equilibrium if the individual networks select optimal minimax
actions. The discriminator's optimal play is to adequately separate out gener-
ates from reals, this minimaxes the return value by ascribing a high value for
reals in the rst term while minimising the ability of the generator to reduce its
reward in the second term by producing a low value for the generated outputs.
In contrast, the generator's objective is reversed and must minimise the value
function. This necessitates producing more samples that the discriminator
would classify as real and less that are clearly false. This would minimise the
second term and reduce the overall function as a result. In addition to this more
obvious goal, the generator has a more subtle ability to manipulate the overall
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value function due to the discriminator adapting to the properties of synthetic
samples. As the quality of samples more closely mirror the real distribution,
the training dynamics for the discriminator become increasingly erratic which
worsens its ability to con dently separate out the distributions, reducing the
value of the rst term. These objectives reach an equilibrium when generates
provide no information that can be utilised to discriminate them from real
samples and the discriminator simply ascribes equal likelihood for samples
to belong to either set. This state simultaneously minimises the potential
losses for the discriminator in the case of perfect generates and for the genera-
tor for an ideal discriminator. This can be seen to be a Nash equilibrium as
neither network can improve their returns by deviating from the given strategies.

The GAN value function for the discriminator is equivalent to the standard
cross entropy loss utilised in most binary classi cation tasks. This constrains
the score in the rangd0; 1], and can be thought of as the discriminator being
tasked with binary classi cation of a sample between being real {1} or synthetic
{0}. This converges fairly easily for the discriminator, however, as mentioned by
Goodfellowet al. [25], this often results in the generator's gradient for the term
log(1 D(G(2))), saturating with a resultant failure of convergence. Goodfellow
et al., instead propose training the generator to maximisegD (G(z)), as the
gradient it provides allows for more stable training when the discriminator
signi cantly outperforms the generator. Despite this attempt to circumvent
gradient saturation, the overall training process remains remarkably unstable,
with generator updates generally worsening as the discriminator improves [34].

Arjovsky & Bottou [34], discuss this instability as a result of the chosen
value function in association with the underlying distributionsP, and P, being
potentially disjointed or existing on non-overlapping lower dimensional mani-
folds. This formulation would then allow for the discriminator to nd a method

for perfectly separating the distributions, despite the manifolds potentially
lying arbitrarily close to one another. As a result, the samples produced, no
matter how broadly similar in appearance, would be discriminated and cause
unstable generator training as the gradient would saturate despite the prior
restatement of the optimisation problem. Arjovsky & Bottou [34], demonstrate
this phenomenon experimentally via a Deep Convolutional GAN (DCGAN)
model [35], trained to produce sharp, realistic images. The DCGAN [35] was a
step towards improving generated resolutions by making use of convolutional
layers as opposed to the fully connected approach of the original GAN [25].
Despite scale improvements, this modi cation did not resolve fundamental
problems with training instability that caused converge failures or mode drop-
ping [34]. These issues become more prominent with increasing resolutions as
the discriminator is more readily capable of detecting generated samples [19].
This signi cantly constrains the upper limit of resolutions that a DCGAN can
achieve. Despite the image quality achieved by Arjovsky & Bottou [34] with
the DCGAN trained using the standard value function, a new discriminator
can be trained to separate real from generated samples with perfect accuracy,
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despite the samples being grossly indistinguishable at the chosen resolution.

The restatement of the generator's cost function to maximise the discrimi-
nator's scoring of synthetic images, instead of minimising the detection of such
images has been demonstrated to alter training dynamics beyond the quality

of gradient information. The function penalises obviously synthetic samples,
however, it does not ascribe a signi cantly cost to mode dropping [34]. This

is an often seen property of GAN training wherein the variety of generated
samples decreases as training progresses as the generator selects for images that
appear the most realistic at the expense of class diversity. In extreme cases
this may lead to mode collapse, where only an extremely limited number of
samples can be produced despite a variety of latent space samples.

The overall optimisation problem is related to the original GAN formulation
(2.1). This cost function equates to minimising the Jensen Shannon Divergence
(JSD) (2.3) of P, and Py [25]. The JSD is a symmetrical, nite metric derived
from the Kullback-Leibler Divergence (KLD) (2.2) for each distribution. The
KLD measures the amount of information lost from a distribution compared to
a reference distribution. Minimising the KLD is in keeping with the goals of
GAN training, as it would promote one distribution to approximate another,
however, the divergence itself is not symmetrical as it provides di erent values
dependent on which distribution is the reference [36]. The JSD resolves this
by taking the sum of KLD from each distribution against an average reference
distribution, e ectively producing a symmetrical metric that can be utilised as
a distance.

X )
D (PkQ) = P(x)log )

_ P(x)
2 Q(xi)

P (x) log de (2.2)

D35(PKQ) = 5Dic (PKM) + SDic (QkM): s
M= 2(P+Q) |

Both divergence values tend towards their upper bounds if the supporting
manifolds of the distributions do not perfectly align. This occurs as there is a
complete distinction between the distributions that may be exploited by the
discriminator which will result in complete information loss [34].

Demonstrating how a perfect discriminator would cause the metrics to tend
towards their upper bounds: Given the aforementioned separation, a real image
would have a non-zero probability assigned by the discriminator as belonging
to the real set (°;(x) > 0) and a zero probability of belonging to the generated
set (Py(x) = 0). When the considered distribution,P,, is non-zero and the
reference,Py, approaches zeroKL (P, (x)kPg(x)) = + 1 . The same would

8
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be true for a generated image, as a discriminator would provide a non-zero
probability of belonging to the generated setRy(x) > 0), and a zero probability

of belonging to the real set,(x) = 0), producing a similarly in nite result,
KL (Pg(x)kP;(x)) =+ 1 . The JS divergchce as a result can be calculated given
that M = %(Pr (X) + Py(x)), and Dx. =  P(x) log %dx, where P(x)

is either the real or generated distribution based on the term of the distance
calculation. Irrespective of which is selected, the distinction between the two
necessitate that one remain non-zegfo, while the other is zero. Simplifying the
expression producesDy, = log(2) P(x)dx. The integral of a probability
distribution is one, as suctDy, = log2, with the same result for the other term,
with a resultant: D ;s = log2. This demonstrates that a superior discriminator,
able to readily separate the distributions, provides no useful information to the
generator that can be utilised for resolving the distinction between sets, and
necessitates that an alternative value function be utilised.

