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Abstract

Polymicrogyria (PMG) is one brain disease that mainly occurs in the pediatric brain.
Heavy PMG will cause seizures, delayed development, and a series of problems. For this
reason, it is critical to effectively identify PMG and start early treatment. Radiologists
typically identify PMG through magnetic resonance imaging scans. In this study, we
create and open a pediatric MRI dataset (named PPMR dataset) including PMG and
controls from the Children’s Hospital of Eastern Ontario (CHEO), Ottawa, Canada. The
difference between PMG MRIs and control MRIs is subtle and the true distribution of the
features of the disease is unknown. Hence, we propose a novel center-based deep contrastive
metric learning loss function (named ¢cDCM Loss) to deal with this difficult problem.
Cross-entropy-based loss functions do not lead to models with good generalization on
small and imbalanced dataset with partially known distributions. We conduct exhaustive
experiments on a modified CIFAR-10 dataset to demonstrate the efficacy of our proposed
loss function compared to cross-entropy-based loss functions and the state-of-the-art Deep
SAD loss function. Additionally, based on our proposed loss function, we customize a deep
learning model structure that integrates dilated convolution, squeeze-and-excitation blocks
and feature fusion for our PPMR dataset, to achieve 92.01% recall. Since our suggested
method is a computer-aided tool to assist radiologists in selecting potential PMG MRIs,
55.04% precision is acceptable. To our best knowledge, this research is the first to apply
machine learning techniques to identify PMG only from MRI and our innovative method

achieves better results than baseline methods.

Our code will be available at:
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https://github.com/RichardChangCA/Deep-Contrastive-Metric-Learning-Method-to-Detect-Polymicrogyria-in-Pediatric-Brain-MRI
https://github.com/RichardChangCA/Deep-Contrastive-Metric-Learning-Method-to-Detect-Polymicrogyria-in-Pediatric-Brain-MRI

Metric-Learning-Method-to-Detect-Polymicrogyria-in-Pediatric-Brain-MRI.

Our pediatric MRI dataset will be available at: https://www. kaggle com/datasets/

lingfengzhang/pediatric-polymicrogyria-mri-dataset.
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Chapter 1

Introduction

1.1 Problem Statement

Polymicrogyria (PMG) is a cortical malformation characterized by irregular and thickened
grey matter, numerous small gyri, shallow sulci, and the decrease of grey-white matter
differentiation. One example is shown in Fig 1.1. In Fig 1.1(a), PMG (arrows) is defined
as thickened and irregular grey matter (circle), which has a more ill-defined and irregular
interface with the brighter white matter (rectangle). In contrast, in Fig 1.1(b), a normal
brain has relatively uniform smooth grey matter (circle) which has a well-defined border
with white matter (rectangle). Although it can be caused by a congenital viral infec-
tion [7], PMG is one of the most frequent anomalies of cortical development that is often
associated with genetic diseases. A heterogeneous condition, PMG can vary in severity,

extent, and distribution |7]. Since PMG is a frequent cause of severe or treatment-resistant



epilepsy, the affected area might need to be surgically removed [%]. It can also be linked
to serious symptoms like developmental delay and weakness on one side of the body or in
the limbs [7]. Magnetic resonance imaging (MRI) is a reliable tool which can be used by
skilled neuroradiologists to diagnose PMG, although it can miss focal or less obvious PMG.
However, because PMG can be subtle, general radiologists might not be able to detect it
with the same accuracy. Accurately diagnosing PMG is crucial since it can result from
a variety of single gene mutations and disorders, and its existence would suggest genome
sequencing and counselling. Therefore, a computer-aided tool should be developed to assist

radiologists in identifying PMG from MRIs.

(a) PMG MRI (b) Control MRI

Figure 1.1: Difference between PMG and control MRI. Red arrows point to important
features of PMG. The white circle on the left image shows thickened and irregular grey
matter with numerous small gyri and shallow sulci, while the white circle on the right
image shows regular grey matter. The red rectangle on the left image shows an ill-defined
and irregular interface between white and grey matter, while the red rectangle on the right
image shows a well-defined border.



1.2 Thesis Statement

Cortical malformations in the pediatric brain have been studied using machine learning,
primarily in the context of fetal imaging [9] and epilepsy [10]. Machine learning might help
with computer-aided diagnosis, enhancing the diagnostic accuracy of MRI. However, there
is a dearth of research on the detection of PMG using machine learning, particularly deep
learning. As opposed to brain tumour classification tasks [11], which have rather distinct
tumour boundaries and actual ground truth from brain tumour segmentation tasks has
been established, the diffuse and variable nature of PMG, as well as vague boundaries, are

potential obstacles.

It is difficult to collect sufficient PMG MRIs in the real-world clinical scenario, although
collecting normal pediatric brain MRI is relatively easy. Dr. Nishard Abdeen collected
and annotated a pediatric PMG MRI dataset from Children’s Hospital of Eastern Ontario
(CHEO), Ottawa, Canada. This dataset is small because it only includes MRI from 23
different patients. In addition, this dataset is also imbalanced because of the majority of
normal MRI. This imbalance originates from two sources: On the one hand control MRI
are easier to obtain but on the other hand even for PMG samples the majority of MRI
slices do not show evidence of PMG. In this thesis, we introduce this dataset in detail.
Since this dataset is small and lacks the diversity of PMG, it is difficult to evaluate testing
results. Therefore, we also introduce a modified CIFAR-10 dataset which mimics the main
challenges of our PPMR dataset, including the fact that the minority class samples in the

training data are not representative and that the whole dataset is imbalanced.

Conventional machine learning methods with traditional image processing based fea-



ture extraction methods appear not to work because the differences between normal and
PMG MRI are subtle. Deep learning models with cross-entropy-based loss functions also
perform poorly on this small imbalanced dataset due to their insufficient ability to gener-
alize on unseen features. In this thesis, we investigate the generalization ability of deep
learning models trained with cross-entropy-based loss functions on the modified CIFAR-
10 dataset, mainly because our PPMR dataset cannot represent the whole distribution of

PMG features.

Several features of the pediatric PMG MRI dataset (PPMR dataset) are pertinent to
the novel center-based deep contrastive metric (¢cDCM) loss function proposed. The nor-
mal brain MRI are all relatively uniform, but the PMG MRI vary among themselves in the
degree of cortical thickness, irregularity, and disorganization. This is in part due to the
unavoidable heterogeneity of the disease itself and partly to the limited number of available
cases. After splitting the dataset into training and validation data, each subset may con-
tain different varieties of PMG introducing bias. Anomaly detection has the potential to
mitigate this issue. Moreover, the images are labelled by one senior radiology doctor and
appear consistent with binary classification tasks. The combination of anomaly detection

and binary classification, therefore, seems advantageous.

This motivates the design of our novel cDCM loss function. Based on our novel cDCM
loss function, we customize a deep learning structure which can map each input MRI to one
latent representation. And then, this loss function can "cluster" normal samples together,
because normal images share similar features, and push anomaly samples further away from
the "cluster". Ideally, PMG images with different pathology features may go outside of

the "cluster" in different directions. During inference, according to the idea of supervised

4



contrastive learning [12], samples in the testing data which have similar features as normal
samples in the training data can be classified as normal; on the other hand, samples in
the testing data which have dissimilar features as normal samples in the training data
can be classified as anomalies. Hence, there exists a center in the latent representation
around which normal samples cluster, and a margin away from the center beyond which
PMG samples are mapped to. This structure is created with the help of our novel cDCM
loss function. The margin will also act as the decision boundary in our approach. In this
thesis, we demonstrate that the final performance will not be much affected if the two
hyper-parameters of center and margin are randomly set in a reasonable manner. All in
all, our novel method is a binary classification method, but the idea is partly borrowed

from anomaly detection and one-class supervised classification.

Overall, to deal with the challenge of detecting PMG in pediatric brain MRI, we propose
a novel cDCM loss function and a custom deep learning model structure, combining dilated
convolutions [13], squeeze-and-excitation [11] blocks, and a multi-level feature fusion [15]
mechanism. Our novel cDCM loss function can partly mitigate the problem of generaliza-
tion in deep learning, and our custom deep learning model structure can learn and select
key features of MRI images automatically. In this thesis, we compare our novel cDCM
loss function to the Deep SAD loss function [16] and cross-entropy-based loss functions to
demonstrate the benefits of our novel cDCM loss function. Our novel cDCM loss function
can directly provide a good decision threshold that cannot be determined by training and
validation data. Often, the decision threshold can be determined through cross-validation
on the validation data. However, since distributions from training, validation and testing

data are different in our tasks, the selected decision threshold from the validation data may



not be suitable for the testing data. Additionally, based on our novel cDCM loss function,
we conduct an ablation study to confirm the significance of each component in the overall
structure and show the utility and stability of our custom deep learning model structure,

compared to some popular CNN backbones, such as EfficientNet and ResNet50.

If children’s PMG disease can be detected faster, these patients can receive early treat-
ments. Our method can predict children’s PMG medical imaging with high recall and
acceptable precision. In addition, our method is also promising to be adapted to other

medical imaging challenges which have small and imbalanced datasets.

1.3 Main Contributions

In summary, the main contributions of our research are listed below:

1. We propose a novel center-based deep contrastive metric learning loss function
(cDCM) to partly deal with deep learning generalization problems working with a non-
representative dataset. In particular, our method is able to work with a small and imbal-

anced dataset for which some testing data features do not appear in the training data.

2. There exists a center in our cDCM loss function, and the loss pushes normal samples
close to the center while it also pushes anomaly samples away from the center. We the-
oretically and experimentally prove that the center with our ¢cDCM loss can be assigned

randomly.

3. To our best knowledge, we are the first to bring deep contrastive learning into the

research area of PMG MRI classification. In addition, our method integrates the strengths



of supervised binary classification and anomaly detection.

4. We design a custom convolutional neural network (CNN) structure which combines
dilated convolutions [13], squeeze-and-excitation [1/] blocks, and a multi-level feature fu-
sion [15] mechanism. In addition, our custom structure shows its utility compared to

popular CNN models in our experiments.

5. We test our loss function on two datasets. We use a modified CIFAR-10 dataset
for development and for repeatable experimentation. Our target is a pediatric PMG MRI
dataset (a.k.a. PPMR dataset) from the Children’s Hospital of Eastern Ontario (CHEO),

Ottawa, Canada.

6. We make our PPMR dataset publicly accessible for research purposes.

1.4 Thesis structure

There are seven chapters in this thesis. Apart from this introduction, we summarize each

chapter below.

In Chapter 2, we introduce important concepts used in this thesis. In Chapter 3,
we give a literature review, including machine learning in PMG images, classification in
medical imaging, anomaly detection in medical imaging, and deep metric learning and
deep contrastive learning. In Chapter 4, we give a detailed illustration of our proposed
method, including the novel cDCM loss function, mathematical proof, and custom model
structure. In Chapter 5, we introduce two datasets: a modified CIFAR-10 dataset and our

PPMR dataset, and also describe training details. In Chapter 6, we show the results of



substantial experiments on these two datasets and also analyze and discuss the results of
these experiments. In the final Chapter 7, we give a conclusion of our thesis research and

also consider some future works.



Chapter 2

Related Concepts

2.1 MRI

MRI technology is used for disease detection in radiology [17]. MRI scanners are suitable
for brain images because they can differentiate gray matter from white matter, which are
two important features to diagnose polymicrogyria (PMG). In addition, MRI scanners
usually produce three-dimensional anatomical images, and these 3D images are typically
viewed from three different directions: sagittal (from left to right), coronal (from front to
back), and axial (from top to down). In Figure 2.1, the yellow plane represents the coronal
plane; the red plane represents the axial plane; and the green plane represents the sagittal

plane.

The interval between successive pulse sequences delivered to the same slice is known as

the Repetition Time (TR). The period of time between the Radio Frequency (RF) pulse



Figure 2.1: Pediatric brain anatomical planes

being delivered and the echo signal being received is known as the Time to Echo (TE).
T1-weighted and T2-weighted scans are commonly used MRI sequences. Short TE and
TR times are used to create T1-weighted images, while longer TE and TR times are used

to create T2-weighted images. In our research, our PMG MRIs are T1-weighted.

2.2 Deep learning

Deep learning is a machine learning technique that uses representation learning and artifi-
cial neural networks (ANN). Many deep learning models can be represented as y = f(z, 0),
which maps an input x to y with the help of parameters 6, where y can be a category in
classification, a mask in image segmentation, or other types of representation. The pa-
rameters ¢ can be updated using the back-propagation algorithm based on an objective
function [18]. In this section, we briefly introduce concepts and terminology about deep
learning. Because we mainly use a multi-layer perceptron (MLP), convolutional neural

networks (CNN), and an autoencoder in our research, more details about these neural
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network architectures are given below.

2.2.1 Multi-layer perceptron (MLP)

A multi-layer perceptron (MLP), a feedforward neural network, consists of one or multiple
layers of perceptrons. A MLP includes at least three layers: an input layer, one or more
hidden layers, and an output layer. Each node of hidden and output layers uses a nonlinear
activation function to increase the complexity of the deep learning model. The processing

of each layer can be expressed as

Xi—l—l == O'(W * XZ + b) s (21)

where W represents parameters, b is the bias term, o is the activation function, X is

the input of the current layer, and X;,; is the output of the current layer.

Activation function. The activation function adds a non-linearity in deep neural
networks. The non-linearity helps the hierarchical design of neural networks because with-
out non-linearities several continuous linear functions can be summarized in one linear
function. Deeper neural networks can solve some nontrivial problems, such as image clas-
sification and so on. ReLU is a commonly used activation function, it can be written as
f =max(0,z) (see Figure 2.2). Leaky ReLU is a variant of the ReLLU activation function,
see Figure 2.3. Leaky ReLU is defined as f = max(«a * x,x), where « is in range from 0 to

1 and determines the slope for negative values.

The vanishing gradient problem in machine learning occurs during the training of ar-
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tificial neural networks using gradient-based learning techniques and backpropagation. In
such methods, each neural network’s weight is updated proportionally to the partial deriva-
tive of the error function with respect to the current weight throughout each iteration of
training [19]. The gradient may occasionally be so small as to be vanishingly small, which
makes it impossible for the weight to change its value [19]. In the worst situation, this
might prevent the neural network from receiving any more training [19]|. Leaky ReLU has
a small gradient when the input value is smaller than zero, and it partially deals with

vanishing gradient problems.

In machine learning, a modelling error called overfitting happens when a model is too
closely matched to a small number of data points. Because of this, the model is only
helpful in relation to its original data set but not in relation to any other data sets. It
often happens when training a complex model on a small dataset. Leaky ReLLU increases
the piece-wise linearity of neural networks, which reduces the complexity of the model. So

Leaky ReLU can slightly reduce overfitting, compared to ReLL.U.
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Figure 2.2: ReLLU activation function

Dropout. Dropout [20] is a regularization method and it can reduce overfitting. Dur-
ing training, the dropout mechanism randomly drops out nodes of a neural networks. It

simulates an ensemble of multiple different network structures.
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Figure 2.3: Leaky ReLU activation function

Batch normalization. In deep learning, mini-batch refers to equally sized subsets
of the dataset that are used to calculate the gradient and update the weights. Since
deep learning models need different mini-batch data for each iteration of training, the
covariate shift often happens, which is the term used to describe the alteration in the input
data distribution found in both the training and test data [21]. Batch normalization [22]
makes neural networks training faster and more stable. This method normalizes and then
shifts the outputs of each layer in a mini-batch to mitigate internal covariate shift, which
is caused by the randomness in the input data and parameter initialization. Hence, it
adjusts the distribution of the data in each mini-batch during training. It also can help
to reduce the occurrence of exploding and vanishing gradients even in cases where the
learning rate is high. In addition, batch normalization also acts as a regularizer, which can

reduce overfitting during training.

Loss function. Loss function is a mathematical optimization function. Deep learning
models update parameters to seek minima of the loss function. Commonly used loss func-
tions are: cross-entropy (CE) loss function for classification, and mean square error (MSE)

loss function for regression.
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2.2.2 Convolutional neural network (CNN)

Convolutional neural networks (CNN) are commonly used in computer vision, such as
image classification [23], object detection [21], etc. They replace fully-connected layers in
MLP (see Sec. 2.2.1) with convolution layers and pooling layers. CNNs have the property
of shift invariance. Shift invariance means differences in pixel placement, i.e., spatial shift
in images, do not affect the performance because convolution kernels share weights. In
addition, shared-weight kernels need less parameters, compared to MLP and hence CNNs
also have a regularization property, which can reduce overfitting. The main components

of CNN are introduced below.