2.2.1 Wasserstein GAN

Given the aforementioned di culties with the standard JSD for training GANS,
Arjovsky et al. [37] propose the use of the Wasserstein metric (2.4), also
known as the Earth Mover Distance (EMD), as an alternative cost function,
a formulation they refer to as the Wasserstein GAN (WGAN). The EMD is
a distance metric comparing two distributions and is intuitively understood
as the optimal transport plan for converting the one distribution to the other.
The metric considers some transport cost(x;y), which computes the cost in
the range,[0; 1 ), to transfer a unit from point x to point y. A transport plan,
(X;y), returns the quantity to be moved fromx to y that will be incurred at
the per unit cost. The EM distance considers the greatest lower bound on the
set of the costs of the possible transport plans that convert one distribution to
another. This restricts the set of plans to only those which transfer the entire
mass of the distgipution. This necessitates that the mass shifted frombe the
total mass ofx, 5 (X;y)dy = Py, and the total mass transferred toy be the
total mass ofy, (x;y)dx = Py. This is equivalent to de ning a bivariate
efobability distribution with marginals equivalent to the two distributions,
(Px; Py) [37, 38]. The overall cost is then the sum of transport costs and
the amount to be transferred at each location, c(x;y)d (x;y). In terms of
the EM distance, the cost is set as the Euclidean distance between points and
the mass as the probability of a given point. The metric therefore computes
the weighted sum of the probability and distance of each data point from the
optimal locations necessary to recreate a reference distribution. This allows
the restatement of the distance in terms of the Euclidean norm as used by
Arjovsky et al. [37]:

Dw (PP = ,df  Euy ke k) 2.4

Arjovsky & Bottou [34] initially propose the application of the metric to the
development of GANSs as a potential remedy to minimizing the distance between
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real and generated distributions in the context of the shortcomings of the JS
divergence. The construction of such a model is however only provided in
a later work by Arjovsky et al. [37]. In contrast to the aforementioned cost
functions, the EM distance is shown under mild assumptions to be continuous
everywhere and di erentiable almost everywhere, while remaining a weaker
divergence than the other common functions. This allows the convergence of ap-
proximations that would fail to converge under conventional value functions [37,
39], and would enable the training of a generator even with imperfectly aligned
distribution manifolds and a superior discriminator.

The overall bene ts of the EM distance are limited by the original formu-
lation being potentially intractable and an optimisation problem in itself [37]
as this prohibits its application as cost function for model training. To re-
solve this, the distance is rewritten under the Kantorovich-Rubinstein duality
(2.5), wherein the initial in mum problem (2.4), is restated as the supremum
over the di erence between all 1-Lipschitz functions for both distributions. In
other words, the duality restates the problem as the least upper bound of the
di erence of all functions with a derivative of less than one that operate on
both distributions. This alternate formulation has been shown to be almost
equivalent to the original formulation in Equation 2.4 [37]. Utilising this calcu-
lation for the training of GANs relies on the discriminator's parameters being
enforced to be Lipshcitz constrained. The method employed by Arjovslet
al. [37] clips the weights of the discriminator in the rang¢ c;+ c], with the
value of ¢ being included as a network hyperparameter. The discriminator
is additionally modi ed to provide the nal logit scores instead of a binary
classi cation for each sample. This alteration is called the critic as it is no
longer trained to classify and instead provides an unconstrained score for a
particular image. This alteration is achieved by removing the nal sigmoid
layer from the discriminator [37]. The modi ed value function of the WGAN is
shown in Equation 2.6, withD referring to the set of 1-Lipschitz functions [39].

Dw(P;Py)= sup E[FO)]  E If(y) (2.5)
kfk, 1% Px y Py
mGin max EPr [D (x)] , Epg[D (G(2))] (2.6)

The WGAN formulation allows for far more stable training of GANs, however,
the choice ofc can signi cantly impair training and requires careful selection
based on the critic's architecture. In addition, very deep WGAN models often
fail to converge as the capacity of the network is underused due to the weight
clipping limitation [39]. Searching for an optimal value forc is similarly di cult

as the training time and costs generally scale with network depth which results
in signi cant barriers to performing multiple runs to evaluate potential values.
As a solution to this, Gulrajani et al. suggest a modi ed loss function utilising a
gradient penalty (GP) multiplied by an alternate hyperparameter, the penalty
coe cient (). The gradient is calculated between random sampleg)(drawn
along straight lines from the generator and data distribution. This sampling
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procedure is typically achieved by producing a batch of real and generated
images and combining them by randomly interpolating each pixel between the
two sets. The degree of interpolation () is chosen for each image in the range
[0; 1], with the resultant sample ) being the sum of the interpolation and its
inverse multiplied by the real and generated images = Xr + (1 ) Xg.
The critic is used to score this resulting batch with the Jacobian then determined
from this score with respect to the input samples. The Euclidean norm of
this Jacobian is then utilised as a proxy for direct Lipschitz constraints of the
magnitude of the derivative, as for a 1-Lipschitz function, the norm can be at
most 1 [39]. This so-called WGAN-GP method preserves much of the networks
capability and results in improved training time and sample quality compared
to the baseline WGAN [39]. The value function of the WGAN-GP is shown in
Equation 2.7.

minmax E [D(X)] E [D(G@)+ E [(kr DRk, 12 @27

2.2.2 Progressively Growing GANs

The WGAN-GP method allows for the training of deeper adversarial pairs that
are able to produce higher resolution samples at greater quality than prior
approaches. However, practical issues remain in that while it may be possible
to train such a network, the time to convergence may be excessive. Karras
et al. [19], present a methodology to train a GAN by progressively expanding
the scale of the network outputs. The network initially generates 4x4 images
until convergence, this is then followed by a doubling of the spatial resolution
of generates. Every scale increase is accompanied by a period of mixing a
nearest-neighbour upsampled version of the previous layer with the new layer
output. The prior layer is mixed in a linearly decreasing fashion until the new
layer is used in its entirety. The new layer is then trained exclusively until
stability and then the scale increased again until the nal desired resolution is
attained.

In addition to scaling the generation process, there are several other tech-
niques also used to stabilise training and promote image variability. As part of
these, the network employs layers modi ed to utilise equalized learning rates
and normalises feature vectors in the generator to limit excessive signal ampli -
cation. Normalisation is applied after each convolution and activation function
pair in the generator. This is performed by "Local Response Normalization'
(2.8) [40], wherein the value of a pixel in a feature map is normalised with
respect to the other maps in the same layer. This is referred to as a form of
brightness normalisation which prevents signal escalation in the generator that
may dominate the resulting images. The exact implementation by Karrast

al. [19] is simpli ed from the original which maintains several hyperparameters
to tune the normalisation process. Equation 2.8 instead, simply divides the
pixel values @) at a particular co-ordinate (x;y) by the root of the average
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value across all layersN ) with an additional small value () utilised to prevent
potential zero division.

a..
b(;y = ¢ S Xy (28)

PN o1,
T i =0 (ay)? +

Equalised learning rates are enforced by the use of He's Initialisation [41].
This initialises the weights of a particular layer to a zero-centered Gaussian
distribution with a standard deviation seen in Equation 2.9, the biases are
initialised to zero. The standard deviation is determined by the number of
incoming connections to a particular layer ;). In terms of a convolutional
layer, this is the dimensions of the kernel squared?) multiplied by the number

of incoming channels C;,). For a linear layer, this would just be the output
dimension of the layer. Initialising weights in this manner improves ReLU-based
network convergence time and improves the training of very deep networks.
Networks with improperly con gured weights may exhibit di culties with
signal propagation due to uncontrolled attenuation or ampli cation of input
values, a problem that worsens as the number of layers in the network increases.
This phenomenon may impair or, in some cases, prevent the training of such
networks [41]. He's Initialisation therefore improves signal propagation at the
onset of training, but does not guarantee this relationship beyond the initial
weight update as it provides no constraints on how the network updates its
values. In response to this, Karra®t al. instead implement the relationship
as a constraint on the weights of an individual layer, a process they refer to
as learning rate equalisation. This modi cation scales the weights of a layer
on each forward pass to maintain an equivalent dynamic range by dividing
the weights by (2.9). The weights are initially sampled from a zero-centered
normal distribution with a standard deviation of one,N (0;1). This at the onset

Is equivalent to a standard He's Initialisation as the unit normal distribution is
scaled to be a zero-centered Gaussian with standard deviation As training
progresses, the weight values will be updated and continuously scaled by this
constant, ensuring that the dynamic range of each layer remains equivalent.
This improves the performance of adaptive optimisation techniques [42] to
update the network, as it ensures that that the scale of update remains the
same across layers, therefore equalising their learning rates [19].

r

(2.9)

2
oon
Image variation, while partially addressed through the selection of a cost func-
tion that minimises mode dropping [37, 39], is improved upon by introducing
minibatch discrimination to the critic. This relatively simple concept, calculates
the standard deviation of features extracted by the critic across a minibatch
as an additional channel to be included in image scoring. This promotes
the creation of images with a similar level of variation as that found in real
image samples and in so doing, penalises aberrant behaviour such as mode
dropping [19].
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The nal element of the PGGAN formulation is the modi ed cost function,
which is the same as the WGAN-GP function (2.7) with an additional drift
term utilised to discourage the critic's score from becoming excessively large.
This is included as a small weight (3t ) on the square of discriminators output
for real images.

minmax E D] EDG@)F E [k :D@K 17T+ wn E D(X)]
(2.10)

Figure 2.1: Training con guration for the PGGAN. The network trains until
convergence on each scale, then doubles the spatial resolution. Each upscale
operation has a period of time wherein the output is a mixture of the lower
resolution output nearest-neighbour upsampled and mixed with the newly
scaled output. The proportion of overlap is decreased linearly until only the
scaled output is considered. This stabilises the growing process by preventing a
period of training where generator outputs suddenly become signi cantly worse
and may lead to a discriminator advantage.

Limitations of the PGGAN framework are discussed in later work by Karras
et al. [43, 44], in which they modify the structure of the PGGAN to utilise
style-based techniques to produce additional improvements in image quality
and variation. As part of this work, Karras et al. note that the typical net-
work's only source of stochastic variation arises from the initial latent space
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sample. This results in the consumption of network synthetic capacity to
preserve variation for later image scales, causing repetitive patterns in images
with a loss of variability at greater resolutions. In addition, the progressively
growing technique itself is known to result in phase artifacts with sections of im-
ages becoming xed in preferred locations from training at lower resolutions [44].

Phase artifacts are a direct rami cation of the assumption allowing the tech-
nique to function. The step-wise enlargement of spatial resolution allows the
network to progressively learn scale-speci c features and can be considered a
contemporary to a design heuristic of starting with the broadest level of detail
and slowly including ner properties. Implicit to this, is the understanding
that the larger details de ne regions where smaller details can be included,
and as result, if there are limitations to the placement of broader details,
this propagates to the placement of smaller features even if there are no such
limitations on these features. Phase artifacts result from location selection
limitations in the early generation process, as the initial model is able to de ne

a handful of broad regions for subsequent layers to utilise. This initial selection
results in regional biases in the positioning of image details which may become
apparent in produced images that do not demonstrate full spatial variability.
Examples given by Karraset al. [44] when applied to synthetic human face
generation, reveal xed zones where the model places properties such as eyes or
mouths across a number of di erent images. This at times produces challenges
to image coherency when regional preferences limit the degree to which the
model is capable of adapting to alterations in perspective. Similar examples
show xation of teeth despite positional shifts of the head, resulting in a subtle
implausible distinction between the orientation of parts of the image.

2.2.3 Image Quality Metrics

The automated evaluation of the quality of medical imagery is a diverse eld
with a variety of available methods dependent on the evaluation task at hand.
These methods are typically divided into full, reduced, and no reference assess-
ment methods. Full reference methods typically evaluate degradation of an
image against a source. This may take many forms, from directly comparing
pixel values, signal to noise ratios, or to assessing structural or feature similari-
ties. Reduced reference methods evaluate alterations in images against natural
image statistics and are typically used in nding distortions in transmitted
images. No reference methods only compute elements of a given image to
produce a quality assessment and are similarly utilised for transmitted images
where no reference may exist [45]. Utilising standard full reference methods for
synthetic image evaluation is di cult as while the images may closely resemble
the source image distribution, the generator does not have direct access to
the distribution and as such does not reproduce any particular image. This
precludes the use of standard comparison techniques as even structural or
feature similarity metrics are intended for comparison of matched images.

The FID is a metric intended to provide a solution for evaluating the quality
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of generated images [46]. It functions by embedding a set of real and synthetic
images in the nal average pooling layer of an Inception Net [47] pre-trained
on ImageNet [48]. The sets are assumed to be multivariate Gaussian dis-
tributions with the average and covariance of each utilised to calculgte the
Fréchet di,_s,tance (2.11), also known as the Wasserstein-2 distan¢ep,; 5 )
and ( p,; Pg) refer to the mean and co-variance of the real and generated
distributions respectively.

X X X X
+Tr( P)+ Py 2( P Pg)?)

(2.11)

2

This distance re ects the di erence in the average features extracted from each
image set based on the learned kernels of the Inception Net model. This is
broadly similar to the feature-based full reference quality assessment metric,
yet is capable of application to unpaired images by considering the average
combination of features in both sets. The distance has been demonstrated to be
consistent with human judgement of visual quality and more resistant to noise
than prior approaches [46, 49]. The FID is sensitive to class mode dropping,
with distances increasing with greater class discrepancies between the two sets
as the average set of features begins to di er. Despite this sensitivity, the FID
reports ideal results if a model reproduces the training samples perfectly [49].
The use of the FID for medical images requires the underlying Inception model
be capable of extracting features to adequately represent and compare sets
against one other. This may be problematic given that x-rays are distinct from
the classes found in ImageNet.