Convolution. Convolution is a mathematical operation and it can extract features
from images, such as edges. The Laplacian convolution kernel and the Sobel convolution
kernel are commonly used to extract edge features. The Laplacian convolution kernel is
given in Eqn. 2.2. The Sobel convolution kernel in the x-direction in Eqn. 2.3 produces
a large absolute value for vertical edges, while Sobel kernel in Eqn. 2.4 has large abso-
lute output for horizontal edges. Processed images after these three kernels are shown
in Figure 2.4 and Figure 2.5. Single convolution only can extract these shallow features.
However, convolutional layers convolve the input several times with the help of a non-linear
activation function and pooling layers to extract more context features. Extracted features

after passing convolutional layers are also called feature maps or activation maps.
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Figure 2.4: Convolution kernel processing on a CIFAR-10 airplane image. From left to
right: original image, after Laplacian kernel, after Sobel-x kernel, and after Sobel-y kernel

Dilated convolution. Dilated convolution [13], sometimes also referred to as a-
trous [25], is a type of convolution. It expands the receptive field by inserting holes between
kernel elements. Dilation rate is a hyper-parameter to control the range of the receptive
field. While convolution with a small kernel size can only extract local features, dilated

convolution can extract relatively global features without increasing the number of param-
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Figure 2.5: Convolution kernel processing on a our hospital PMG image. From left to
right: original image, after Laplacian kernel, after Sobel-x kernel, and after Sobel-y kernel

eters. Figure 2.6 shows the difference in receptive fields between convolution and dilated
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Input: -\ A
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convolution.

Figure 2.6: Convolution and dilated convolution, where the dilation rate is 1. [I]
©~Copyright Li et al.

Pooling layers. Pooling layers in CNN reduce the size of feature maps. Although
some image features information is lost after pooling layers, most prominent image features
information is kept. Max pooling and global average pooling are two commonly used
pooling methods. Max pooling selects the maximum value from the given region (see
Figure 2.7). Global average pooling (GAP) layers average all values in each feature map

to a single number (see Figure 2.8). GAP can convert 2D feature maps to a 1D vector for
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further processing.
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Figure 2.7: Max pooling. [2] (©Copyright Qiu et al.
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Figure 2.8: Global average pooling [3]. (©)Copyright IEEE 2018.

2.2.3 CNN architectures in this thesis.

There are various CNN architectures customized for different tasks in computer vision.
Several CNN backbones are used for feature extraction. ResNet, EfficientNet are selected

in this thesis for CNN architecture comparison.

17



ResNet. Residual neural network (ResNet) [1] uses skip connections to avoid vanishing
gradients. Adding skip connections can increase the depth of neural networks and achieve
higher performance, because it mitigates the accuracy saturation problem. The basic unit

of ResNet is shown in Figure 2.9.

X
v
weight layer
weight layer identity

Figure 2.9: ResNet unit [1]. (©)Copyright IEEE/CVF 2016.

EfficientNet. EfficientNet [5] uses neural architecture search (NAS) [26] to explore
a neural network which has the optimal network depth, width and resolution to achieve
high accuracy with high efficiency (see Figure 2.10). Specifically, the depth of a neural
network represents the number of neural network layers; the width represents the channel
dimension of each layer, and the resolution represents the size of the input feature maps

fed into architecture blocks.

2.2.4 Autoencoder

An autoencoder |27] is a type of neural network. There are different kinds of autoencoders
and they do very different things, such as dimensionality reduction [28], image compres-

sion [29], image denoising [30], machine translation [31], etc. One typical usage of the
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Figure 2.10: Depth, width and resolution of the EfficientNet [5]. (©)Copyright Tan et al.

autoencoder is that it can learn a representation encoding a given unlabeled input data. If
the representation has lower dimensionality than the input, it is an unsupervised learning
method to compress data without too much information loss. The architecture of an au-
toencoder is shown in Figure 2.11. An autoencoder is trained to minimize reconstruction
loss, where the mean squared error (MSE) loss is a commonly used loss function. The loss

function is given in Formula 2.5.
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Figure 2.11: Autoencoder architecture [(]. (€)Copyright Sagheer et al.
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Lyse = ||X = X'|P = [|X = o' (W' (¢(W * X + 1)) + )||* (2.5)

where X is the input data; X’ is the output of the autoencoder; W represents param-
eters of the encoder; W' represents parameters of the decoder; b is the bias term of the
encoder, b’ the bias term of the decoder; o is the activation function of the encoder; ¢’ is

the activation function of the decoder.

If the training of such an autoencoder has converged, the encoder can be used to map

input data into a low-dimensional vector for further usage.

2.2.5 Neural network training strategy

Training neural networks is hard [32]. A standard training strategy is likely to find poor
solutions if the task is difficult, but there are many training strategies to achieve a good
solution, such as data augmentation, learning rate scheduler, early stopping, etc. Some

training-related concepts and training strategies are explained in the following.

Parameters and hyper-parameters. Model parameters are denoted as € and these
can be updated during training of a deep model. Hyper-parameters are manually set before
training; for example, batch size, learning rate, etc. are hyper-parameters. In addition,

hyper-parameters can also be the result of a grid search or randomly sampled.

Dataset split. A dataset is normally split into training, validation and testing data.
The training data are used to fit the deep learning model; validation data are used for

hyper-parameter fine-tuning and model selection; and testing data are used to evaluate
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the model performance. Samples from training, validation and testing data should be

exclusive to avoid data leakage.

Data leakage. Data leakage means there exists data overlap or duplicates between
training and validation data, or between training and testing data, or between validation
and testing data. In another word, any two data between training, validation and testing
sharing the same or similar data samples is called data leakage. If the dataset split is not
appropriate, causing data leakage, the model performance score could be extremely high
during testing but the model may still not work in practice. One should avoid data leakage

as much as possible.

Imbalanced dataset. A dataset that has an unequal distribution of classes is called
an imbalanced dataset. An imbalanced dataset is common in medical image classification
challenges because the majority of patients are normal and a limited amount of patients
have diseases. The imbalanced dataset problem can normally be solved in several ways.
One possibility is to add more real data or synthesizing more meaningful data of minority
classes. Another possibility, is to modify the loss function, such as using a weighted cross-
entropy loss, to force the deep learning model to focus more on the minority data during
training.

Out of distribution data (OOD). The data distribution in the real world could be
different from the distribution of training data. The real-world data which is unseen in
training data is out of distribution. OOD detection is crucial [33], especially in medical
imaging diagnosis, because unseen pathology characters are very common in the real world

and these unseen diseases should be detected. Hence, it is required that deep learning

21



models need good generalizations on unseen data.

Model generalization and overfitting. Model generalization refers to how well
is the model able to generalize on unseen data if these unseen data are from the same
distribution of the training data. Overfitting means the model generalization is bad because
the training performance is good, but the validation or testing performance is much lower.
Data augmentation, learning rate scheduler, and early stopping are commonly used to

mitigate the problem of overfitting during training.

Data augmentation. Accessing sufficient labeled data in the real world is hard. In
order to improve the quantity of training data, data augmentation is an inevitable part
of training deep learning models [34]. Data augmentation techniques modify the original
data slightly to increase the amount of data. It is a kind of regularization method be-
cause it can reduce overfitting during training and increase the robustness of deep learning
models. Data augmentation in deep learning is related to oversampling in conventional
machine learning. Rotation, shift, shearing and zooming are commonly used imaging data
augmentation methods. Deep generative models, mixup [35], and cutmix [30] are also used

for synthetic data generation.

Mixup is a data augmentation method which blends two images into a new image.

Mixup can be represented in Formula 2.6 and 2.7.

T=Axx;+ (1= xx; (2.6)

Aky;+ (1 —N) xy; (2.7)
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I
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where x represents the image; y represents the label; and A controls the ratio between
two images. It is also worth noting that A is sampled from the Beta distribution with the
range from 0 to 1. As an example, Figure 2.12 represents two original images before mixup,

while Figure 2.13 represents the new image after mixup.

0

Figure 2.12: Two original images

o

th

Figure 2.13: New image after mixup

Cutout [37] data augmentation removes pixels from the image and fills them with
meaningless color, such as black or gray. Figure 2.14 demonstrates two new images after
cutout. However, cutout could lead to information loss of the original images. Cutmix is
similar to mixup and it combines mixup and cutout. Cutmix removes pixels from one image
but replaces them with another image, and the label of the new image is interpolated by the
labels of these two images. Cutmix achieves better performance on CIFAR and ImageNet
classification tasks, compared to mixup and cutout [36]. Figure 2.15 shows two new images

after cutmix.

Reduce learning rate on the plateau. A large learning rate may miss the global

optimum, while a small learning rate may get stuck in a local optimum. E.g., "reduce
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Figure 2.14: New images after cutout

o ‘ o
10 10 L™
20 20
30 30
o 20 o 20

Figure 2.15: New images after cutmix

learning rate on the plateau" is a learning rate scheduler. It does not require much effort
in hyper-parameter tuning. When a prearranged metric stops improving within the limits
of patience, the learning rate should be reduced and the model continues to find a "more

global" optimum.

Early stopping. Normally, an early stopping mechanism stops neural network training
when the loss no longer decreases on validation data to avoid overfitting. In our research,
we use a specific training method which including early stopping. More details can be

found in Section 5.3 Experimental Settings.

Transfer learning. Transfer learning [38] improves one learning task based on the
knowledge learned from a related task. In the research area of computer vision, especially
in convolutional neural networks (CNN), the extractor of shallow features, such as edges,
can be pre-trained on a relatively large dataset, such as ImageNet. And then this pre-

trained feature extractor can be adapted to a new dataset which may have not sufficient
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data to train a deep learning model from scratch. Transfer learning has been shown to
improve results on various tasks [39,40]. Typical steps during transfer learning are:
e Creating a model and then training this model on a relatively large dataset.

e Freezing layers of the pre-trained model backbone and adding new trainable layers

on the head.
e Training new layers on the target dataset.

e Unfreezing and fine-tuning all layers on the target dataset with a relatively low learn-

ing rate.

2.3 Summary

In the beginning of this chapter, we described concepts related to MRI because of our
PPMR dataset. Then we gave a brief overview of some deep learning concepts. Of these
concepts, loss function, dilated convolution, imbalanced dataset, out-of-distribution data,
model generalization and overfitting are especially important throughout the whole thesis.

We introduce related work in the literature review of the next chapter.
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Chapter 3

Related Work

In this chapter, we give a literature review, which is related to our proposed method in
this thesis. Disease identification in MRIs is typically accomplished using classification [11]
and anomaly detection techniques [12]. In Section 3.1, we introduce some work applying
machine learning to images containing polymicrogyria (PMG). In Section 3.2, we introduce
classification methods to detect a disease from medical images, which include traditional
machine learning methods, deep learning methods, and some combinations of these two
methods. In Section 3.3, we introduce anomaly detection methods to detect unseen diseases
from medical images. However, both previous binary classification methods and anomaly
detection methods do not work well on our PPMR dataset. In Section 3.4, we introduce
the research area of deep metric learning or deep contrastive learning, because our method
is inspired by these methods. As we are the first, to the best of our knowledge, to bring
deep contrastive learning methods to PMG detection based on MRIs, there are no direct

comparison methods.
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3.1 Machine Learning in Polymicrogyria Images

There is limited literature about applying machine learning methods on detecting pediatric
PMG from MRIs [13]. Attallah et al. [13] proposed a machine learning pipeline for fetal
brain MRI classification. This method can predict several brain abnormalities, including
PMG, before the infant with fatal brain abnormalities is born. This machine learning
pipeline consists of four steps: segmentation of fetal areas on the whole brain to get the
region of interest (ROI), contrast enhancement on the minor ROI image, feature extraction
by discrete wavelet transform (DWT) or other statistical methods, and classification by
linear discriminate analysis (LDA), support vector machine (SVM), K-nearest neighbour
(KNN) and ensemble classifiers. The best result achieves 80% accuracy, 84.5% AUC, 81.4%
sensitivity, and 83% specificity. However, feature extraction of these methods is manually
designed and has downsides. Moreover, we do not have the segmentation annotation in
PPMR dataset, so the first step of this method is not suitable for our task. Attallah et
al. [9] continued to propose a method which combines CNN feature extraction based on
transfer learning and conventional machine learning classifiers to detect fatal brain MRIs,
and this method achieved 88.6% accuracy and 94% AUC. We do not compare our method
to Attallah et al. [9], despite the fact that it performed well on MRIs, because transfer
learning did not extract useful features from our PMG images in our tests(see Section 6.7),
which differ only slightly from control images. Hence, we could not apply the approach of

Attallah et al. 9] as transfer learning is required.

In addition, Plonski et al. [11] collected 740 features, such as cortical thickness and

surface area, from T1-weighted MRIs and then used feature selection methods and a logistic
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regression classifier to detect congenital brain malformations including PMG that lead to
dyslexia. The best results are 66% AUC and 65% accuracy after 10-fold cross-validation.
They demonstrated the main reason leading to these relatively poor results is that dyslexia

is a heterogeneous syndrome and there is little consistency in univariate grey matter.

However, these methods above are not specific to the detection of PMG on MRIs,
because they applied their methods to a dataset which only includes a small portion of
PMG. In addition, these methods have not shown they have the ability to deal with the

problem of imbalanced datasets and generalization to unseen features.

3.2 Classification in Medical Imaging

In medical imaging, binary classification is often applied to decide whether an image in-
cludes disease features, and then assist doctors in diagnosing if patients have some specific
diseases during routine clinical flow [15—17]. Medical imaging classification tasks can be
divided into three main categories: conventional machine learning methods, deep learning

methods, and combinations of the two.

Conventional machine learning methods for medical image classification tasks usually
need several steps to implement the whole method processing pipeline: 1. image pre-
processing if needed 2. image feature extraction 3. feature selection or transformation
4. machine learning models training and evaluation. Image pre-processing includes pixel
values normalization [18], tile correction [19], noise removal [50], skull stripping [51], etc.

Some popular feature extraction methods are edge detection, image filtering and enhance-
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ment, region of interest (ROI) identification, etc. [52]. After feature extraction from various

methods, there are plenty of different features.

The "Curse of Dimensionality" was initially introduced when considering the problem
of dynamic programming [53|, which refers to various phenomena. In the research field of
machine learning the "Curse of Dimensionality" is a phenomenon that when the amount
of data samples is fixed, the predictive ability of a classifier increases with increasing the
number of features or dimensions until a certain dimensionality, and then the predictive
ability of the classifier decreases with increasing the number of features or dimensions [54].
Conventional machine learning models only accept input features with limited dimensions
to avoid the "Curse of Dimensionality" [55]. Hence, feature selection or transformation are
applied to reduce the dimensionality of feature vectors. For example, principal component
analysis (PCA) |50], singular value decomposition (SVD) [57], linear discriminant analysis
(LDA) [58] are commonly used for projecting features into lower dimensions. Conven-
tional machine learning models, for example, support vector machines (SVM) [59], deci-
sion trees [60], etc., are trained based on these processed features for classification tasks.
For examples, Zhou et al. [01] used luminance grade of X-ray computed tomography (CT)
images as the features and applied a decision tree model as a classifier for computer-aided
diagnoses. Lo and Wang [02] extracted spectral signatures from breast multi-spectral mag-
netic resonance images and applied a support vector machine model to these features for
breast cancer detection. Othman et al. [63] obtained features of magnetic resonance imag-
ing (MRI) images using discrete wavelet transformation and applied an SVM model for
brain disease classification. Alhindi et al. [64] used features extracted from histopathology

images using local binary patterns (LBP) and applied an SVM classifier. Le et al. [67]
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proposed a new SVM method for medical image classification.

However, conventional machine learning methods have some limitations. They need
handcrafted feature engineering [06], and essential features can be difficult to extract or
extracted features may not be optimal. Researchers may not be able to translate disease
patterns on medical images into decent feature descriptors via traditional image processing
methods [67], mainly because of the lack of medical background or the lack of knowledge
in image processing. Poor quality inputs will cause training failure or unreliable results on
conventional machine learning models [65], so these models cannot classify images correctly
or with decent results. In contrast, deep learning methods can learn high-level features
from input data samples directly [67], and these features are extracted to meet the goal
of the task by the designed loss function and the back-propagation algorithm. With high
volume data and increasing high-performance hardware, especially GPUs, deep learning
methods possess great advantages over conventional machine learning methods. Li et
al. [23] customized a convolutional neural network (CNN) framework with shallow layers
to classify diseases on lung image patches. Wang et al. [09] tailored a CNN model, named
as COVID-Net, to detect COVID-19 disease from chest X-ray images. In addition, Yadav
and Shivajirao [70] compared CNN models, including VGG16 and InceptionV3, and the
SVM classifier on chest X-ray images to classify pneumonia and demonstrated CNN models
can achieve better performance than SVM. Apart from CNN structures, transformer-based
structures have also been used in medical imaging classification tasks in recent years [71-74].
Dai et al. [71] applied a transformer model, called TransMed, on multi-modal medical
images to classify parotid gland tumors and knee injury. But transformer-based models

require large-scale datasets for training |71], and, therefore, this kind of structure is not
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suitable for our task.

Medical brain data is typically volumetric. Since 3D brain MRIs include more informa-
tion compared to 2D brain MRIs because of the third dimension, some researchers applied
deep learning models to 3D brain MRIs directly and achieved good results when they have
sufficient 3D volumetric data [75,76]. Korolev et al. [75] proposed an end-to-end 3D CNN
architecture to classify Alzheimer’s disease from normal controls on the 3D Alzheimers
Disease National Initiative (ADNI) dataset. Wegmayr et al. collected 3D brain MRIs from
various sources to build a large 3D brain dataset and customized a 3D CNN architecture
to classify several neurodegenerative diseases [70]. Mehrtash et al. used a 3D CNN archi-
tecture on two 3D MRI modalities to detect prostate cancer |77]. However, in our PPMR
dataset, we only have 23 PMG brains in total, which is not sufficient for training a 3D
CNN model. We can regard each PMG brain as a series of PMG slices; then the number

of data samples is sufficient to train a deep learning model.

In medical imaging, it is difficult to acquire a sufficient number of images because of a
limited number of patients and because of privacy concerns [78]. Deep learning models are
easily overfitting to the training data if they are trained on relatively small datasets [79].
Consequently, deep learning models will lack the ability to generalize on unseen medical
images or unseen pathological characterizations. To avoid shortcomings of conventional
machine learning methods and deep learning methods, some researchers regard deep learn-
ing methods as feature extractors and then apply these extracted features to conventional
machine learning models. They demonstrated this combination could partly improve gener-
alization [39]. Commonly used feature extractors are popular convolutional neural networks

(CNN), because CNN models can share shallow features from various datasets, which is a
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form of transfer learning [$0]. These CNN feature extractors need to be first pre-trained on
a larger dataset, for example, the ImageNet Dataset is commonly used, and then fine-tuned
on the specific task dataset. Hence, these combined methods normally have a two-stage
or a multi-stage training process. Alinsaif and Lang [31] extracted features from medical
images using pre-trained CNN models and then these feature vectors were fed into a SVM.
This method was tested on four different medical imaging datasets, leading to higher accu-
racy than previously published results. Liu et al. [$2] fused handcrafted features and deep
features extracted from pre-trained CNN models with transfer learning, used a ReliefF
algorithm [33] for feature selection, and applied SVM to these selected feature vectors for

medical image classification tasks.

However, in our case, deep learning models with the help of transfer learning and
traditional image processing methods cannot extract essential features from our hospital
PMG images, because the differences between normal and PMG MRI are subtle. Because
of it, we develop a one-stage end-to-end deep learning method rather than a multi-stage
method. In addition, we plan to collect more PMG data in the future. Theoretically,
all machine learning models can achieve better performance by increasing the amount of
training data. Moreover, deep learning methods show advantages with a large amount of

data than traditional machine learning methods [31].

3.3 Anomaly Detection in Medical Imaging

Pathologies in medical images are often regarded as rare deviance (anomalies) because the

majority of medical images are healthy (or normal) samples [12,85]. Anomaly detection in
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medical imaging is a research area where these anomalies can be detected or selected auto-
matically. Unlike binary classification tasks, anomaly detection can deal with a relatively
imbalanced dataset where normal samples are the majority and the diversity of anomaly

samples is limited.

In conventional anomaly detection methods, first, features on pre-processed medical
images may be extracted by traditional image processing methods. Secondly, principal
component analysis (PCA) or other above-mentioned feature selection methods may be
applied to the extracted features to avoid the phenomenon of the "Curse of Dimension-
ality". Lastly, statistical methods, i.e., z-score, density analysis, etc. [12], can be used to
detect anomalies. Additionally, some one-class conventional machine learning models also
work well on anomaly detection, i.e. one-class support vector machine (OCSVM) [36], sup-
port vector data description (SVDD) [37], etc. Zhang et al. [38] extracted features using
completed local binary patterns (CLBPs), gray level co-occurrence matrix (GLCM), and
curvelet transform from breast cancer biopsy images and applied a one-class kernel principle
component analysis (KPCA) model to these extracted features. Wang et al. [39] presented
a Python package, called OCTID (one-class tumor image detection). This tool includes
three components in the whole processing pipeline: extracting features from pre-trained
CNN models; uniform manifold approximation and projection (UMAP) for dimension re-
duction, and OCSVM for classification. In addition, Gao et al. [90] applied OCSVM on

highly imbalanced medical imaging datasets.

Deep learning based anomaly detection methods are divided into supervised, semi-
supervised and unsupervised learning methods. Semi-supervised and unsupervised meth-

ods are commonly used in anomaly detection because collecting ground truth labels with
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high confidence is often time-consuming and costly [12]. Supervised anomaly detection
methods use well-labeled imbalanced datasets for training and focus more on detecting
anomaly samples. Semi-supervised anomaly detection methods only select pure normal
samples to train, ignoring data samples which have anomaly labels or which have no ex-
plicit labels. Unsupervised anomaly detection methods use all unlabeled data samples
for training, and this unlabeled dataset could include both normal samples and anomaly
samples. Seebock et al. [91] trained a deep convolutional autoencoder (DCAE) on healthy
retinal images and used extracted latent vectors to train an OCSVM. Tlusty et al. [92]
trained "stacked" denoising autoencoders [93] in which multiple autoencoders are stacked
but the output of each layer in the autoencoder is randomly corrupted by a dropout layer.
They applied a K-means clustering algorithm on extracted latent vectors to detect anoma-
lies. Tang et al. [91] trained deep convolutional generative adversarial networks (DCGAN)
only on normal chest X-ray images. The well-trained DCGAN can reconstruct normal
images well but fails to reconstruct anomaly images. In addition, Watanabe et al. [95]
trained an AnoGAN model only on normal computed tomography (CT) images to detect
bone metastatic tumors. However, semi-supervised and unsupervised methods may be lim-
ited for medical images which have complex or even indistinguishable features [96], such

as PMG images.

Therefore, exploring anomaly-supervisory signals may help anomaly detection [97]. Luff
et al. introduced a deep semi-supervised anomaly detection (Deep SAD) [16] which showed
that adding a few labeled anomaly samples during training can achieve better results than
the deep support vector data description (Deep SVDD) [98], which is trained only on

normal samples. Ding et al. [99] proposed a novel open-set supervised anomaly detection
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method to detect seen anomalies and unseen anomalies. Their model used a few labeled
anomaly samples and created some pseudo anomaly samples which are partly from outer
data sources during training. The pseudo anomaly samples in their research seem to have
similar features as real anomaly samples while both pseudo and real anomaly samples are
dissimilar to normal samples. However, in our PMG detection research, if we create pseudo
anomaly samples, real anomaly samples will be more close to normal samples because the
differences between PMG MRI and normal MRI are subtle and even junior radiologists
cannot diagnose them with high confidence. Hence, introducing pseudo anomaly samples

for our PMG detection may not be appropriate.

Imbalanced dataset problems can be solved by binary classification methods or anomaly
detection methods [96]. However, binary classification methods have generalization prob-
lems because they cannot predict images with unseen features correctly. Anomaly detection
methods are limited in disentangling anomaly samples from normal samples if the differ-
ences between them are subtle because anomaly detection normally refers to the detection
of anomaly samples which significantly deviate from the majority of normal samples [97].
To solve imbalanced dataset problems with good generalization, we combine the idea of bi-
nary classification and anomaly detection. Our proposed method can learn a deep learning
model which can cluster normal samples together inside a hypersphere and push anomaly
samples far away from the cluster center. Hence, seen and unseen anomaly samples have

dissimilar features to normal samples, so they are classified as outliers of the hypersphere.
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3.4 Deep Metric Learning and Deep Contrastive Learn-
ing

Deep learning methods can be trained end-to-end thanks to the back-propagation algo-
rithm. Unlike conventional machine learning methods, which require complicated and pro-
fessional feature engineering steps, deep learning models can extract features from medical
images automatically without (many) image pre-processing steps. Hence, we mainly intro-

duce recent works on deep metric learning and deep contrastive learning in the following.

Deep metric learning [66] and deep contrastive learning [12] sometimes are confused
by researchers because they share similar ideas. Both of them learn embedding repre-
sentations from inputs. However, deep metric learning was inspired by traditional metric
learning methods [100], i.e., t-SNE [101], K-nearest neighbors [102,103], and relevant vari-
ants. Metric learning maps input data samples into embedding representations and then
calculate distances between these embeddings for clustering or classification tasks. Deep
metric learning replaces sophisticated manually designed mapping functions with deep
neural networks. On the other hand, deep contrastive learning is a subset of deep metric
learning. Deep contrastive learning methods learn embedding representations in a con-
trastive fashion [104]. It requires that similar data samples (data samples from the same
class) should be close to each other in the embedding space. On the other hand, dissimilar
data samples (data samples from different classes) should be far away from each other in
the embedding space. In another words, similar data samples should have similar embed-
ding representations, whereas dissimilar data samples should have dissimilar ones. Han

et al. [105] used a contrastive learning method to pre-train a feature extractor in a self-
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supervised way and added a classification head to fine-tune the whole model for pneumonia
detection on chest X-ray images. Similarly, Chen et al. [106] also used a contrastive loss
to train an encoder. But they adopted the pre-trained encoder for classification using a
few-shot learning method to diagnose COVID-19 based on chest CT images. More similar
works [107-110] used contrastive learning methods to learn better feature representations
from medical images. Deep contrastive learning methods do not always calculate distance
based on the learned feature embeddings. To make the statement clearer, we call our

method a deep contrastive metric learning method.

Overall, deep contrastive metric learning methods can map input images into a differ-
ent latent feature space. Due to limitations of cross-entropy-based loss functions in our
challenge, we use the idea of deep contrastive metric learning directly, rather than with
pre-training. Based on our proposed novel loss function, a mapping function can be learned
to force normal samples into a hypersphere and push anomaly samples away from this hy-
persphere. A prediction decision can be made directly according to the boundary of the

hypersphere.

3.5 Summary

In this chapter, we introduce some machine learning methods applied to the classification
of fecal brains or brain malformations, but there is no method to specifically detect PMG
on MRIs. In addition, we not only introduce binary classification and anomaly detection
methods but also illustrate the limitations of these two types of methods for the detection of

PMG on MRIs from our PPMR dataset. Moreover, we introduce deep metric learning and
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deep contrastive learning methods, which inspire our novel center-based deep contrastive
learning method to detect PMG on MRIs. Our method combines the strength of binary
classification and anomaly detection. In the next chapter, we introduce our proposed

method in detail.
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Chapter 4

Proposed Method

4.1 Overview

The diversity of polymicrogyria (PMG) MRIs is small and the number of PMG MRIs and
the number of normal MRIs are imbalanced in our PPMR dataset. Cross-entropy-based
loss functions have several limitations: they easily lead to overfitting during training since
the dataset is small; they tend to predict more testing samples as the majority class; and
they lack the generalization ability on unseen features. To mitigate these issues, we propose
a novel cDCM loss function for center-based deep contrastive metric learning and a custom

convolutional neural network (CNN) structure for PMG detection in pediatric brain MRIs.

Our novel cDCM loss function can improve model generalization, and the decision
boundary of this loss function tends to produce high recall with acceptable precision over

two datasets: the modified CIFAR-10 and the PPRM. More details about our novel cDCM
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loss function are demonstrated in section 4.2. Since the goal of our research is to design a
computer-aided diagnosis method to identify possible PMG, and radiologists should focus

on images predicted as possible PMG, recall is more important than precision in our setting.

We customize a deep learning structure which is specifically designed for our PPMR
dataset and compare our custom model with two popular CNN structures, in particular,
to EfficientNet and to ResNet50. Since radiologists need to focus on both local features,
such as gyri and boundary, and global features, such as spatial surroundings, our custom
structure is designed to extract both local and global features. Moreover, our custom
structure is composed of dilated convolutions [13], squeeze-and-excitation [14] blocks and
DenseNet-like [15] feature fusion, to assist in extracting key features of PMG on MRIs.

More details about our custom model structure are discussed in Section 4.3.

4.2 Loss Function

Inspired by the loss function of Deep SAD [16] and the hinge loss [111], we propose a novel
center-based deep contrastive metric learning loss function (¢cDCM), which has a clear pre-
defined decision boundary to help make the final decision. Our deep learning model f

maps each input image to an n-dimensional latent representation.

Specifically, Deep SAD uses

1 o= o
Loss = — ;™ 4.1
=Y (4.1
where y; = {—1,+1}; y; = +1 denotes normal samples; and y; = —1 denotes anomaly
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samples. d; is the distance from the latent representation of sample ¢ to the center c¢. Deep
SAD loss can force normal samples close to the center ¢ and push anomaly samples far

away from the center ¢, but there is no clear decision boundary for the Deep SAD loss.

Consider the hinge loss, which is defined as

LHinge = max(O, 1- Yy * @) ) (42)

where y is the ground truth (either +1 or -1), and ¢ is the prediction of the classifier.

The basic idea of our novel cDCM loss function is shown in Figure 4.1. This loss can
force negative (normal) samples to be close to the center ¢, and it can also push positive

(anomaly) samples outside the circular margin centered at c.

We use the Euclidean norm to measure the distance between latent representations of

samples and the center c.

di = ||l; = cl] (4.3)

where [; is the latent representation of sample i, and d; is the Euclidean norm between

the latent representation and the center c.

Our loss function is then
1 — 1«
Loss = N;(l—yi)*di—kszla*yj*max(o,m—dj) (4.4)
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Figure 4.1: Illustration of our novel cDCM loss function, the four-pointed star represents
the center ¢, anomaly samples in the latent representation are marked with a square, normal
samples in the latent representation are represented by a small circle, and the large circle
represents the decision boundary.

where N is the number of normal samples in one batch; M is the number of anomaly
samples in the same batch; m is the margin, which can also be regarded as the distance
from the center ¢ to the decision boundary, and y is the label. Positive (anomaly) samples

are labelled y=1, whereas y=0 is the label for negative (normal) samples.

We initially experimented with the loss function in Equation 4.4, but we found many
positive (anomaly) samples distributed around the decision boundary after the training
converged. To make sure the majority of positive (anomaly) samples are not close to

the decision boundary (margin), we add the term %, which increases the gradients

1+
for positive (anomaly) samples which are outside of the circle but close to the decision

boundary (margin). This term pushes positive (anomaly) samples further away from the
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center ¢. We also add the parameter a to account for an imbalanced dataset and hence

our novel overall loss becomes

1

o) (49)

N
Loss = — Zl—yz*d —|——Zoz*y] * (maz(0,m — d;) +
i=1 J=1

The values of the different loss terms in Eqn. 4.5 depending on distance from the centre

are plotted in Figure 4.2.

Loss
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Figure 4.2: Loss value plot. The red line in the plot represents the loss of samples which are
labeled as negative (normal), whereas the green line represents the loss of samples which
are labeled as positive (anomaly). In addition, the blue line is the decision boundary
(margin).

A center c¢ is also employed in the deep contrastive metric learning methods: Deep

SVDD [98] and Deep SAD methods. However, these methods use an autoencoder which is
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trained first and then, a center c is calculated based on the average of latent representations
of all normal samples in the training data. Deep SAD demonstrated fixing the center ¢
during training can achieve smoother and faster convergence [16]. In our research, we
theoretically and experimentally prove that the hyper-parameter center ¢ can be chosen

randomly at initialization time, and then be fixed during training.

Since the center ¢ is one important component of our loss function, choosing the correct
center ¢ may appear essential. Next, we will show however, that this center ¢ can be
chosen randomly at initialization time, and experimentally verify this proposition again in

Section 6.5.

Proposition: Given a specific deep learning structure, ideally, if one center ¢’ is initial-
ized randomly and is fixed during training, one model trained on this center ¢’ can achieve
the same optimum as other models trained on other centers. It is not necessary to find the

true center c first.

Proof:

1. Assume there is a true center c¢(cg, ¢y, Co, ..., ¢,) of the latent representations of all

normal samples, and ¢ is a n+1 dimensional vector

2. Our randomly defined center is ¢/(co + o, ¢1 + S1,Ca + S2, ..., € + Sp), Where s, is a

constant value.