Human eYe Perceptual Evaluation (HYPE) [50] in contrast to the aforemen-
tioned automated approaches, standardises the human evaluation of model
generates by considering either the time necessary to discriminate between real
and synthetic images (HYPE ) or the average error rate given unlimited
evaluation time (HYPE; ). The HYPE;yne metric evaluates the time threshold
necessary to distinguish images by altering the amount of time an image is
shown based on prior performance. Correct responses reduce the allocated
time while incorrect answers have the opposite e ect, the net result being
convergence towards the average time threshold necessary to maintaisC&
error rate for the detection of generates. HYPE, in contrast, provides an
evaluator unlimited time to make a determination and scores them on the
average error rate across both real and generated sets. Both methods have
been demonstrated to produce results that are capable of reliably separating
out di erences in model performance, however, are limited in their ability to
quantify broader properties of generates, such as overall variability.

In addition to the already mentioned quality measures for generated images, an
important element to examine, beyond quality estimates, is the performance
of models developed using synthetic data applied to the original task of in-
terest. Shmelkovet al. [51] propose the GAN-train metric, which evaluates
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the classi cation performance of a model trained exclusively on synthetic data
and then run on the original test set. This method quanti es the e ective

di erence between synthetic and real datasets on a benchmark task of interest
and provides important information regarding the extent to which the model
captures signi cant features of the underlying data distribution. This inherently
requires a model to be capable of creating data in the same manner as the
classes used for the original classi cation task.

2.2.4 Synthetic Medical Data

There is an abundance of work that aims to adapt GANs for resolving data
disparities via data generation while improving both patient con dentiality
and model performance. In the pursuit of this, synthetic medical data aims
to capture information of diagnostic utility while eliminating the possibility of
patient re-identi cation [52]. Park et al. utilise GANs to produce anonymised
clinical data tables that are interoperable with model architectures applied
to standard tables, yet can be shared without concern of violating patient
privacy [52].

Other works have successfully applied DCGANs for dataset augmentation
in various CXR classi cation tasks. Moradiet al. focus on generating both
normal and cardiac abnormality images, they nd that GAN-based augmen-
tation outperforms traditional training augmentation of ipping, cropping, or
scaling images [53] . Salehinejaet al. expand upon this concept by producing

a per-class DCGAN and utilising generates to balance classes for a more diverse
performance improvement [16]. Both approaches demonstrate the potential
bene ts GANs o er for dataset augmentation, however they are handicapped
by the need for per-class models. Training a model per class is computationally
prohibitive and fails to capture the interactions between pathologies that may
be exploited to improve diagnostic accuracy.

Beyond CXRs, PGGANs have been applied to generate other high resolu-
tion medical images. Beergt al. demonstrate the applicability of the method
for creating high delity reproductions of the retinal fundus and MRI slices of
gliomas [15], while Togeet al. produce patches of x-rays of gastritis [17]. Both
implementations introduce domain-speci ¢ modi cations. Beer®t al. include
segmentation maps as additional channels for fundal images to enhance the
generation of features relevant to the diagnosis of retinopathy, while Toga al.
introduce a conditional loss at higher resolutions to promote the distinction
between gastritis and normal tissues. Korkinoét al. synthesise high resolution
full- eld mammograms and provide comparisons of generated and source im-
ages, noting that the images appear similar with the preservation of several
common tissue artifacts [54]. Bowlest al. augment CT and MRI data with
synthetic slices and observe improvements in segmentation performance [55].

Despite signi cant variation in both domain and task, most medical image
GAN implementations are constrained to the production of individual classes

16



CHAPTER 2. BACKGROUND

or random samplings from the latent space with little control over generated
content. Tasks that involve images simultaneously belonging to multiple classes
are typically resolved by splitting the task into a number of binary classi cation
exercises with a GAN trained and utilised for each class.

2.3 Image Classi cation

Image classi cation is a computer vision (CV) task wherein a set of labels are
assigned to an image based on the recognition of semantic content from within
the frame [56]. Historically this was performed using hand-crafted feature
extraction techniques such as histograms of orientated gradients (HoG) [57] or
scale-invariant keypoints (SIFT) [58]. Features are small descriptive properties
of images that are used to identify the classes to which an image may belong [59].
Traditional feature engineering requires extensive per-class experimentation to
isolate elements useful for class identi cation, a process that scales exceedingly
poorly with the number of classes in the set [59]. DL, in contrast, o ers an
end-to-end approach to image classi cation. This involves providing an ANN
with images and labels, then training the network via backpropagation [23].
The backpropagation algorithm enables an ANN to automatically discover
features useful for class discrimination without human oversight [23]. This
mechanism is capable of producing models that outperform human evalua-
tors in substantially less time than that taken with conventional approaches [59].

Taking an image as an input compared to already extracted features may
result in millions of pixels needing to be addressed. Standard fully-connected
ANNs become unwieldy if applied directly, as they would require even more
parameters than the input dimensions to be useful for classi cation. Modern
classi cation networks instead typically employ convolutional neural networks
(CNN) [60] as a means of e cient classi cation without excessive parameter-
isation. These introduce inductive biases inherent to the 2D topographical
structure of images to constrain the network scale while preserving or augment-
ing performance [61].

A vital component of CNNs is the exploitation of translation invariance and
local connectivity. Translation invariance means that the semantic content of
an image is una ected by shifts in the pixel coordinates, i.e. a picture of a
cat remains one no matter where in the image the cat appears [62]. Locality
uses only regional information in the vicinity of each pixel in the early layers
of the CNN, as these usually form highly correlated local motifs that may be
easily recognised [23]. Numerous layers then allow for these local features to be
combined across a range of scales and promotes the hierarchical representation
of features within the CNN. The combination of these properties mean that it

is unnecessary to have a unique node for each input pixel, and instead make it
possible to have a set of weights that act locally and repeat across the entire
image [62, 63]. This is achieved through a convolution operation (2.12) using a
parameterised kernel K ) that is applied to each pixel §;j ) in an image () and
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encodes information from the surrounding region, with the size of the region
determined by the kernel's dimensionsng; n).
X X
SGEj)=(K 1)(ij)= I(i m;j n)K(m;n) (2.12)

m n

The repeated application of the kernel results in a substantial reduction in
parameters as the network shares a single set of weights across multiple lo-
cations. Stacked kernels with intermediate non-linear functions allows CNNs
to progressively encode more complicated structures until they are capable of
adequately recognising elements necessary to classify an image [61]. Pooling
operations may also be included after several convolutional layers and serve
to augment translation invariance. These operations subsample the spatial
dimensions of the extracted features within a region. The exact downsampling
mechanism varies, however, often involves selecting the maximum value (max
pooling) or taking the mean (average pooling) from within an area. This
process combines the contribution from several related regions of the source
image and results in further invariance to local translations [61].