3. Assume there is an hypothetical well-trained model f based on the correct center c,
so f(z) = (lo,l1,1, ..., 1,). I; represents the i value of the latent representation [ in

dimension 7.
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4. Our well-trained model based on our randomly initialized center ¢’ can be represented

as f'(z) = (I, 1,1, ..., 1),

5. The squared distance between the latent representation of a sample in the hypothet-
ical well-trained model f from the true center is d* = (o — co)* + (Iy — ¢1)? + (I2 —

02)2 + ...+ (ln — Cn)2

6. And the squared distance between the latent representation of a sample in our well-
trained model f’ from the randomly defined center is d? = (Ify — co — s0)? + (I} — 1 —

s1)2+ (I —co—82)2 + .+ (I, — ¢ — 812

7. If there exists a simple method to ensure that d*> == d’* for each sample, our well-
trained model f’ based on center ¢ will have the same global loss value as the well-

trained model f based on the center ¢. An obvious solution would be

lo == lE) — So
ll == lll — 51
lg == l; — S9
l, == I, — s,
8. We can write I/, as [, +k,, where k,, is another constant value. If we want [,, == I/, —s,,,
we must ensure [, == I/, + k, — s, and hence we have to set k, == s,.

9. We consider s, as the shift of the true center ¢. And intuitively, k,, can be regarded
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as the shift of latent representations in the latent space. A shift of the latent rep-
resentations can be achieved by the bias term of the last fully-connected layer in
the model. Hence, although the loss is only minimized for all training samples as a
whole, there exists a simple solution for deep learning models to meet d? == d? for

each sample by modifying only the bias term.

10. The minimum loss value is 0 given our novel cDCM loss function. In this case, all
normal samples will be located at the position of the center in the latent representa-
tion. Hence, shifting centers means shifting all normal samples in the same direction

and it is not necessary to find the true center based on normal samples.

Overall, the training process could simply ensure that the the correct center ¢ shifts to
random center ¢, and the latent representation of each sample based on the correct center
c will also be shifted, to keep the same distance from each data sample to the center.
However, if the loss does not reach 0 for the normal samples, and considering the loss
caused by the anomaly samples, there could be other complex transformations for these

latent representations to make sure the global loss is optimal.

In addition, different model structures likely map samples differently into the latent
space and hence some may be better than others. Therefore, model structure is also

important to achieve good performance.
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4.3 Model Structure

Although we introduce a novel cDCM loss function which can partly deal with the gen-
eralization problem on a small imbalanced dataset, it is still necessary to find a model
which can extract essential features from our hospital PMG images. According to PMG
disease characteristics in medical images, gray matter contour in a patient’s brain and gray
matter location in relation to the whole brain are both important features to distinguish

the observed medical images.

We design a custom CNN structure as shown in Figure 4.3. This model is inspired
by dilated convolution [13], squeeze-and-excitation (SE) [11] and a channel-wise attention
mechanism during feature fusion. In each SE-Dilated-Block (see Figure 4.4), we use dilated
convolution with three different dilation rates to extract features from different receptive
fields. Dilated convolution with a small dilation rate (e.g. 1) can extract local features,
the same as standard convolution, and dilated convolution with a large dilated rate can

extract global features [11].

However, although global and local features are both important, the importance of
local features varies in different layers of the model. For example, shallow layers may
extract local features but deep layers may extract more global features. To deal with
this issue, we use the squeeze-and-excitation block, which performs like a channel-wise
attention [112], to help us select important feature maps dynamically during training.
In the whole structure, shallow SE-Dilated blocks extract local features, and deep SE-
Dilated blocks extract global features. Fusing shallow features and deep features may

improve overall performance. A Multi-Layer Perceptron (MLP) head maps fuses features
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into a low dimensional vector, since we calculate a distance metric in our novel cDCM loss
function. We also note that a low dimensional latent space helps to address the "Curse of
Dimensionality" when calculating distances [55]. More details about this model structure

are demonstrated below.

SE-Dilated-Block6é
SE-Dilated-Block5
SE-Dilated-Block4

SE-Dilated-Block3
SE-Dilated-Block2
SE-Dilated-Block1

Figure 4.3: Model structure for PPMR dataset classification. GAP means global average
pooling. Red rectangles represent max pooling.

4.3.1 Dilated Convolution

In each SE-Dilated-Block, we use dilated convolutions with three different dilation rates, 1,
2, and 3 separately. Dilated convolution with a dilation rate of 1 can extract local features,
and with a dilation rate of 3 can extract relative global features. Three different dilated
convolutions can extract local and global features together. In addition, three versions of

feature maps are concatenated together for further processing.
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Figure 4.4: SE-Dilated-Block
4.3.2 Squeeze and Excitation Block

Intuitively, not all feature maps extracted from dilated convolutions are essential. Maybe
local features are more important in some layers, but global features are more important
in other layers. Squeeze-and-excitation (SE) blocks perform like a channel-wise attention
mechanism [112]. Attention weights are multiplied on each feature map, and high weights
should be assigned to essential feature maps, whereas low weights should be assigned to
insignificant feature maps. Hence, with SE blocks, attention is automatically directed to
local or global features as appropriate. Channel-wise attention weights are generated from

their own feature maps. Global average pooling processes feature maps from dimension

49



W x H x C' to dimension 1 x 1 x C'. Then, an MLP layer changes its parameter, but the
dimension stays the same. Finally, the sigmoid activation function transforms attention
scores to a range from 0 to 1, where 0 means ignoring the feature map in a channel is

appropriate; and a score close to 1 means the feature map in another channel is important.

4.3.3 Feature Fusion

Concatenation of three versions of dilated feature maps is a type of feature fusion. Apart
from that, we fuse feature maps from different layers via DenseNet-like [15] connections.
Since the fused feature format should be a 1D vector, global average pooling layers can

transform a series of 2D feature maps to this 1D vector.

4.3.4 Dimensionality Reduction Head

Xia et al. [113] demonstrated Euclidean distance becomes less effective with increasing
dimensionality. Since we calculate the Euclidean distance in our loss function, the dimen-
sionality of the learned latent representations should not be high. In addition, these fused
features need to be selected for prediction. We use several MLP layers to simultaneously,

transform features and reduce the dimensionality.

4.4 Summary

In this chapter, we introduce our proposed method, including our novel cDCM loss function

and custom model structure.
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We illustrate the idea and formula of our novel cDCM loss function. Since there exists
a center in this loss function, we give a theoretical proof to verify that this center can be

assigned randomly in a proper way.

As for our custom deep learning model structure, we demonstrate our insights to design
this model and introduce the whole model structure and its components, including dilated
convolution, squeeze-and-excitation block, feature fusion, and dimensionality reduction

head.

In next two chapters, we introduce two datasets and conduct experiments to show the

advantages of our proposed method.
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Chapter 5

Datasets and Experimental Settings

In this chapter, we introduce two datasets: the modified CIFAR-10 dataset and the pe-
diatric polymicrogyria MRI (PPMR) dataset, clarify evaluation metrics, and demonstrate

the experimental setting for these two datasets.

5.1 Dataset Description

We provide a modified CIFAR-10 dataset setting to mimic the main challenges of our
research; specifically minority class samples in the training data are not representative. As
training the PPMR dataset is time-consuming, we use a modified CIFAR-10 dataset to
perform exhaustive experiments, comparisons, and analysis; and use the best loss function
on the PPMR dataset. The modified CIFAR-10 dataset settings and codes are open-

sourced, so everyone can reproduce these experiments or modify the code for their own
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usage. The anonymized PPMR dataset will also be made available. More details of these

two datasets are given in the following sections.

5.1.1 Modified CIFAR-10 Dataset

CIFAR-10 dataset is a collection of color images with the resolution of 32 x 32 grouped
into ten classes: airplane, automobile, bird, cat, deer, dog, frog, horse, ship and truck.
Each class contains 5,000 training images and 1,000 testing images. To mimic binary
classification or anomaly detection, we pick one class as normal (negative) samples, and
the rest of the classes as anomalous (positive) samples. In addition, we split these 5,000

training images into training data and validation data with a ratio of 8:2.

Since our PPMR dataset is imbalanced and lacks data diversity, we modify the CIFAR-
10 dataset to make it an imbalanced dataset. The imbalanced ratio in the modified CIFAR-
10 dataset should be slightly different from the ratio between normal and anomalous sam-
ples in our PPMR dataset, which is 5:1. In our PPMR dataset, the diversity of anomalous
samples is small because there are multiple consecutive MRIs which are similar to each
other. If we employ the same imbalanced ratio, the diversity of anomalous samples in
the modified CIFAR-10 dataset ought to be larger than the anomalous diversity in the
PPMR dataset. This is the main reason why we use different imbalanced ratios of these
two datasets. Hence, we set the imbalance as 10:1 of normal to anomalous samples. After
modification, the amount of normal training data is 5,000%80% = 4, 000 and the amount of
anomalous training samples is 4, 000% 10% = 400. The amount of normal validation data is

5,000 % 20% = 1,000 and the amount of anomaly validation data is 1,000 % 10% = 100. As
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for testing data, we want to observe the distribution of prediction values on the whole test-
ing data, so we have not removed any data samples from testing data. Hence, the amount of

normal testing data is 1,000; and the amount of anomaly testing data is 1,000%9 = 9, 000.

Moreover, we pick one class as normal, and the rest of the 9 classes as anomalies, but
only 5 anomaly classes appear in training and validation data. We call these classes that
appear in training and validation data as seen anomaly. On the other hand, classes that

only appear in testing data are called unseen anomaly.

Class ID and label name matches are shown in Table 5.1. One detailed example where
the ship class with class ID 8 is regarded as the normal class is shown in Table 5.2. In
this case, the normal class has ID 8, seen anomaly classes have IDs 9,0,1,2 or 3 and unseen

anomaly class have IDs 4,5,6 or 7.

Class ID Label Name

airplane
automobile
bird

cat

deer

dog

frog

horse

ship

truck

© 00 1O Ut Wi~ O

Table 5.1: Class ID and label name matches
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Data Splitting Training Validation Testing

Normal Data Amount 4,000 1,000 1,000

Anomaly Data Amount 400 100 9,000

Normal Class ID 8 8 8

Anomaly Class IDs 9,0,1,2,3 9,0,1,2,3 9,0,1,2,3,4,5,6,7

Table 5.2: Data splitting example

5.1.2 Pediatric Polymicrogyria MRI (PPMR) Dataset

The Research Ethics Board of the Children’s Hospital of Eastern Ontario gave its approval
to the research protocol. Due to the study’s retrospective nature, informed consent was
waived. We looked for PMG in the hospital’s radiology information system. The MRI
studies performed on these patients were searched for in the hospital’s picture archiving

and communication system (PACS).

A pediatric neuroradiologist with 12 years of experience reading children’s brain MRIs
reviewed the studies. He is a fellow in pediatric radiology. The patient was included in the
study if PMG was found to exist. The highest resolution sequence for displaying cortical
detail, the coronal 3D gradient echo T1 weighted sequence, was exported as JPEG images
from the PACS system. One examination was performed on each patient. The most recent
study was picked if there were many studies. Moreover, the imaging parameters for the

coronal T'1 weighted sequence are shown in Table 5.3.

3T Skyra magnet 1.5 Tesla Cigna magnet

machine Siemens General Electric
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3T Skyra magnet 1.5 Tesla Cigna magnet

repetition time (TR) 2200 ms 10.44 ms
inversion time (TI) 1030 ms 450 ms
echo time (TE) 2.63 ms 4.3 ms
matrix 320%260 512*512
slice thickness 1.2 mm 1.2 mm
FOV 20*23 cm 22*%27 cm

Table 5.3: Imaging parameters for the coronal T1 weighted sequence

Three control subjects were chosen for each patient and matched for gender and age
(within 6 months). The coronal 3D gradient echo T'1 weighted sequence was chosen for the
patients. The images anterior to the mid-coronal plane of the orbital globes and posterior to
the torcula herophili were discarded because they were insufficient for displaying grey and
white matter. The radiologist went over the patient’s MRI slices once more and labelled
whether PMG was present or not (1 if present, 2 if absent). Since this dataset is labelled
only by one senior radiologist but different experts may annotate differently. Especially

confusing slices may not always be well-labelled. We can regard these slices as noisy data.

The incidence of polymicrogyria is unclear and rare [ 14]. Hainc et al. |1 15] analyzed 819
patients they encountered in total starting from 2008 to 2021. Only 14 patients suffered
from polymicrogyria, which is a ratio of 1.7%. Based on a brief analysis of a database

from the hospital, Dr. Abdeen estimated the population incidence of polymicrogyria to be

0.01%.

The PPMR dataset contains 23 patients in total. For each patient, we collect 3 age
and gender-matched controls because it reduces the skew in the dataset. In each patient’s

brain, some MRI slices show anomalies and hence are anomaly slices but some other slices
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are normal. Furthermore, anomaly slices often occur in the center of the transverse axis
of the patient’s brain, and normal slices are normally on two sides of the brain. Although
the ratio between controls and patients is 3:1, the ratio between normal slices and anomaly
slices is around 5:1. The ratio between the amount of normal MRI slices and the amount
of anomaly MRI slices for each patient are shown in Figure 5.1. And the whole amount of
normal MRI slices and anomaly MRI slices for each patient with 3 controls are shown in

Figure 5.2. We can see this is an imbalanced dataset.

mm  Anomaly
e Mormal

200 4

150 4

100 4

MRI Slices Amount

12 3 456 78 91011121314 151617 18 19 20 21 22 23
Patient ID

Figure 5.1: The amount of normal slices and anomaly slices for each patient

Each patient’s brain includes around 150 scans on average. For example, the 3D view
of one pediatric brain is shown in Figure 5.3, and all MRIs of this brain are shown in
Figure 5.4. Besides, consecutive PMG scans are similar, so the whole dataset lacks disease
diversity. Since we design a specific 5-fold CV for the PPMR dataset, which includes
inner and outer folds and is demonstrated in detail in Section 5.3.3, we will also split

these 23 patient brains into training, inner fold validation, and outer fold validation data,
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Figure 5.2: Our hospital polymicrogyria dataset MRI slices distribution

with a ratio of 15:4:4. Overall, PMG data are limited, and may not represent the whole
distribution of anomaly samples. Even worse, features of PMG scans in inner fold validation
or outer fold validation data could be different from features of PMG scans in training data.
We regard PMG scans in outer fold validation data which have similar features to PMG
scans in training data as ’seen anomaly’. On the other side, PMG scans in outer fold
validation data which have dissimilar features are called 'unseen anomaly’. This is a small

dataset for deep learning.

To avoid data leakage, we divide the whole dataset into training, inner fold validation,
and outer fold validation data at the patient level, because this kind of data split method
is more appropriate, compared with the slice-based split [116, 117]. In other words, all
PMG scans of one certain patient must be only in training, inner fold validation, or outer

fold validation data exclusively. The patient-based data splitting method makes working
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Figure 5.3: 3D view of one pediatric brain

with the small dataset more challenging but is crucial because of the similarity between

neighboring slices for a patient.

5.2 Metric and Evaluation

Accuracy, precision, recall, Fj3 measure, area under the curve of ROC are commonly used
to evaluate the performance of binary classification tasks. These formulas are listed in

Eqn. 5.5 to Eqn. 5.8.

TP : TruePositive (5.1)

TN : TrueNegative (5.2)
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Figure 5.4: All MRIs of one pediatric brain

FP: FalsePositive

F'N : FalseNegative

TP+TN
TP+TN+ FP+FN

Accuracy =

60

(5.3)
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TP

PT@C’L.SZ'OTZ = m—w (56)
TP
Recall = m—m (57)

Precision x Recall
B2 x Precision + Recall

Fp = (1+8%) (5-8)

Specifically, £ is a factor which controls the importance between precision and recall.
When g = 1, F; measure is the harmonic mean of precision and recall. Since we consider
recall more important than precision in our task, we also consider § > 1. For example,
when § = 2, F, measure means recall is twice as important as precision. Two formulas are

listed in Eqn. 5.9 and Eqn. 5.10.

2 % Precision x Recall
=

(5.9)

Precision + Recall

B 5 % Precision x Recall
4% Precision + Recall

Fy (5.10)

The recall, also known as sensitivity, or true positive rate, is regarded as the most
important metric in medical image classification |1 18]. The purpose of this research project
is to assist radiologists with detecting PMG from children’s magnetic resonance imaging
(MRI) brain scans. The goal for our model is to miss as few positive (anomaly) samples

as possible. It is unreasonable to only take recall into account because it is trivial for a
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classifier to attain 100% recall by simply predicting all samples as positive. In our opinion,
we consider recall more important than precision, so the F5 measure is chosen as the crucial
evaluation metric. In addition, we will also report other metrics such as recall, precision,
F} measure, accuracy, area under receiver operating characteristic (ROC) curve [119], etc.
If there exists one deep learning model which has a good F, measure, meaning a relatively
high recall and an acceptable precision, this deep learning model can predict all MRI scans
and select some potential PMG disease scans, then, radiologists or doctors can focus more

on verifying these scans predicted as PMG by the deep learning model.

5.3 Experimental Settings

5.3.1 Training Details on Modified CIFAR-10 Dataset

Our method uses an end-to-end training strategy. In our novel cDCM loss training, we
employ the same LeNet-type [120] convolutional neural networks (CNN) to train our model
on the modified CIFAR-10 dataset as Ruff et al. have used in their corresponding Deep
SAD experiments. LeNet-type CNN architecture is illustrated in Figure 5.5. The model
structure is sequential, which includes 3 CNN blocks and a fully-connected dense layer
to map features into a 128-dimensional vector. Each CNN block contains a convolution
layer with a kernel of 5 x 5, a batch normalization layer, a leaky ReLLU activation with
a leaky ratio of 0.01, and a max-pooling layer with a pooling size of 2 x 2. We choose
the output channel dimensions as 32, 64, 128 respectively in these 3 CNN blocks. More

hyper-parameters settings are shown in Table 5.4.
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Figure 5.5: LeNet-type CNN

Hyper-parameters Value
margin )
theta 5)
Latent Representation Dimension 128
CNN Kernel Size 5
Leaky ReLU ratio 0.01
Optimizer Adam
Initial Learning Rate le-3
Batch Size 128
Maximum Training Epochs 400

Table 5.4: Hyper-parameters setting for the modified CIFAR-10 dataset

As for the cross-entropy-based loss training, based on the structure in Figure 5.5, we
add one more fully-connected dense layer to transform the 128-dimensional vector into one

probability logit value with the help of a sigmoid activation.

Since modified CIFAR-10 training and validation data lack diversity, training models
is easy for a model to overfit to the training data. To relieve overfitting, we choose four

different data augmentation methods (i.e., rotate, shift, shear, and zoom) during training.
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In addition, since our PPMR dataset is small, training deep learning models on this dataset
is easy to lead to overfitting as well. We minimize the loss, however when evaluating the
corresponding model parameters on the validation set, we rely on the AUCROC metric.
Therefore, we save the model parameters with the best metric on the validation data during
training and keep this model eventually for inference. After inference, we find we can get
a high recall and acceptable precision. There are several reasons why we choose the best

validation AUCROC rather than other validation metrics during training:

e If we choose the best validation recall during training, the model tends to predict all

samples as anomalies, which is 100% recall, so this trained model is meaningless.

e We do not want to choose the best validation precision during training, mainly be-

cause although precision is necessary, we focus more on recall in this research.

e Accuracy is not meaningful in our task because the modified CIFAR-10 dataset and

our PPMR dataset are imbalanced.

e The best F; measure does not always represent good recall and acceptable precision.
A good F} measure may represent good precision but not high recall, or it may

represent a medium precision and recall, neither is a good solution for our application.

e Although the F;, measure can represent a high recall and an acceptable precision,
the distributions between validation data and testing data are shifted due to unseen
anomalies. Hence, an optimal threshold to achieve a high F, measure from validation
data may not be a good threshold for the testing data. This will be investigated in

more details in Chapter 6.
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During training, we decay the learning rate with a ratio of 0.5 when validation loss is on a
plateau (no decrease) within 900 iterations. Moreover, since the number of training epochs
is one important hyper-parameter setting, we set a relatively large number of training
epochs, i.e., 400, and apply early stopping when the validation loss does not decrease
within 4,500 iterations. Early stopping helps to save a lot of computational resources and

time during training.

Since we use the same testing data for all models in the CIFAR-10 dataset, it is not
necessary to do cross-validation in our modified CIFAR-10 dataset. To obtain more stable
results, we train each model 5 times with random weight initialization and then average the
results of these 5 experiments. Models on the modified CIFAR-10 dataset are implemented

in TensorFlow 2.8 and trained on Google Colab Pro-+.

5.3.2 Training Details on Our Pediatric Polymicrogyria MRI (PPMR)

Dataset

In this section, we illustrate training details on our PPMR dataset. The input image
shape is 256 x 256 x 3, and these images are normalized to the range from 0 to 1. More

hyper-parameters settings are given in Table 5.5.

Hyper-parameters Value
margin 5)
theta 5
center All 1.0
Latent Representation Dimension 128

CNN Kernel Size, except Dilated CNN 3
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Hyper-parameters Value

Leaky ReLU ratio 0.01
Dropout ratio 0.2
Optimizer Adam
Initial Learning Rate le-3
Batch Size 64
Maximum Training Epochs 200

Table 5.5: Hyper-parameters setting for the PPMR dataset

Some work [121,122] used skull stripping as one pre-processing step on the brain tumor
challenges. But we do not choose this pre-processing step because it may lose some essential
information of PMG, such as parts of gray matters connected with the brain skull, which is
shown in Figure 5.6. In addition, skull stripping could cause some errors because it removes
some important areas. One example is shown in Figure 5.7, and we can see almost half
of the brain area is removed. On average, around a quarter of MRIs after skull stripping
are failure cases with the PyPI DeepBrain package, and the majority of these failure cases
often occur on two sides of the transverse axis of the patient’s brain. While other packages
may have higher success rates, we chose not risking to invalidate any data of our small

dataset.

0 100 200 0 100 200

Figure 5.6: Relatively good skull stripping. Left is the original image and right is the
image after skull stripping. This skull stripping uses PyPI DeepBrain package.
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o 100 200 o 100 200

Figure 5.7: Bad skull stripping. Left is the original image and right is the image after skull
stripping. This skull stripping uses PyPI DeepBrain package.

We trained our customized deep learning model only on our PPMR dataset, mainly
because the LeNet-type model is too simple and not suitable for the complex polymicrogyria
classification task, but our customized deep learning model is too complex for CIFAR-
10 dataset classification tasks. Hence, we trained two different models for two different
datasets. Models on our PPMR dataset are implemented in TensorFlow 2.4 version and
trained on a single NVIDIA GeForce RTX 3090 24GB GPU. We use the batch size of 64
in PPMR dataset rather than 128 in the modified CIFAR-10 dataset to fit the model and
data into memory. In addition, training strategies, including data augmentation, learning
rate decay on a plateau, early stopping, saving model weights with the best validation

AUCROC, and so on, are the same as for the modified CIFAR-10 dataset training setting.

Different from averaging five randomly initialized training results on the modified
CIFAR-10 dataset, we choose a specific cross-validation to record the performance results

on PPMR dataset.
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5.3.3 Cross Validation (CV)

We utilize a specific 5-fold cross-validation in our PPMR dataset. Our specific 5-fold
cross-validation includes the inner and outer fold inspired by the double cross-validation.
Different from double cross-validation, we utilize four inner folds with different validation
data for each outer fold. Since our whole PPMR dataset is relatively small, validation data
may be biased or be not representative. In addition, the poor quality of validation data will
affect model generalization. If we want to obtain a model with good generalization, we have
to save model weights where validation performance is at least good enough. Therefore,
in each outer fold inference phase, we pick the model with the best validation AUCROC

value in these 4 inner folds.

5.4 Summary

In this chapter, we introduce two datasets: one is our PPMR dataset and another one is
the modified CIFAR-10 dataset. The modified CIFAR-10 dataset is imbalanced and the
classes are only partly seen in the training data by the model, to mimic the challenge of
our PPRM dataset. We also introduce evaluation metrics in this chapter. In addition, we
illustrate training configuration and strategy details based on these two datasets. In the

next chapter, we present, analyze, and discuss experimental results.

68



Chapter 6

Experimental Results, Analysis and

Discussion

6.1 Overview

In this chapter, we show comprehensive experimental results. To reveal the advantages
of our novel cDCM loss function, we perform experiments to compare our novel cDCM
loss function with cross-entropy-based loss functions on the modified CIFAR-10 dataset
in Section 6.2. Because our novel cDCM loss function is inspired by the Deep SAD loss
function, we also perform experiments to compare our novel cDCM loss function with the
Deep SAD loss function on the modified CIFAR-10 dataset in Section 6.3. We show that our
novel cDCM loss function surpasses the state of the art on our modified CIFAR-10 dataset.

In addition, we conduct the tests of statistical significance between 5 different loss functions
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on the modified CIFAR-10 dataset in Section 6.4. Moreover, we also perform experiments
on the modified CIFAR-10 dataset in Section 6.5 to verify that choosing different centers in
our novel cDCM loss function does not affect the final performance too much. Additionally,
choosing different margins in our novel cDCM loss function also does not affect the final
performance too much and these results are given in Section 6.6. As we show the advantages
of our novel cDCM loss function in previous experiments, we then apply our novel cDCM
loss function to the PPMR dataset and apply our customized deep learning model to the
PPMR dataset. In addition, in Section 6.7, we also perform experiments to compare our
custom deep learning model with the two popular CNN models EfficientNet and ResNet50
in order to demonstrate the usability of our custom model structure. In Section 6.8, we
conduct an ablation study on our custom deep learning model structure to verify the
importance of each component. Finally, we carry out some results analysis of the current

best method on the PPMR Dataset in Section 6.9.

6.2 Comparison with Cross-Entropy-based Loss Func-

tions

In this section, we compare the modified CIFAR-10 dataset performance of our novel cDCM
loss function and several cross-entropy-based loss functions, i.e., binary cross-entropy loss
(BCE) in Eqn. 6.1, weighted binary cross-entropy loss (WBCE) in Eqn. 6.2, and focal
loss [123] in Eqn. 6.3.
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The definitions of the loss functions are as follows:

N
Lpce = — Z y; *xlog y; + (1 — y;) * log(1 — ;) , (6.1)

where y is the ground truth and g is the prediction; and,
N
L ——ig (axy; xlogy; + (1 —a) x (1 —y;) xlog(1 — ¥;)) (6.2)
WBCE — N Yi g Yi Yi g Yi ) .

=1

where « is the weight to balance the ratio of positive and negative; and,

Lpoca = — (1 —9;)" xlogyi + (1 — ;) * 4" xlog(1 —5;)) , (6.3)

HMZ

where v (y > 0) is the scaling factor to force deep learning models to learn more on hard

samples.

The binary cross entropy loss is commonly used for binary classification tasks, but it is
not suitable for imbalanced datasets because this loss function tends to predict samples as
the majority class. Weighted binary cross entropy loss puts more weight on the minority
class in the loss function, so this loss can force deep learning models to learn more about the
minority class. Focal loss focuses on learning hard samples, including misclassified samples
and minority class samples. Intuitively, the scaling factor 7 can quickly concentrate the
model on hard examples, which are misclassified by the model, while automatically de-
weighting the contribution of easy examples, which are correctly classified by the model,

during training. [123]
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The distribution of the testing data and the distribution of the training data are not
the same, because training and validation data are not representative in the modified
CIFAR-10 dataset. Consequently, we choose the default threshold 0.5 for BCE, WBCE,
and focal losses; and choose the hyper-parameter margin as the decision threshold for our
novel cDCM loss. Comparison results between our novel cDCM loss function with cross-
entropy-based loss function are recorded in Table 6.1. We can see AUCROC values of
these 4 loss functions are similar, but our novel cDCM loss function has an advantage at
the predefined decision thresholds. In Figure 6.1, we can see our novel cDCM loss achieves
better F, measure values in all classes, compared with other loss functions. Moreover,
our novel cDCM loss function tends to provide a higher recall without reducing precision
too much. Moreover, the F, measure of the three cross-entropy-based loss functions are
relatively low when the bird is the normal class, compared with other normal classes. This is
probably because seen anomaly classes are all animals which include cat, deer, dog, frog and
horse, but unseen anomaly classes are all vehicles which include ship, truck, airplane and
automobile. Seen animal anomaly classes are more similar to the normal class compared
with unseen vehicle anomaly classes. Trained models which are optimized by cross-entropy-
based loss functions will regard the majority of unseen vehicles as the majority class during

inference, which should be the bird. However, our cDCM loss function can alleviate this

issue.
Normal Loss Precision Recall F} mea- F, mea- Accuracy AUCROC
Class sure sure

airplane Ours 0.9841 0.7239 0.8328 0.7637  0.7407 0.8929
£0.0048 +0.0594 =£0.0389 =+£0.0530 =£0.0496 =+£0.0058
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airplane BCE 0.9929 0.5423 0.7010 0.5962 0.5845 0.8870
+0.0010 +0.0297 £0.0245 +0.0286 =£0.0263 =+0.0034
airplane WBCE  0.9919 0.6127 0.7547 0.6622 0.6467 0.8935
+0.0031 +0.0831 =£0.0619 +0.0772 =£0.0725 +£0.0100
airplane Focal 0.9937 0.4956 0.6570 0.5492 0.5431 0.8838
+0.0011 +0.0941 =£0.0845 +0.0931 =£0.0837 =+£0.0049
automobile Ours 0.9934 0.6735 0.8026 0.7198 0.7021 0.8927
+0.0011  +0.0172 =£0.0120 =+0.0157 =£0.0150 40.0050
automobile BCE 0.9978 0.5552 0.7131 0.6091 0.5985 0.9162
£0.0003 +0.0262 =£0.0217 +0.0253 =£0.0234 +0.0054
automobile WBCE  0.9972 0.5915 0.7419 0.6436 0.6308 0.9197
+0.0012 +0.0388 £0.0295 +0.0364 £0.0342 =+0.0037
automobile Focal 0.9965 0.5832 0.7354 0.6358 0.6230 0.9153
+0.0012  +0.0279 £0.0220 =£0.0265 +£0.0244 40.0027
bird Ours 0.9576 0.5641 0.7085 0.6140 0.5849 0.7310
£+0.0091 +0.0552 £0.0417 +£0.0518 =£0.0436 +0.0190
bird BCE 0.9827 0.2139 0.3494 0.2531 0.2890 0.7363
+0.0049 +0.0465 4£0.0604 +0.0516 =+0.0405 +0.0145
bird WBCE  0.9815 0.2534 0.4025 0.2975 0.3238 0.7483
£0.0022 +0.0204 =£0.0257 +£0.0225 =£0.0179 +£0.0068
bird Focal 0.9805 0.1896 0.3153 0.2255 0.2671 0.7257
+0.0052 +0.0499 =£0.0679 +0.0562 =£0.0434 =+0.0107
cat Ours 0.9662 0.6053 0.7433 0.6538 0.6256 0.7741
+0.0038 +0.0479 £0.0362 +0.0448 4+0.0396 +0.0056
cat BCE 0.9813 0.3566 0.5190 0.4074 0.4145 0.7679
£0.0057 +0.0765 =£0.0852 +£0.0811 =£0.0659 +£0.0096
cat WBCE 09717 0.4881 0.6324 0.5354 0.5243 0.7749
+0.0155 +0.1877 £0.1519 +0.1787 =£0.1552 +0.0186
cat Focal 0.9825 0.2944 0.4516 0.3419 0.3601 0.7548
£0.0031 +0.0427 =£0.0495 +£0.0459 =£0.0370 +£0.0072
deer Ours 0.9728 0.6546 0.7819 0.7002 0.6727 0.8261
+0.0018 +0.0418 £0.0302 +£0.0385 =£0.0358 +£0.0058
deer BCE 0.9927 0.3383 0.5042 0.3896 0.4022 0.8251
+0.0024 +0.0255 =£0.0285 +0.0271 4£0.0227 +£0.0059
deer WBCE  0.9873 0.4209 0.5729 0.4692 0.4725 0.8267
+0.0105 =+0.1828 +£0.1544 40.1768 +£0.1561 =+0.0114
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deer Focal 0.9873 0.4224 0.5757 0.4712 0.4736 0.8189
+0.0126 £0.1726 +0.1492 +£0.1681 =40.1461 =+£0.0094
dog Ours 0.9852 0.6231 0.7627 0.6722 0.6522 0.8624
+0.0033 +£0.0402 40.0292 =+0.0372 =£0.0337 =£0.0043
dog BCE 0.9936 0.4293 0.5985 0.4839 0.4838 0.8387
+0.0026 £0.0412 40.0406 +£0.0421 40.0359 +£0.0054
dog WBCE  0.9902 0.4856 0.6489 0.5397 0.5324 0.8439
+0.0051 =£0.0734 +£0.0626 =£0.0715 £0.0629 =£0.0058
dog Focal 0.9885 0.4815 0.6385 0.5331 0.5273 0.8389
+0.0100 +£0.1358 +0.1107 +£0.1301 +0.1151 =+£0.0029
frog Ours 0.9909 0.7090 0.8265 0.7518 0.7323 0.9107
+0.0016 £0.0142 +0.0091 +£0.0126 +0.0117 =£0.0056
frog BCE 0.9985 0.5077 0.6724 0.5628 0.5561 0.9066
+0.0011  +£0.0357 40.0308 +£0.0349 =+0.0316 =+0.0067
frog WBCE  0.9943 0.6329 0.7638 0.6810 0.6880 0.9139
+0.0043 +£0.0969 =£0.0734 +£0.0896 £0.0924 +0.0042
frog Focal 0.9968 0.5651 0.7196 0.6180 0.6069 0.9154
+0.0020 +£0.0608 40.0505 =+0.0587 =£0.0537 40.0052
horse Ours 0.9847 0.6120 0.7528 0.6613 0.6420 0.8510
+0.0058 +£0.0689 =£0.0526 +0.0647 =£0.0583 +0.0172
horse BCE 0.9982 0.3493 0.5165 0.4012 0.4138 0.8807
+0.0008 +£0.0399 =£0.0430 =+0.0419 =£0.0356 +0.0075
horse WBCE  0.9972 0.3883 0.5560 0.4414 0.4484 0.8852
+0.0016 +£0.0712 4£0.0708 +0.0729 +£0.0633 +0.0029
horse Focal 0.9981 0.3332 0.4994 0.3844 0.3993 0.8854
+0.0004 +£0.0186 =£0.0208 =+0.0198 =£0.0167 =£0.0050
ship Ours 0.9880 0.8281 0.9007 0.8557 0.8362 0.9412
+0.0028 +£0.0331 =£0.0187 +0.0280 =£0.0279 =40.0062
ship BCE 0.9954 0.6166 0.7593 0.6665 0.6523 0.9373
+0.0014 +£0.0733 =£0.0585 =+0.0698 =£0.0650 =0.0039
ship WBCE  0.9940 0.6714 0.8013 0.7179 0.7006 0.9395
+0.0009 +£0.0179 =£0.0125 =+0.0163 =£0.0155 =£0.0023
ship Focal 0.9938 0.6347 0.7723 0.6831 0.6675 0.9339
+0.0015 +£0.0778 4£0.0595 +0.0730 =£0.0688 40.0023
truck Ours 0.9828 0.7610 0.8575 0.7968 0.7729 0.8974
+0.0020 +£0.0298 40.0185 =+0.0260 =£0.0250 =0.0076
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truck BCE 0.9955 0.5057 0.6694 0.5604 0.5530 0.9006
£0.0009 +0.0494 =£0.0442 +0.0489 =£0.0439 =£0.0073