Despite signi cant modi cations to improve the e ciency of CNN training,

the computational resources needed are still immense compared to traditional
CV techniques. This overhead typically requires specialised hardware, such
as graphics (GPU) or tensor processing units (TPU), to allow for reasonable
development times [59]. In addition, DL techniques are famously opaque
and su er from limited interpretability in determining the cause for various
predictions. This may cause unexpected model behaviour or the unconscious
introduction of predictive biases that may be di cult to detect [64].

Modern CNNs saw a resurgence with the advent of AlexNet [40], an extension
of the original CNN architecture [60] applied to the ImageNet challenge [48],
a classi cation task featuring over 15 million images. AlexNet demonstrated
substantial performance improvements over conventional CV methods and
was made possible by improvements in GPU performance that had hindered
previous CNN usage [40]. Further performance advances were achieved with
increased network depth alongside a switch in paradigm to constructing CNNs
from composable computational blocks. These blocks typically consist of a stack
of convolutional, non-linear, and pooling layers that perform progressive feature
extraction with each repeated block [65]. The number of blocks as well as the
number of convolutional layers within each block de nes the overall structure
of the network and allows for a more e cient network description [62]. At the
same time, others were experimenting with alternative feature extraction kernel
combinations. The then top performing variant, GoogLeNet, utilised several
parallel convolutions of varying size per block. This allowed for di erent feature
scales to be examined at once and overall lead to a reduction in parameters while
maintaining performance [66]. Despite these alterations in model construction,
the overall training of these networks remained slow and unstable, an issue
that only worsened as network depth increased. He initialisation [41] improved
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network training dynamics by providing a more stable starting point from
which to start optimising. This is achieved by randomly sampling weights in a
manner that prevents excessive alterations in signal magnitude within the early
network. He et al. [41] show that such initialisation improves convergence time
and overall performance, as they demonstrate the rst model to surpass human-
level ImageNet classi cation performance. In a similar vein, lo e & Szegedy [67]
propose a batch normalisation (BN) layer (2.13) for reducing the variability in
network dynamic ranges that may slow training by requiring per-layer learning
rates. This attempts to solve the same problem as He initialisation except BN
is able to function beyond the onset of model initialisation and can act as a
training regulariser [62]. BN operates at each intermediate network state by
normalising the output for an example X), by the mean (*g) and variance (*3)
estimated from the overall batch B). and act as a learnable element-wise
( ) scalar and bias respectively. A small value ) is included for numerical
stability when dividing. These parameters allow for the model to alter an
output from having a mean of zero and unit variance to whichever variant is
most appropriate for the task at hand [62].

N
BN(X)= p—2"_+ (2.13)
/\é +

Even with these improvements to neural network construction and training, He
et al. [68] note that standard network depth does not directly correlate to overall
performance. They nd that while deep networks clearly surpass conventional
results, the optimal layer depth is arbitrary and often degrades after a point.
This process is not due to network over-speci cation as the reduction is seen
in training as well as evaluation dynamics. The networks are simply less
performant than shallower variants. They attribute this phenomenon to the
baseline stacked convolutional structure not enforcing an identity mapping
between layers, this results in each layer developing a variant of the prior
layer's function without encapsulating the features it extracts. As a result
these networks are more di cult to train and do not guarantee performance
retention when layers are added. They resolve this through the introduction of
a residual block which adds the output of a layer to the identity of the previous
layer. These so named ResNets promote additional layers to learn residual
features that are not considered by earlier layers. This maintains performance
with greater depth and improves training by allowing for improved gradient
information for earlier network layers [68]. Huanget al. [69] expand upon this
technique in their DenseNet model by concatenating the outputs of all prior
layers as an input to each additional layer. This process allows for later layers
to learn relationships between features extracted at varying receptive levels
while further augmenting gradient information ow to the early network. This
reuse of earlier features allows DenseNet models to outperform ResNets with
several times less parameters [69].
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2.3.1 X-Ray Classi cation

Signi cant work of late has gone into utilising deep learning architectures for
screening and diagnosing diseases from medical images [2, 3, 4, 9, 70, 71].
Radiological studies are a core focus of a number of works with recent advances
surpassing radiologist-level accuracy in the classi cation and localisation of
certain pathologies when considering an image without any additional informa-
tion [4, 9]. In addition, feature heatmaps produced from deep learning models
have been demonstrated to augment radiologist performance [72].

Guendel et al. [73], achieved some of the highest published results on the
chestxrayl4 dataset [12] by re-purposing a pre-trained DenseNet121 model [69]
to diagnose x-rays. They train the model using a weighted cross entropy term
(2.14), with the weighting based on a positive class weighiyp, and a negative
class weight,wy . These weights are calculated based on the number of samples
with a speci ed label, N,, and those without, N,. This may be calculated
across the entire training set or per training batch, which given the method of
sampling, may di er in prevalence from the overall training set. Guendedt

al. [73], calculate weights per training batch and as a result, utilise a larger train-
ing size of 128 images to increase the likelihood of rarer conditions being drawn.
They utilise high resolution (1024x1024) input images that are downsampled
prior to classi cation. The downsampling is achieved by initialising two strided
convolutional layers with Gaussian Iters which maintain the number of colour
channels, but each halve the spatial resolution. It is worth noting that these
results were achieved by training on an additional closed image set to boost
performance.

Dce(Yer ¥c) = Wp Ynlog(¥e) + wn (1 yo)log(l  ¥);

P = 7N
Np (2.14)
N, + Np
W, = —
N N,

The weight calculations by Guendekt al. [73] are performed per batch, and
as a result the values uctuate with respect to the random sampling from the
training set. If one were to sample at random without replacement, as is the
norm, one would expect the overall weights to approximate the average ratio
found within the training set. This is the approach used by Rajpurkaet al. [4,

9] in their CheXNet [4] and CheXNeXt [9] models. They instead employ the
overall proportion of labels in the training set to produce a weighted cross
entropy loss per class as seen through the altered weight formulas in Equation
2.15.

WN = (215)
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The initial CheXNet model performed on par with radiologists for pneumonia
detection and the subsequent CheXNeXt ensemble performed at or above radi-
ologist level for the majority of conditions evaluated. The rst work made use
of a single DenseNet-121 model [69] to binary classify images into pneumonia
and non-pneumonia. The follow-up utilised an ensemble of ten such models, one
per condition, with a total of 69 million parameters. Both models binarise each
condition into an individual diagnostic problem by considering images with

a particular label as positive and all others, irrespective of co-morbid labels,
negative. This ignores the multi-modal distribution of labels across images
and prevents the networks from exploiting information from the relationships
between various conditions. Guendadt al. [73], in contrast, use a single network
to classify all conditions. This multi-label scheme includes separate labels for
the two included datasets despite an overlap of certain labels. Their results show
a signi cant improvement over the baseline set by Wangt al. [12] established
with multi-label classi cation when releasing the dataset. Their training on
an additional closed dataset serves as evidence that such an improvement is in
part due to common features being extracted by the network when attempting
to classify multiple conditions at once, as despite not collating related labels,
the overall classi cation performance improved signi cantly.

The di erent weighting approaches appear quite similar yet have di erent
training dynamics. Equation 2.14 applies a weight that increases the value of
each class in an inverse proportion to its prevalence. This scales each class to
have the same overall value for both positive and negative versions of the same
class and makes di erent classes overall equivalent as well. Equation 2.15, in
contrast, multiplies each class by the inverse's prevalence. This balances the
weight of positive and negative samples within a class but only ensures that the
positive and negative labels for each class are weighted equally, however, this
does not account for the di erence in prevalence for each label. This approach is
ideal for discrimination between binary classes, yet is problematic for multilabel
con gurations as the weights will be skewed by the di erent prevalence gures
for each label.

Overall, the state of deep learning has advanced rapidly within recent years.
This has resulted in a diverse method toolbox capable of tackling tasks from
classi cation, to clustering, to synthesis. SOTA classi cation models are capa-
ble of performing at superhuman levels if provided with su cient data, while
generative networks can now reliably produce multi-megapixel, high-quality
synthetic images. Healthcare applications tend to exploit the di culties in the
deployment of these systems by having limited data for designing solutions
to diverse, multi-modal challenges. The volume of available medical data is
constrained for a variety of reasons, however, an important consideration are
the numerous legal and ethical safeguards that restrict the sharing of patient
information. Furthermore, distributed data su ers from de cient annotation
diversity owing to the time, cost, and di culty of domain-expert labelling.

21



CHAPTER 2. BACKGROUND

GANs have for some time been thought of as a potential salve for these data
pain points, however, the method of application has not as yet proven clear.
Despite producing high-quality images and having demonstrated performance
improvements in medical image classi cation tasks, these two bene ts are more
often than not mutually exclusive for GANs. Surveyed methods are woefully
computationally ine cient, utilising a full GAN architecture per data class,

a process that cannot be sustainable given the number of potential labels of
which a healthcare-associated dataset may consist. Alternatives attempting
to condition GAN synthesis have found di culties with sustaining quality
for multilabel tasks, a common feature of the medical domain. Ultimately,
there is a need for the development of a technique capable of sustaining syn-
thetic visual performance across a range of classes without the need to train
multiple generative networks while allowing for the preservation of inter-class
relationships.
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Experimental Methodology

3.1 Data Source

The ChestX-rayl4 dataset is an update to the ChestX-ray8 dataset [12], a large,
open medical X-Ray dataset published by the National Institutes of Health
(NIH) Clinical Center. The dataset comprisesl12 120x-rays from 30 805unique
patients. The images comprisd5 classes, viz.:

~ No Finding " Hernia
" Atelectasis ~In ltration
~ Cardiomegal .
galy Mass
~ Consolidation
~ Nodule
" Edema
" . ~ Pleural Thickenin
E usion 9
~ Fibrosis ~ Pneumothorax

These images were collected from a clinical archive and should broadly re ect
the typical clinical prevalence of these conditions within the community served
by the NIH. 75% of images are normal investigations. The remainder are
made up of the various labels ranging from the most prevalent, in Itration
(10%), to the least, hernia (0.5%). The diagnostic labels are accompanied by
bounding boxes for feature localisation. These labels were created through
natural language processing (NLP) of the associated radiology reports and were
initially estimated to be over 90% accurate. This accuracy has been disputed,
with the visual content reviewed to not adequately match the proposed labels
for a number of investigations [74]. A modi ed set of labels was made available
by Rajpurkar et al. [9] as part of their work on pathology detection, wherein a
network was trained to classify images based on the original labels and then
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subsequently used to relabel the original dataset. These labels are available for
the majority of images with a residual manually labelled test set which has not
been released publicly.

The NIH dataset, license and publication can be found here:
https://nihcc.app.box.com/v/ChestXray-NIHCC

3.2 GAN Architecture

This work implements a modi ed PGGAN model [19] in Pytorch [75] and
performs training via Pytorch Lightning [76] based on the open-source imple-
mentation produced by Facebook Research and available through the Pytorch
Model Zoo!. The model is initially randomly instantiated and generates 4x4
images at the onset with progressively doubling of the spatial resolution after
convergence at each scale. Prior trained layers are mixed with the newly added
layers through upsampling with the proportion of the previous layer considered
reducing linearly as training progresses.

WGAN-GP loss [39], equalised learning rates, minibatch discrimination, and
pixel normalisation [19] are all utilised as part of model training. An expo-
nential moving average of the generator weights is maintained and used for
evaluation of synthetic performance. The model is trained up to a resolution of
1024x1024 with800 000images shown during each period of layer mixing and
a further 800 000for training of the added layers. All training was performed
on an Amazon Web Services (AWS) p3.8xlarge instance with 4 V100 GPUs.
Model training took 6 days.

3.3 X-Ray Classi cation

For labelling the various CXRs, a Densenet-121 [69] pre-trained on ImageNet [48]
is implemented with the nal fully connected layer replaced with a new layer
with the number of classes in the ChestX-rayl4 dataset. The model is trained
end-to-end in a multi-label con guration to predict all classes simultaneously
while making use of the weighted cross entropy function (3.1) implemented by
Guendelet al. [73]. The modi ed loss balances the frequency of positivé)
and negative () labels per class € based on the overall frequency within
the training dataset. This adjusts the loss to require the model to discriminate
equally between all classes which improves performance for rarer classes.