truck WBCE  0.9963 0.4874 0.6539 0.5426 0.5370 0.9045
£0.0008 +0.0378 £0.0340 =+£0.0375 =£0.0336 £0.0030
truck Focal 0.9954 0.4793 0.6441 0.5337 0.5292 0.9032

£0.0025 +£0.0764 =£0.0683 +£0.0756 =£0.0673 +£0.0065

Table 6.1: Comparison between our novel cDCM loss function and three cross-entropy-
based loss functions on the modified CIFAR-10 dataset. Each result value in the table is
the average of 5 experiments with different weight initialization.

0.8

0.7

—a— (urs
#— BCE
& WECE
—¥— Focal

0.6

F2

05

04

03

0z

glglE‘galé“@gQﬁl
2 g ° 3 E § % B
= E
m [=]
3
Category

Figure 6.1: Comparison of F» measure results between different loss functions on modified
CIFAR-10 dataset at the pre-defined decision threholds.

We analyze prediction distributions on modified CIFAR-10 training, validation, and
testing data separately. Results are shown in Figure 6.2. Figure 6.2(c) presents the testing
data prediction distribution based on the BCE loss. Although more than half of anomaly
samples are predicted as anomalous correctly, a large number of anomaly samples are
predicted as normal. We can see that this BCE loss model seems to overfit the data; be-

cause the predictions on the training data and validation data are perfect (see Figure 6.2(a)
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and 6.2(b)), but the prediction on the testing data is poor. Some test samples are predicted
incorrectly with high confidence scores. However, using the resulting model obtained with
our novel cDCM loss function results in a distribution of testing data predictions in the
approximate shape of a normal distribution (see Figure 6.2(f)). Moreover, based on Fig-
ure 6.2(c), simply moving the decision threshold for the BCE loss cannot trade-off precision
and recall easily because the model trained on the BCE loss fails to recognize too many
anomalous samples with high confidence. For example, if one prefers recall to precision, it
is reasonable to choose 0.2 or 0.1 as the threshold based on the Figure 6.2(b). However, it

does not improve recall too much on testing data.

In Figure 6.2(c), we can see prediction values of normal samples are closer to zero than
anomaly samples predicted as normal. There is one extreme scenario where all normal
samples are predicted as zero, while all anomaly samples are predicted as any values larger
than %O and smaller than or equal to 1. In this scenario, AUCROC value is 1, and this is

the main reason why BCE loss can achieve a good AUCROC value.

Figure 6.2(f) represents the testing data prediction distribution based on our novel
c¢DCM loss model. The blue vertical line at a value of 5 on the horizontal axis represents
the margin (or decision boundary). We can see only a small part of the samples are
predicted incorrectly. Moreover, the majority of normal samples are predicted close to
the center ¢, and the majority of anomaly samples are predicted outside of the decision
boundary. In our PPMR dataset, we do not have enough testing data to represent the
whole distribution of anomaly samples, and our PPMR testing data are sampled from
the whole distribution of anomaly samples. Based on Figure 6.2(f), if testing data are

randomly sampled from the whole distribution, recall remains still high, but precision will
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decrease dramatically. This is the main reason why our PPMR dataset tends to result in
high recall and high AUCROC, but relatively low precision results when we directly use the
predefined margin as the decision threshold. However, precision and recall can be simply
balanced by moving the threshold with our novel cDCM loss function, although we prefer

recall over precision in our application research.

Moreover, in Fig 6.2(f), the ship is the normal class; truck, airplane, automobile, bird,
and cat are seen anomaly classes; and deer, dog, frog, and horse are unseen anomaly classes.
In this figure, we can see that the distribution of unseen anomaly samples is on the right
side of the distribution of seen anomaly samples. This is mainly because the majority of
seen anomaly classes are vehicles, which are more similar to the class ship, compared to

animal classes in unseen anomaly classes.

However, in Fig 6.3(c), the airplane is the normal class; automobile, bird, cat, deer and
dog are seen anomaly classes; and frog, horse, ship and truck are unseen anomaly classes.
In this figure, we can see that the distribution of unseen anomaly samples is on the left
side of the distribution of seen anomaly samples, which is different from Fig 6.3(f). This is
mainly because the majority of seen anomaly classes are animals, which are dissimilar to
the class airplane. In addition, in testing classes, half the classes are animals, but the left

half are vehicles.

77



BCE loss training data prediction

Metric loss training data predictions

3500 normal normal
s anomaly 800 s anomaly
3000 700
2500 600
E 2000 4 = 500
5 5
H 3
£ £ 400
1500 o
300
1000 4
200
500 - 100
0 T v T T 0 T * T r
0.0 0.2 0.4 0.6 0.8 10 o 10 20 30 0 50
Prediction value Prediction value
(a) BCE loss training (d) our novel cDCM loss training
BCE loss validation data prediction Metric loss validation data predictions
normal 175 4 normal
800 e anomaly mem anomaly
700 150
600 125
£ 500 £ 100
3 3
& 400 1 g
754
300
50 4
200
100 259
0 T v T T [ R a— " r r
0.0 0.2 0.4 0.6 0.8 10 o 10 20 30 40 50
Prediction value Prediction value
(b) BCE loss validation (e) our novel cDCM loss validation
BCE loss testing data prediction Metric loss testing data prediction
1600 1 normal normal
B seen anomaly Bmm seen anomaly
1400 1 unseen anomaly unseen anomaly
1200 4
8
1000 4 g
= 3
5 Pt
2 800 S
g 2
600 £ 00
=2
400
200 |
0 wL"‘ y y y y
0.0 . 0.4 0.6 0.8 10

Prediction value

10 20 30 40 50
Prediction value

(c) BCE loss testing (f) our novel cDCM loss testing

Figure 6.2: Modified CIFAR-10 data samples prediction distribution on BCE loss and our
novel cDCM loss. We use the normal class 8 (ship) as a demo. More prediction distribution
plots for other normal classes are shown in the Appendix.

78



Metric loss training data predictions

normal
W anomaly

Amount

0 10 20 30 40 50
Prediction value

(a) our novel cDCM loss training when
the class 0 is normal

Metric loss validation data predictions

175 normal
e anomaly
150
125
5 100
g
7
50
25
0 — v r
[} 10 20 30 40 50

Prediction value

(b) our novel ¢cDCM loss validation
when the class 0 is normal

Metric loss testing data prediction

normal
= seen anomaly
unseen anomaly

w
=1
51

N
¥
]

~
S
3

=
&
=)

Number of samples

100

w
3

o

0 10 20 30 40 50
Prediction value

(c) our novel cDCM loss testing when
the class 0 is normal

Metric loss training data predictions

normal
m anomaly

Amount

o 10 20 30 40 50
Prediction value

(d) our novel cDCM loss training when
the class 8 is normal

Metric loss validation data predictions

175 normal
== anomaly

0 T T T
o 10 20 30 40 50
Prediction value

(e) our novel ¢cDCM loss validation
when the class 8 is normal

Metric loss testing data prediction

normal

== seen anomaly
unseen anoemaly

Number of samples

10 20 30 40 50
Prediction value

(f) our novel cDCM loss testing when
the class 8 is normal

Figure 6.3: Modified CIFAR-10 data samples prediction distribution on our novel cDCM
loss. We use the normal class 8 (ship) as one demo in left, and the normal class 0 (airplane)
as another demo on right.

79



6.3 Comparison with Deep SAD

Both the Deep SAD loss and our novel cDCM loss are center-based loss functions. However,
the decision threshold for Deep SAD loss is not defined. Zhou et al. [124] use 95% percentile
of distance values from all training normal samples to the center as the decision threshold.

For this reason, we also choose this method to calculate the decision threshold for Deep

SAD.

Comparisons of the modified CIFAR-10 dataset are listed in Table 6.2. We can see
recall values, F; measure values, F, measure values, accuracy values, and AUCROC values
of our novel cDCM loss are better than the performance of Deep SAD loss in the majority
of classes, although there is a small precision decrease. These results show the advantages
of our novel cDCM loss function, compared to the Deep SAD loss function. This is prob-
ably because our cDCM loss function has a clear predefined decision threshold which can
distinguish confusing samples but the Deep SAD loss function may not disentangle these

confusing samples.

Normal Loss Precision Recall Fi mea- F, mea- Accuracy AUCROC
Class sure sure

airplane Ours 0.9841 0.7239 0.8328 0.7637 0.7407 0.8929
£0.0048 +0.0594 £0.0389 +£0.0530 =£0.0496 +£0.0058

airplane Deep 0.9836 0.7128 0.8264 0.7543 0.7308 0.8840
SAD +0.0011 +0.0236 £0.0156 +0.0211 =£0.0203 +£0.0060

automobile Ours 0.9934 0.6735 0.8026 0.7198 0.7021 0.8927
4+0.0011  +0.0172 +£0.0120 40.0157 +0.0151 =£0.0050
automobile Deep 0.9876 0.7302 0.8395 0.7703 0.7489 0.8744
SAD +0.0013 +0.0159 +£0.0103 40.0141 +0.0138 =+0.0132
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bird Ours 0.9576 0.5641 0.7085 0.6140 0.5849 0.7310
£0.0091 +£0.0552 =£0.0417 =£0.0518 =£0.0436 +0.0190

bird Deep 0.9667 0.3246 0.4838 0.3739 0.3823 0.7197
SAD £0.0013 +£0.0611 =£0.0673 £0.0646 +£0.0532 =£0.0111

cat Ours 0.9662 0.6053 0.7433 0.6538 0.6256 0.7741
£0.0038 +0.0479 =£0.0362 +£0.0448 =£0.0396 +£0.0056

cat Deep 0.9750 0.4769 0.6340 0.5290 0.5181 0.7609
SAD £0.0020 +0.1082 =£0.1069 +0.1104 =+£0.0944 £0.0237

deer Ours 0.9728 0.6546 0.7819 0.7002 0.6727 0.8261
+£0.0018 =+0.0418 =£0.0302 =+£0.0385 =£0.0358 =+£0.0058

deer Deep 0.9810 0.5420 0.6966 0.5947 0.5782 0.8272
SAD £0.0028 +£0.0599 =£0.0496 +£0.0578 =£0.0515 =+£0.0072

dog Ours 0.9852 0.6231 0.7627 0.6722 0.6522 0.8624
£0.0033 +£0.0402 =£0.0292 +£0.0372 =£0.0337 =£0.0043

dog Deep 0.9849 0.6172 0.7587 0.6670 0.6469 0.8454
SAD +0.0013 +£0.0139 £0.0102 +0.0129 +£0.0118 =£0.0097

frog Ours 0.9909 0.7090 0.8265 0.7518 0.7323 0.9107
£0.0016 +0.0142 £0.0091 =£0.0126 +£0.0117 =£0.0056

frog Deep 0.9904 0.7047 0.8234 0.7478 0.7281 0.9027
SAD £0.0013  +0.0180 =£0.0124 +£0.0163 =£0.0158 =£0.0113

horse Ours 0.9847 0.6120 0.7528 0.6613 0.6420 0.8510
£0.0058 +0.0689 =£0.0526 +0.0647 =£0.0583 +£0.0172

horse Deep 0.9844 0.5916 0.7384 0.6427 0.6240 0.8236
SAD £0.0021 +0.0388 =£0.0303 +0.0367 =£0.0338 =+0.0193

ship Ours 0.9880 0.8281 0.9007 0.8557 0.8362 0.9412
+£0.0028 =+0.0331 =£0.0187 =+£0.0280 =£0.0279 =+£0.0062

ship Deep 0.9835 0.8411 0.9066 0.8661 (.8443 0.9265
SAD +0.0023 +0.0231 =£0.0130 =+0.0194 +£0.0195 40.0092

truck Ours 0.9828 0.7610 0.8575 0.7968 0.7729 0.8974
£0.0020 +0.0298 =£0.0185 +0.0260 =£0.0250 =£0.0076

truck Deep 0.9824 0.7521 0.8518 0.7891 0.7648 0.8769
SAD £0.0034 +0.0154 =£0.0090 =+0.0133 £0.0122 £0.0092
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Table 6.2: Comparison between our novel cDCM loss function and the Deep SAD loss
function on the modified CIFAR-10 dataset. Each result value in the table is the average
of 5 experiments with different weight initialization.

Fig 6.4 shows the comparison of F, measure results. In the majority of categories,
our novel cDCM loss function performs better or slightly better than the Deep SAD loss,
except for the category of automobile and ship. In addition, we can see there is a huge
performance improvement when the category bird, cat, or deer is the normal class making
our model performance more equal between classes. Hence, our novel cDCM loss function

is more stable than the Deep SAD loss.

Moreover, Fig 6.5 shows the comparison of AUCROC results. We can see the AUCROC
values of our novel cDCM loss function are better than the AUCROC values of the Deep

SAD loss function in all categories.

In Table 6.2 and Fig 6.4, we can see when the class 2 (bird) is the normal class, the
AUCROC scores of our loss function and Deep SAD loss function are similar (0.731 vs.
0.7197) but the F;, measure values of these two loss functions have a large difference (0.6140
vs. 0.3739). To analyze this phenomenon, prediction distribution plots on testing data are
shown in Fig 6.6. We can see the distribution of Deep SAD loss is narrow, compared to the
distribution of our novel cDCM loss when we set their distance distribution on the same
scale on the x-axis. Hence, we correct the scale of the maximum value in x-axis from 50

to 5 for the Deep SAD loss and display these new plots in Fig 6.7 for a clear presentation.

In Fig 6.7(c), the black vertical line is the decision threshold, which is the 95% percentile

of distance values from all training normal samples to the center. We can see distributions
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Figure 6.4: Comparison of F, measure results between our loss function and Deep SAD
loss on modified CIFAR-10 dataset
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Figure 6.5: Comparison of AUCROC results between our loss function and Deep SAD loss
on modified CIFAR-10 dataset
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Figure 6.6: Modified CIFAR-10 data samples prediction distribution on Deep SAD loss
and our novel cDCM loss. The class 2 (bird) is the normal class.

of normal, seen anomaly, and unseen anomaly are close to each other and the mean values
of these three distributions are all on the left side of the decision threshold. Moreover,
distributions of normal and unseen anomaly are almost the same, which is not beneficial
in distinguishing them. Different from the distribution of Deep SAD loss, the distribution
of our novel cDCM loss is wide and mean values of seen and unseen anomaly sample
distributions are on the right of the decision boundary, while the mean value of normal

sample distribution is on the left side of the decision boundary.