Dce (Yo ¥c) = Wp Yelog(¥e) + wa (1 yo)log(l  ¥o);
_ Np+ Np | _ Np+ Np (3.1)

W,
3 N, N,

N

https://github.com/facebookresearch/pytorch_GAN_zoo
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For training, a subset of the full dataset is extracted which includes only images
with modi ed labels from Rajpurkar et al. [9], These images are grouped at the
patient level and with the labels averaged across all images for an individual to
produce a summary of the average set of conditions per patient. The dataset is
then split into training, validation and test sets through iterative strati cation

of the average patient labels to maintain label proportions across sets while
ensuring no patient overlap occurs. Images are augmented with a°X6tation,
random horizontal ip probability of 50%, and colour jitter for brightness,
contrast, saturation, and hue of0:1. The model is trained using an ADAM
optimiser [42] using the default settings with an initial learning rate ofLl0 3,
which is reduced by a factor of ten if the validation macro-averaged Area Under
the Receiver Operating Characteristic (AUROC) curve fails to improve for
several epochs. Once model performance plateaus, it is evaluated on the test set.
This process is then repeated for the nal trained discriminator, replacing the
nal linear scoring layer with the number of classes and training the subsequent
classi cation model end-to-end.

3.4 Pathology Optimisation

Given the multi-modal nature of pathology contained within x-ray images, it

is not possible to utilise standard conditional GANs [77, 78] for label-speci c
image synthesis, as these typically require independent classes that can be
encoded and fed to the generator to control synthesis. Multi-modal constraints
are more consistent with text-to-image generation [79], which considers a vector
representation of the conditional text input that is semantically meaningful and
capable of providing a useful distance based on model predictions [77]. This
enables the discriminator to evaluate both image quality and similarity to the
conditional text input in scoring generates. These techniques are likely to be
problematic in the progressively growing formulation as the disease patterns
vary considerably in terms of scale of nding and in uence over the image as a
whole. As an exampleCardiomegalymay be evaluated simply by having the
cardiac border enlarged relative to the overall width of the chest cavity, whereas
Emphysemain contrast may have enlarged lung elds, attened diaphragms,
and a reduced apparent cardiac size. These features become apparent at
di ering resolutions and as such, attempting to condition this information
throughout training is likely to hamper performance.

These issues in multi-modal conditional training are sidestepped by instead
drawing inspiration from work on the embedding of images into the latent
space [80]. Embedding images requires the inversion of the generator. This
is typically performed either by training an encoder network that maps an
image to a location in the latent space or by gradient descent optimisation of a
random sample to minimise reconstruction loss [81]. This work opts to nd a
latent representation that maximises the corresponding image's classi cation
score for a label of interest. Optimisation is performed using a single label at
a time to allow for inclusion of related labels that would be consistent with
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the presentation of real multi-modal x-rays. The implementation is based
on the work on generator inversion for encoding images into the latent space
by Creswell and Bharath [80]. Pseudocode for such a method can be seen
in Algorithm 1 with a visual representation of this technique in Figure 3.1.
The process proceeds to produce class-representative images by optimising
the latent code for a generate that achieves a particular logit threshold. The
logits of the other classes are ignored during this process to allow for natural
combinations of labels. The threshold is selected based on the class-specic
J statistic determined from the validation AUROC value and may be varied

to produce alterations in pathology severity. The model weights are frozen for
both the generator and classi er throughout the process.

Algorithm 1:  Algorithm for inferring z 2 Z , a latent representation
for a generatorG that produces an imagex 2 R™ " representative
of classc 2 C determined by a classi erF exceeding a class specic
threshold T,

1z Py(2); /I Initialise z from prior distribution
2 S Fo(G(2));

3 while S<T.do

4 x G(2); /I Generate image proposal
5 S  F(X); /I Obtain class score from classifier

6 if S T.then

7 ‘ break;

8 end

9 else

10 L S;

11 zZ z r,L; /I Apply gradient descent
12 end

13 end

14 return z
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Figure 3.1: Visual representation of the class generation method shown in
Algorithm 1.
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Chapter 4

Results and Discussion

4.1 Image Quality

The generated images, as seen in Figure 4.1, appear to broadly re ect the
NIH source images with global features varying similarly across both sets. Sex,
posture, exposure, and positioning (AP vs PA) are all represented within the
generates. The images accurately re ect the standard anatomical features
found in CXRs with realistic alterations in perspective seen with changes in
patient posture or positioning of the x-ray detector. Soft tissues such as the
heart, liver, and stomach are faithfully reproduced with normal variability in
their relative positioning. Bony structures are correctly placed but su er from
inconsistent pro les, with the ribs in particular tending to reveal a degree of
undulation. Closer inspection often reveals slight curves or alterations in calibre
that are seldom explained by the perspective of the image. Beyond the x-ray
itself, the model has learnt to include various markup elements included in the
reference images. Most images have a symbol or tag demonstrating the left
side of the image, in addition, projection descriptors such as 'PORTABLE' and
"AP' are included on numerous images. Images are typically sided correctly and
tend to have visual projections similar to included labels, although at times
this is di cult to con rm. Some images do not match the included text, with
some having multiple copies of a particular label. A white arrow typically
used to demonstrate that a patient was upright for portable scan has also been
reproduced, tends to co-occur with text denoting the scan type as portable
and is often in similar positions to the reference images. Elements such as
white borders, poor exposure, cropping, or rotation are all present in the source
dataset and reproduced in some samples by the PGGAN model.

A comparison between DCGAN, PGGAN, and the source images can be
seen in Figure 4.2. DCGAN generates have obvious di culties in producing
large segments of the x-rays, preserving only the general structure. Generates
show signi cant checkerboard artifacts alongside poorly resolved organ and
bony structures. PGGAN images in contrast, show far more faithful reproduc-
tions of both global and regional features from the source dataset, yet still lack
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Figure 4.1: Examples of uncurated, random samples from the exponential
moving average of the generator. Samples are drawn at random fronNg0; 1)
distribution without use of the truncation trick.

small-scale details such as pacemakers and IV catheters.

The main distinction between real and PGGAN generated image sets is that
the synthetic images broadly lack certain smaller scale features of the source
set. Jewelry, ECG leads, pacemakers, and IV catheters are largely absent with
occasional partially formed objects in locations where these should appear. The
elements of the missing structures form only a fraction of each overall image
and are often fairly detailed objects themselves. A potential explanation for
this phenomenon is the progressive growing technique itself, as these objects
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Figure 4.2: Comparison of sample quality between the DCGAN and PGGAN
architectures as well as the source dataset at 256x256 resolution.

would only be generated near the end of the training process as the resolution
of the images allowed for the details to be appreciated. Examining the gener-
ator in the nal model without the moving weight average, supports this as

a larger proportion of the images possess partially formed objects, implying

the network was slowly incorporating these features. The appearance of these
elements failed to improve despite training beyond the recommended total

number of images. If this is the case, a potential explanation is the afore-
mentioned capacity loss that prompted the shift to style-based networks as

networks consume their own synthetic ability to retain variability in later layers.

To evaluate the applicability of the FID for automatic x-ray quality assessment,
an attempt is rst made to produce a meaningful zero measure by splitting
the NIH dataset at the patient level and using the average labels from each
patient to iteratively stratify the images into two similar groups. The under-
lying concept being that the groups should have similar disease distributions
and be free of patient overlap. A low value 00:53 for the FID is calculated
through this method. This indicates that the underlying Inception network
extracts similar features from both sets on average. These features may be
sub-optimal for comparison given that the underlying network has not been
trained on biomedical data, yet the small distance demonstrates that the groups
of images are embedded in a similar manner within the network's nal layer.
This demonstrates that the FID has a reasonable lower bound on comparing
similar images, however, the degree to which the metric can in fact distinguish
between distinct x-rays requires validation.
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Given that the images are known to vary by pathology label, this work argues
that if the distance metric can reliably separate disease classes, it must have
Iters that are capable of extracting features that are meaningful for evaluating
the clinical plausibility of generates, as the underlying network must be able
to evaluate elements of studies relevant to the diagnosis. Similarly, if one
were to re-train an Inception network purely to calculate the FID for medical
imagery, the network would be trained to classify an image according to its
class labels. If the current weights of the network are already able to provide
such a separation, then there is no need to re-train and the metric can in fact
be applied to the problem at hand.

To evaluate the extent to which the FID can discriminate between individual
pathologies theNo Finding label is utilised as a baseline as it principally should
be absent of any signi cant changes while still varying similarly along protected
patient parameters such as sex and age. The distance between it and the set of
X-rays containing each other label is evaluated, the results of which can be seen
in Table 4.1 with the addition of a split along sex and the overall comparison
between real and synthetic image groups. The results provide evidence that the
FID is able to distinguish between the labelled pathologies and a baseline x-ray
with the distance seemingly recapitulating the relative scale of the pathological
change on the image. Exceedingly large distances are associated with ndings
that may distort major segments of the lung elds such as thé&dema and
Consolidation labels. In contrast, signi cantly reduced distances are associated
with ndings that generally occupy only small segments of a study, such &dass
and Nodule labels. A pairwise distance matrix between all classes, followed by
the application of multidimensional scaling is implemented to plot the relative
2D positions determined by the FID in Figure 4.3. The various class locations
show that the FID is able to cluster similar labels together. In addition, a
hierarchical cluster based on the distance matrix, seen in Figure 4.4, successfully
groups sets of related or antecedent ndings. The cluster demonstrates that
the features extracted by the network underlying the FID are likely to be of
semantic value with an adequate discriminative ability to group sets of related
ndings. Overall the technique appears to be applicable to CXRs despite the
absence of explicit training to detect features of such biomedical images.

The quality of synthetic x-rays compared to the NIH source images is assessed
via the FID given the evidence in favour of the metric for the evaluation of
CXRs. The FID between the full NIH source dataset and.00 000random,
uncurated PGGAN generates i8:02 This value is comparable with the FIDs
reported for the PGGAN architecture on other non-biomedical, high resolution
image generation tasks [19].

4.2 Pathological Variability

Synthetic CXR label prevalence was estimated to quantify the extent to which
the PGGAN model captures the pathological variability of the various disease
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Table 4.1: Fréchet Inception Distance (FID) per Dataset Split

Split FID Split FID
Strati ed 0.53 Hernia 15.96
Sex 7.87 Inltration 20.05
No Finding 0.00 Mass 10.06
Atelectasis 19.90 Nodule 6.22

Cardiomegaly 14.23 Pleural E usion 23.90
Consolidation 42.45 Pleural Thickening 13.05

Edema 59.40 Pneumonia 32.05
Emphysema  19.56 Pneumothorax 18.00
Fibrosis 9.72 Synthetic 8.02

Figure 4.3: Classes plotted according to the multidimensional scaling of the

pairwise distance matrix determined through the FID between all pathology
classes.

entities contained within the source CXRs. The label proportions were deter-
mined via a common classi er for both the NIH and generated image sets with
con dence intervals derived through bootstrapping the prediction40 000times.

The proportion of the class labels from the NIH dataset and a random selection
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Figure 4.4: Hierarchical cluster of related pathologies generated from the
pairwise distance matrix between all labels determined through the FID.

of 130 000generated images can be seen in Figure 4.5. Overall it can be seen
that the generates cover the range of labels with each represented in broadly
similar proportions to the NIH set. Despite the similarity, there appears to be

a degree of mode dropping with a majority of labels being signi cantly less
prevalent in the generates compared to the reference set with the exception
of Atelectasis Cardiomegaly In Itration and No Finding. This alteration is

not adequately explained by the PGGAN model simply selecting for the most
common conditions asConsolidation, In Itration , Nodule Pleural E usion,
Pleural Thickening Pneumonia and Pneumothoraxare all more prevalent than
Cardiomegalyin the labelled samples, yet all demonstrate retained or reduced
proportions in the generated distribution, whileCardiomegalyshows increased
prevalence. It was hypothesized that this is likely to be due to a continuation
of the phenomenon noted with the absence of certain smaller objects in scans,
the objects in this case being features of various diseases. This is supported
by the label distribution, as more common conditions with more prominent
disease features tend to be over represented, while diseases with progressively
ner features are increasingly sparse in the generated samplé$éo Finding for
example, is largely de ned by the absence of smaller features and can be seen
to be signi cantly in excess beyond the NIH setAtelectasis and Cardiomegaly

in comparison, de ne several characteristics that are present at a moderate
resolution and see a smaller increase in prevalence. This is in stark contrast

33



CHAPTER 4. RESULTS AND DISCUSSION

to Emphysemaand Pleural Thickening which may be quite ne on x-ray and
similarly show the greatest reduction in prevalence.

Figure 4.5: Proportion of labels in the original NIH dataset and.30 000random
PGGAN generates with 95% con dence intervals.

4.3 Pathology Generation

Pathological images are generated utilising class optimisation based on the
method described in Algorithm 1. The initial latent code is sampled from a
truncated normal distribution with a threshold of 0:7 [82]. The optimisation
method is attempted with both a Densenet-121 and a re-purposed Discriminator
as classi ers. It was generally found that optimising classes with the Densenet
model proved to be a slower, more challenging, and less reliable overall process
that frequently plateaus with a subsequent failure to produce an adequate
sample for a particular class. Successes often relied on favourable sampling
from the latent space, with such samples typically converging rapidly. The
same process applied to the re-purposed discriminator proved more successful
as samples converged more regularly with greater ease in achieving higher logit
values for a particular class. This discrepancy is due to the input size of the
di erent models. The Densenet model as a result of being trained on smaller
resolution images, requires inputs to be resized prior to classi cation. This
creates an informational bottleneck from the classi er to the latent space and
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