Overall, there is probably no good decision threshold for the Deep SAD loss function,
but we can define a decision threshold for our novel cDCM loss function first, and the
deep learning model will optimize our novel cDCM loss function and separate normal and
anomaly distributions into the two sides of the decision threshold. All in all, we develop a
method where a good decision threshold can be chosen for imbalanced datasets where the

distribution of the anomaly samples is only partially known. This is the main reason why
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our novel cDCM loss can achieve better F, measure than Deep SAD loss, although they
have similar AUCROC scores.

6.4 Tests of Statistical Significance

To verify whether our ¢cDCM loss function has a significant difference from other loss
functions on the modified CIFAR-10 dataset, we conduct tests of statistical significance
on the F, measure metric. We conduct the Friedman Test to verify whether there exists
a statistically significant difference between these five loss functions in Section 6.4.1, and
then we conduct pair-wise statistical significance tests, which is the Bonferroni-Dunn Test,

in Section 6.4.2.

6.4.1 Friedman Test

The Friedman Test [125] can be applied for testing the difference in performance of multiple
classifiers over multiple datasets. We have 5 loss functions against 10 datasets. The null
hypothesis is that all loss functions perform equally. Table 6.3 shows F, measure values

and Table 6.4 shows ranks of F» measure values of loss functions on each dataset.

Normal Ours BCE WBCE  Focal Deep
Class SAD

airplane 0.7637 0.5962 0.6622 0.5492 0.7543
automobile 0.7198 0.6091 0.6436 0.6358 0.7703
bird 0.6140 0.2531 0.2975 0.2255 0.3739
cat 0.6538 0.4074 0.5354 0.3419 0.5290
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deer 0.7002 0.3896 0.4692 0.4712 0.5947

dog 0.6722 0.4839 0.5397 0.5331 0.6670
frog 0.7518 0.5628 0.6810 0.6180 0.7478
horse 0.6613 0.4012 0.4414 0.3844 0.6427
ship 0.8557 0.6665 0.7179 0.6831 0.8661
truck 0.7968 0.5604 0.5426 0.5337 0.7891

Table 6.3: F5 measure values from 5 different loss functions on 10 different datasets

Normal Ours BCE WBCE  Focal Deep
Class SAD

airplane
automobile
bird

cat

deer

dog
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horse

ship

truck
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Table 6.4: Ranks of F, measure values from 5 different loss functions on 10 different
datasets

After calculation, the Friedman statistic y? result is 33.52 and the p-value is 9.34e~7,
which is smaller than 0.05. Hence, we reject the null hypothesis and there is a significant

difference between the 5 loss functions.
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Figure 6.7: Modified CIFAR-10 data samples prediction distribution on Deep SAD loss
and our novel cDCM loss. The class 2 (bird) is the normal class. Please note: the x-axis is
range from 0 to 5 in the left three plots, while the x-axis is range from 0 to 50 in the right

three plots. The black vertical line is the deci78ion threshold.
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6.4.2 Bonferroni-Dunn Test

The Bonferroni-Dunn Test is designed for the significant difference between pair-wise loss
functions. After calculation, the critical difference between 5 loss functions is 1.76 at
a = 0.05. The critical difference diagram for the pair-wise Bonferroni-Dunn Test in shown
in Figure 6.8. We can see the cDCM loss function is significantly better than BCE, WBCE
and Focal loss functions, but the test shows no significant difference to the Deep SAD loss

function at o = 0.05.

CD
f !
1 2 3 4 5
dDCM — ——— Focal
Deep 540 — —— BCE
WEBCE

Figure 6.8: Critical difference diagram for the pair-wise Bonferroni-Dunn Test

6.5 Different Centers Comparison

On modified CIFAR-10 dataset, we try three different centers during our novel cDCM loss
model training. The first center 128-dimensional all zero vector; the second center is all
ones, and the last one is random value drawn from an uniform sampling distribution in
the range between 0.0 to 1.0. In Section 4.2, we have shown that the center of our novel
c¢DCM loss can be chosen randomly under the assumption that the model is well trained.

In our experiments, we also show that given a specific model structure, choosing different
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centers in initialization can achieve almost the same results. In Table 6.5, we can see
performance results, especially AUCROC, for different centers are almost the same in all
classes. The small difference are likely caused by weight initialization and shuffling batches
during training. We save the model with the best validation AUCROC value but a small
AUCROC value difference may move the decision threshold by a relatively large amount.
This is the likely cause for the performance metrics, except for AUCROC, exhibit small
differences in some cases with different centers. However, a slight threshold moving during
inference in our novel cDCM loss can increase the precision, whereas a decrease in the
recall, or decreasing the precision while increasing the recall. The overall results clearly

demonstrate that the center can be chosen randomly in practice.

Normal Center Precision Recall F; mea- F, mea- Accuracy AUCROC
Class sure sure

airplane All 0. 0.9837 0.7264 0.8349 0.7661 0.7427 0.8896
£0.0044 +0.0456 =£0.0285 +£0.0400 =£0.0377 =+£0.0088

airplane All 1. 0.9841 0.7239 0.8328 0.7637 0.7407 0.8929
£0.0048 +0.0594 =£0.0389 +0.0530 =£0.0496 =£0.0058

airplane Random 0.9856 0.7147 0.8281 0.7560 0.7338 0.8948
+£0.0024 =+0.0357 =£0.0234 =+0.0318 =£0.0304 =+0.0040

automobile All 0. 0.9918 0.6888 0.8126 0.7334 0.7147 0.8983
+0.0031 =+0.0318 =£0.0210 =+0.0285 =£0.0265 =0.0050
automobile All 1. 0.9934 0.6735 0.8026 0.7198 0.7021 0.8927
+0.0011  +0.0172 £0.0120 =£0.0157 +£0.0151 =£0.0050
automobile Random 0.9946 0.6568 0.7905 0.7044 0.6879 0.8946
£0.0015 =+0.0397 =£0.0284 =+£0.0364 =£0.0347 =+£0.0050

bird All 0. 0.9530 0.6004 0.7363 0.6482 0.6136 0.7225
£0.0074 +£0.0289 £0.0208 =+0.0267 =£0.0227 +0.0247
bird All 1. 0.9576 0.5641 0.7085 0.6140 0.5849 0.7310

+£0.0091 =+0.0552 =£0.0417 =+0.0518 =£0.0436 +0.0190
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bird Random 0.9548 0.5754 0.7170 0.6246 0.5932 0.7261
£0.0037 +0.0480 =£0.0363 +0.0449 =£0.0398 =£0.0138
cat All 0. 0.9703 0.5412 0.6937 0.5932 0.5720 0.7725
+£0.0043 +0.0495 =£0.0391 =+£0.0470 =£0.0414 =+£0.0126
cat All 1. 0.9662 0.6053 0.7433 0.6538 0.6256 0.7741
£0.0038 +0.0479 =£0.0362 +£0.0448 =£0.0396 +£0.0056
cat Random 0.9745 0.5273 0.6837 0.5803 0.5621 0.7786
£0.0020 +0.0376 =£0.0310 =+£0.0362 =£0.0323 £0.0145
deer All 0. 0.9711 0.6908 0.8058 0.7324 0.7029 0.8378
£0.0068 +0.0627 £0.0409 +£0.0558 =£0.0504 =+£0.0062
deer All 1. 0.9728 0.6546 0.7819 0.7002 0.6727 0.8261
+0.0018  +0.0418 =£0.0302 +0.0385 =£0.0358 40.0058
deer Random 0.9750 0.6275 0.7630 0.6754 0.6502 0.8310
+£0.0033 +0.0374 =£0.0270 =+0.0345 =£0.0311 =0.0074
dog All 0. 0.9821 0.6717 0.7975 0.7169 0.6934 0.8688
£0.0020 =+0.0213 =£0.0145 =+£0.0192 =£0.0177 =+£0.0009
dog All 1. 0.9852 0.6231 0.7627 0.6722 0.6522 0.8624
£0.0033 +0.0402 =£0.0292 =+0.0372 =£0.0337 =£0.0043
dog Random 0.9840 0.6415 0.7757 0.6891 0.6678 0.8645
£0.0030 =+0.0490 =£0.0354 =+0.0451 =£0.0417 =+£0.0032
frog All 0. 0.9880 0.7341 0.8418 0.7736 0.7526 0.9124
£0.0067 +£0.0384 =£0.0236 +£0.0335 =£0.0307 +£0.0186
frog All 1. 0.9909 0.7090 0.8265 0.7518 0.7323 0.9107
£0.0016 +0.0142 =£0.0091 =+£0.0126 =£0.0117 =+£0.0056
frog Random 0.9887 0.7477 0.8504 0.7855 0.7651 0.9156
£0.0048 +0.0571 =£0.0359 =+£0.0502 =£0.0476 =+£0.0036
horse All 0. 0.9863 0.6030 0.7484 0.6538 0.6352 0.8604
£0.0020 +0.0104 =£0.0083 +0.0098 =£0.0097 =+0.0144
horse All 1. 0.9847 0.6120 0.7528 0.6613 0.6420 0.8510
+£0.0058 +0.0689 £0.0526 +0.0647 =£0.0583 +£0.0172
horse Random 0.9868 0.5856 0.7335 0.6368 0.6198 0.8489
£0.0036 +0.0567 =£0.0441 =+£0.0536 =£0.0485 +£0.0176
ship All 0. 0.9836 0.8684 0.9222 0.8891 0.8685 0.9395
£0.0040 +£0.0263 =£0.0131 =+0.0214 =£0.0203 =+0.0061
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ship All 1. 0.9880 0.8281 0.9007 0.8557 0.8362 0.9412
£0.0028 +£0.0331 =£0.0187 £0.0280 =£0.0279 £0.0062

ship Random 0.9859 0.8618 0.9194 0.8839 0.8645 0.9439
£0.0030 +0.0303 £0.0160 =+£0.0250 =£0.0245 =+£0.0042
truck All 0. 0.9865 0.7231 0.8343 0.7638 0.7419 0.9019
£0.0015 =+0.0214 =£0.0143 +£0.0191 =£0.0193 =+£0.0085
truck All 1. 0.9828 0.7610 0.8575 0.7968 0.7729 0.8974
£0.0020 +£0.0298 =£0.0185 +0.0260 =£0.0250 =£0.0076
truck Random 0.9830 0.7783 0.8684 0.8119 0.7882 0.9063

+0.0032 =+0.0325 =£0.0193 =+0.0281 =£0.0266 =0.0063

Table 6.5: Comparison between different centers of our novel cDCM loss function on the
modified CIFAR-10 dataset. Each result value in the table is the average of 5 experiments
with different weight initialization.

6.6 Different Margins Comparison

Margin is another important hyper-parameter in our novel cDCM loss function. On the
modified CIFAR-10 dataset, we try two different margins during our novel ¢cDCM loss
model training, which are 5 and 10. In Table 6.6, AUCROC values in these two margins
are almost same. In addition, we can see in some normal classes, like automobile, deer, and
etc., the F} measure and F, measure on margin 5 is slightly better than the F} measure
and F» measure on margin 10, while in some other normal classes, like dog, frog, and etc.,
the F} measure and F, measure on margin 10 is slightly better than the F} measure and
F5 measure on margin 5. There is no clear evidence to show which margin is the best,
but choosing different margins would not affect the final results too much. Based on our
novel cDCM loss function, setting the margin too small results in a tiny hypersphere, while

setting the margin too big results in a huge hypersphere. In the worst scenario, setting
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margin to 0 or infinity is meaningless. Hence, hyper-parameter "margin" should be set in

a reasonable manner.

Normal Margin  Precision Recall Fi mea- F; mea- Accuracy AUCROC
Class sure sure
airplane 5 0.9841 0.7239 0.8328 0.7637 0.7407 0.8929
+0.0048 +0.0594 +0.0389 +0.0530 +0.0496 +0.0058
airplane 10 0.9823 0.7328 0.8387 0.7717 0.7476 0.8891
+0.0030 +0.0438 £0.0289 +0.0391 4+0.0374 +0.0093
automobile 5 0.9934 0.6735 0.8026 0.7198 0.7021 0.8927
+0.0011 +0.0172 40.0120 +0.0157 40.0151 +0.0050
automobile 10 0.9943 0.6500 0.7859 0.6983 0.6816 0.8951
+0.0017 +0.0197 4+0.0139 +0.0180 4+0.0167 +0.0078
bird 5 0.9576 0.5641 0.7085 0.6140 0.5849 0.7310
+0.0091 +0.0552 £0.0417 +0.0518 4+0.0436 +0.0190
bird 10 0.9549 0.5776 0.7177 0.6263 0.5951 0.7323
+0.0049 +0.0710 4+0.0510 =+0.0653 4+0.0582 +0.0132
cat 5 0.9662 0.6053 0.7433 0.6538 0.6256 0.7741
+0.0038 +0.0479 +0.0362 +0.0448 +0.0396 +0.0056
cat 10 0.9623 0.6230 0.7547 0.6695 0.6382 0.7730
+0.0089 +0.0595 +£0.0406 +0.054  £0.0460 =+0.0114
deer 5 0.9728 0.6546 0.7819 0.7002 0.6727 0.8261
+0.0018 +0.0418 +0.0302 +0.0385 +0.0358 +0.0058
deer 10 0.9754 0.6280 0.7632 0.6758 0.6508 0.8308
+0.0032 +0.0452 +£0.0314 +0.0411 4£0.0378 =+0.0107
dog 5 0.9852 0.6231 0.7627 0.6722 0.6522 0.8624
+0.0033 +0.0402 +0.0292 +0.0372 4+0.0337 +0.0043
dog 10 0.9828 0.6580 0.7882 0.7046 0.6818 0.8652
+0.0004 +0.0118 +£0.0085 +0.0108 +0.0105 =0.0051
frog 5 0.9909 0.7090 0.8265 0.7518 0.7323 0.9107
+0.0016 +0.0142 4£0.0091 =+0.0126 +0.0117 +0.0056
frog 10 0.9867 0.7602 0.8586 0.7967 0.7750 0.9123
+0.0017 +0.0222 4+0.0140 +0.0195 40.1920 +0.0073
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horse 5 0.9847 0.6120 0.7528 0.6613 0.6420 0.8510
£0.0058 +£0.0689 =£0.0526 +0.0647 =£0.0583 +0.0172

horse 10 0.9884 0.5724 0.7236 0.6245 0.6089 0.8606
£0.0058 +0.0549 =£0.0419 =+£0.0516 =£0.0459 =+£0.0109
ship 5 0.9880 0.8281 0.9007 0.8557 0.8362 0.9412
£0.0028 +0.0331 =£0.0187 +£0.0280 =£0.0279 +£0.0062
ship 10 0.9870 0.8448 0.9097 0.8695 0.8501 0.9465
£0.0055 +£0.0460 =£0.0239 +£0.0378 =£0.0364 £0.0026
truck 5 0.9828 0.7610 0.8575 0.7968 0.7729 0.8974
£0.0020 =+0.0298 £0.0185 =+£0.0260 =£0.0250 =+£0.0076
truck 10 0.9785 0.8023 0.8813 0.8321 0.8061 0.9030

£0.0041 +0.0297 =£0.0166 £0.0251 +£0.0241 =£0.0110

Table 6.6: Comparison between different margins of our novel cDCM loss function on the
modified CIFAR-10 dataset. We use the center of "All 1.” here. Each result value in the
table is the average of 5 experiments with different weight initialization.

6.7 Main Results on the PPMR Dataset

The above experiments show that our novel cDCM loss function is able to predefine a
better decision threshold than binary cross-entropy-based loss functions and the earlier
Deep SAD loss on the modified CIFAR-10 dataset. Since our PPRM dataset is new and
specific, the optimal model structure for our PPMR dataset has not been investigated
so far. Since our PPMR dataset is small and imbalanced, normally, transfer learning is
suitable for this case. We have experimented with several CNN models that have weights
pretrained on ImageNet, including EfficientNet and ResNet50. A series of transfer learning

steps are listed below:

e Freezing layers of one pretrained CNN backbone before the global average pooling
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layer.

e Adding two fully-connected layers to reduce latent representations to the final n-

dimensional vector.

e Training these two fully-connected layers based on our novel cDCM loss function until
convergence. More training strategies and configurations are discussed in Section 5.3

and exposed in the source code.

We find if we use these models with transfer learning from ImageNet dataset, these
models will predict all samples as positive (anomaly), probably because this leads to the
global minimum loss. It means these models fail to learn anything about the new problem
domain. It is probably because domain contexts between the ImageNet dataset and our
PPMR dataset have a huge difference. Hence, transfer learning from ImageNet dataset is

not applicable to our specific challenge.

With our novel cDCM loss function, we customize a model structure based on some
insights from MRIs in our PPMR dataset. Our custom model structure combines dilated
convolution, squeeze-and-excitation block and feature fusion. We compare our model struc-
ture with some popular CNN backbones, i.e., EfficientNet [5] and ResNet50 [126]. Since our
PPMR dataset is relatively small and the model may easily overfit the data, light-weight

model structures with a limited number of parameters are more reasonable for comparison.

Results are shown in Table 6.7. We can see all metrics, except for recall and Fy-measure,
of our custom model structure are worse than metrics of ResNet50. As for ResNet50,

moving the threshold can also improve recall with precision decreasing. However, it is
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difficult to find an expected threshold without knowing the testing data in practice. Based
on our pre-defined decision boundary, our model structure can directly achieve a high
recall and an acceptable precision, which means a good Fy-measure. Moreover, we can see
standard deviations of all metrics except for accuracy, of our custom model structure are
smaller than for the other two models; hence our custom model structure can achieve a
more stable results. More importantly, the final results of ResNet50 are unstable, not only
because the standard deviations are relatively large, but also because we find that a NAN
loss often occurs during training with our novel cDCM loss function. In these cases, one
solution is training the model from scratch again. When we train the ResNet50 backbone
based on our novel cDCM loss function, we find that, sometimes, this model predicts
anomaly samples at a higher and higher distance to the center until the model predicts at
least one normal sample as the anomaly, the square of this extremely large distance value
will be regarded as part of the loss value, which is NAN. However, we do not find any
NAN loss issues during training our custom model, probably because convolutional layers
of our custom model structure are not "deep". There is a conjecture that our cDCM loss
is more suitable for the "shallow" models, rather than "deep" models. Moreover, another
conjecture is that our cDCM loss could be unstable. In our application research, we prefer
results with our custom model structure, mainly because the recall is satisfied, precision is
acceptable, and results are stable. More importantly, with our novel cDCM loss function,
the F5 measure of our custom model is better than the two backbone models. There is
however plenty of room to explore more advanced model structures based on our custom

model structure in the future.
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Model Precision Recall F} measure F, measure Accuracy AUCROC
Blocks

EfficientNet 0.5260 0.6599 0.5795 0.6236 0.8894 0.9535
+  ¢cDCM =+0.3243 +0.3990 +0.3481 +0.3746 +0.0518 +0.0291
Loss

ResNetb0 0.6856 0.7991 0.6954 0.7477 0.9 0.9498
4+  cDCM 40.1852 +0.2693 +0.1394 +0.2140 +0.0199 +0.025
Loss

Custom 0.5504 0.9201 0.6724 0.7934 0.8460 0.9470
Model + +0.1586 +0.0679 +0.1106 +0.0417 +0.0885 +0.0226
cDCM

Loss

Table 6.7: Model comparison: average of 5-fold CV results with standard deviation. All
these three models are trained based on our novel cDCM loss function.

For our custom model structure, we also tested a binary cross-entropy loss function and
the Deep SAD loss function. Table 6.8 shows the performance in Fold 1 is poor for the two
loss functions, especially the performance on the recall metric. After obtaining two folds
of results, we have stopped training more folds because the overall performance cannot be

good on average anymore and one main goal is to achieve a good recall.

Loss Fold Precision Recall Fi measure F, measure Accuracy AUCROC
BCE 0 0.7186 0.7398 0.7290 0.7354 0.9058 0.9420
BCE 1 0.6330 0.1869 0.2886 0.2175 0.8573 0.9120
Deep 0 0.4474 0.9049 0.5987 0.7512 0.7924 0.9198
SAD
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Deep 1 0.7377 0.4878 0.5872 0.5232 0.8938 0.9190
SAD

Table 6.8: Some test results of custom model with BCE and Deep SAD loss.

6.8 Ablation Study

To verify each component in our custom model structure is necessary, we perform an ab-
lation study to investigate dilated convolution, feature fusion, and sequeeze-and-excitation

blocks. After adding each component, overall model performance increases.

Our ablation study mainly focuses on the model structure for our PPMR dataset,
because our custom model structure is too complex and not suitable for our modified
CIFAR-10 dataset. We insert model components one by one to illustrate whether the
component increases overall performance. Results are shown in Table 6.9. The basic
model structure is dilated convolution neural networks, and then we add feature fusion,
and finally we add squeeze-and-excitation block. We can see that the averaged recall, F}
measure and F5 measure of 5-fold CV increases gradually, and the standard deviation of
recall and precision decreases gradually. Overall, after adding feature fusion and squeeze-
and-excitation blocks, the recall, F} measure and F, measure of our model becomes higher
and more stable. Fj measure coordinates the precision and recall. Although precision
decreases after adding two new components, the F, measure increases gradually showing
that the model improves overall. Since our PPMR dataset is imbalanced, accuracy is not
very meaningful and hence we consider it not in detail. Moreover, AUCROC of the final

combined model is also the best.
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Overall, after the ablation study, we demonstrate the importance of each component

in our custom model structure.

Model Precision Recall Fi measure F, measure Accuracy AUCROC

Blocks

DilatedCNN 0.7336 0.5612 0.5545 0.5513 0.8815 0.9425
+0.2171 +0.3166 +0.2459 +0.2873 +0.0442 +0.0240

DilatedCNN 0.5563 0.8747 0.6487 0.7560 0.8308 0.9347

+Feature- 40.2013 +0.1325 +0.1023 +0.0668 +0.1141 +0.0165

Fusion

DilatedCNN 0.5504 0.9201 0.6724 0.7934 0.8460 0.9470

+Feature- +0.1586 +0.0679 +0.1106 +0.0417 +0.0885 +0.0226

Fusion
+SE

Table 6.9: Model Structure Ablation Study. These models are trained based on our novel

cDCM loss function.

6.9 Results Analysis of the Current Best Method on the

PPMR Dataset

At the moment, our custom deep learning model structure with ¢DCM loss function

achieves the best F, measure. Hence, based on this method, we will analyze the pre-

diction distribution of continuous MRI slices for each patient in Section 6.9.1 and analyze

the optimal threshold of validation and testing data in Section 6.9.2.
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6.9.1 Prediction Distribution Analysis

In this section, we will analyze predicted distance distributions of continuous MRI slices,
which include relatively good predictions in Figure 6.9 and relatively poor predictions in

Figure 6.10.

In Figure 6.9, we can see distances of the majority of anomaly slices are predicted above
the decision threshold, which is 5 in this setting, while the distances of the majority of
normal slices are predicted below the decision threshold. In Figure 6.9(c), distances of only
a few normal slices are predicted larger than 5. Moreover, in Figure 6.9(d), distances of
several continuous normal slices from the brain of one patient are predicted larger than 5,
probably because these normal slices are similar to anomaly slices, which confuse the deep
learning model. In addition, these normal slices may also be mislabelled partially because

these "border" slices are also confused by radiologists.

In Figure 6.10, we can see distances of many normal slices are predicted above the
decision threshold. In Figure 6.10(a), distances of almost all normal slices from the patient
are predicted above the decision threshold, but all normal slices from controls are predicted
correctly. In Figure 6.10(b), distances of a few normal slices are predicted above the
decision threshold, while distances of almost half slices from one control brain are predicted
above the decision threshold. In Figure 6.10(c), distances of a few border slices from the
patient are predicted above the decision threshold. However, distances of several slices,
especially the slices in the center of the transverse axis of the patient’s brain, are predicted
incorrectly above the decision threshold. And these incorrectly predicted slices may occupy

the majority of false positive samples. In Figure 6.10(d), distances of several slices on the
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Figure 6.9: Four selected successful classifications in testing data after inference. Each plot
shows predicted distances of continuous MRI slices from one patient and three controls.
The four brains are separated by vertical black lines. The horizontal blue line represents
the decision threshold, which is also the hyper-parameter margin. Normal slices are colored
as green, while anomaly slices are colored as red.
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Figure 6.10: Four selected poor classifications in testing data after inference. Each plot
shows predicted distances of continuous MRI slices from one patient and three controls.
Four brains are separated by vertical black lines. The horizontal blue line represents the
decision threshold, which is also the hyper-parameter margin. Normal slices are colored as
green, while anomaly slices are colored as red.
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two sides of the transverse axis of the patient’s brain are predicted above the decision
threshold, while distances of slices in the center of the transverse axis of the patient’s brain
are predicted below the decision threshold. In addition, predicted distance distributions
of three controls look like a concave shape, rather than a convex shape. Normally, the
predicted distance distribution of MRI slices from patients who suffer from polymicrogyria
should have a convex shape because one characteristic of this disease is that it more common
in the middle of the brain. Hence, we could regard the prediction who has the concave
shape distribution as the control brain, which could be a post-processing step to increase

the performance in the future.

6.9.2 Optimal Threshold Analysis

In this section, we will analyze the optimal decision thresholds from validation data and
testing data in different folds. Due to the distribution shift of anomaly samples, the optimal
decision thresholds between validation data and testing data may be similar if the shift is
small, while the optimal decision thresholds between them may have a huge difference if
the shift is too large. Since one property of all normal slices is that these normal slices are

similar to each other, the distribution of normal slices is not shifted.

Figure 6.11 shows the results of two folds in 5-fold cross-validation of training cus-
tomized deep learning model with cDCM loss on the PPMR dataset. For each fold, we
present the precision recall (PR) curve on validation and testing data separately, and also
show the optimal threshold for each split data on these PR curves. Moreover, we also

draw distance prediction distributions on two split data. In Figure 6.11(a), we can see
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Figure 6.11: Optimal threshold analysis with prediction distribution from validation and
testing data on two folds.
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optimal thresholds to achieve the best F; measure and the best F, measure on validation
data are 2.9532 and 2.6218 separately; but optimal thresholds on testing data are 3.4957
and 3.3093. There is not a large difference between optimal thresholds from validation and
testing data, probably mainly because the change of distance prediction distribution from
validation data in Figure 6.11(b) to testing data in Figure 6.11(c) is small. However, in
Figure 6.11(d), we can see optimal thresholds between validation and testing data have a
relatively large difference, especially, optimal thresholds for the best F, measure between
the two data changes from 8.4987 to 3.2953. The reason of this phenomenon is probably
that the distance prediction distribution of validation data in Figure 6.11(e) is changed to
the distribution of testing data in Figure 6.11(f). Hence, choosing the optimal threshold
for the validation data as the decision threshold for testing data is not reasonable if the
data distribution change happens. As for our default decision threshold, which is 5 in this
setting, although it is not better than the optimal threshold of validation data in the first
fold because 5 is farther away from 3.3093, compared to the optimal threshold of validation
data, which is 2.6218, it is better than the optimal threshold of validation data in another
fold because 5 is closer to the optimal threshold of testing data, which is 3.2953, com-
pared to 8.4987. Therefore, our default threshold seems more stable on out-of-distribution

samples than the optimal threshold on validation data.

6.10 Summary

In this chapter, we conduct extensive experiments and thoroughly analyze experimental

results in detail. On the modified CIFAR-10 dataset, experiments demonstrate the advan-
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tages of our novel cDCM loss function. The ability of our novel cDCM loss function to
set the decision threshold more appropriately without access to the testing data which is a
great benefit. In addition, our experiments show that the two hyper-parameters, center and
margin, in our novel cDCM loss function can be assigned randomly in a reasonable manner
with few performance changes. Based on our novel cDCM loss function, our experiments

show the utility and advantages of our custom deep learning model structure.
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Chapter 7

Conclusion and Future Work

Junior radiologists could misclassify polymicrogyria (PMG) MRIs to normal MRIs in prac-
tice, mainly because they lack experience but also because of the diversity of PMG. De-
signing a computer-aided method to detect PMG in MRIs is essential. On the other hand,
currently, deep learning models cannot achieve 100% accuracy, so physicians cannot trust
deep learning models without any human intervention. In the clinical setting, it is impor-
tant to identify all cases of PMG, so a high recall is important. A 50% precision can be
accepted as there is no clinical penalty, with the only drawback being that the physician
must assess the identified images. Our model provides a high recall and an acceptable

precision and is therefore promising in the future evaluation of PMG cases.

We find cross-entropy-based loss functions predict the majority of images as normal,
which causes results of high precision but low recall. In addition, models with cross-

entropy-based loss functions are easy to result in overfitting and they lack the ability to
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generalize to testing data, especially, if the testing data contain unseen features during
training. Moreover, in our case, we cannot trade-off precision and recall by simply moving
the decision threshold if we use cross-entropy-based loss functions. However, our novel
c¢DCM loss function tends to predict images with high F, measure, which means relatively
high recall and acceptable precision, and partly deals with the generalization problem.
Finally, our custom model with our novel cDCM loss function can achieve 92.01% recall
and 55.04% precision, where the recall is satisfied and the precision is acceptable in our
application research. After comparison, our custom model can achieve better performance

than EfficientNet and can get more stable results than ResNet50.

This research has a number of shortcomings. Radiologists will additionally separate out
a specific number of normal MRIs from the possible PMG MRIs predicted by our algorithm
since the precision of our final results is 55.04%. Furthermore, because of the limited size
of our PPMR dataset, it is challenging to assess how well the entire PMG distribution
performs in the actual world. However, this is the first time to classify PMG MRIs from
normal MRIs by machine learning methods; there is a lot of work that needs to be done

in the future.

As for future work, we need more radiology experts to verify the data label to im-
prove the data quality. Our method is promising for some other kinds of medical imaging
classification tasks, especially for some tasks whose testing data have out-of-distribution
samples. For example, the Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset
can be tested by our method. Although transfer learning from ImageNet dataset to our
PPMR dataset does not work, other medical imaging classification tasks may nevertheless

improve the overall performance with the help of transfer learning. Since our novel cDCM
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loss is calculated by n-dimensional latent representations, some effective data augmenta-
tion methods, like mixup [35], cutmix [36], etc., cannot be applied in our novel cDCM loss
method easily. There is a lot of room to explore data augmentation methods based on our

novel ¢cDCM loss function.

In our preliminary tests, we generated synthetic images from autoencoders (AE), vari-
ational autoencoders (VAE), generative adversarial networks (GAN), and so on. However,
these data augmentation methods provide limited help when we train models with cross-
entropy-based loss functions in our task, mainly because these data augmentation methods
cannot generate unseen features theoretically. These generative models may provide a good
regularization during training models with the help of our novel cDCM loss, and they can
be explored in the future. Although we already used several regularization methods, such
as simple image transformation as data augmentation, dropout, batch normalization, etc.,
some other regularization methods can be explored for our task in the future. Moreover,
precision should be increased further to achieve 70~80% or higher, without decreasing the
recall too much, or keeping the recall above 90%. To achieve this goal, apart from exploring

data augmentation, the model structure can also be explored further.

In our ¢cDCM loss function, we applied the L2 norm, which is the Euclidean distance,
to calculate the distance from data samples to the center in the vector space. Some other
distance calculation formulas can be explored, such as the L1 norm, the cosine similarity,
etc. In our preliminary tests, we directly replaced the L2 norm with the L1 norm and cosine
similarity, but we found the training failed because of the NAN loss after the replacement.
Therefore, the loss function should be customized if different distance formulas are selected

in the future.
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Figure 7.1: Modified CIFAR-10 data samples prediction distribution on BCE loss and our
novel cDCM loss. Normal class is 0: airplane
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Figure 7.2: Modified CIFAR-10 data samples prediction distribution on BCE loss and our
novel cDCM loss. Normal class is 1: automobile
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Figure 7.3: Modified CIFAR-10 data samples prediction distribution on BCE loss and our
novel cDCM loss. Normal class is 2: bird
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Figure 7.4: Modified CIFAR-10 data samples prediction distribution on BCE loss and our
novel cDCM loss. Normal class is 3: cat
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Figure 7.5: Modified CIFAR-10 data samples prediction distribution on BCE loss and our
novel cDCM loss. Normal class is 4: deer
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Figure 7.6: Modified CIFAR-10 data samples prediction distribution on BCE loss and our

novel cDCM loss. Normal class is 5: dog
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Figure 7.7: Modified CIFAR-10 data samples prediction distribution on BCE loss and our
novel cDCM loss. Normal class is 6: frog
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Figure 7.8: Modified CIFAR-10 data samples prediction distribution on BCE loss and our
novel cDCM loss. Normal class is 7: horse
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Figure 7.9: Modified CIFAR-10 data samples prediction distribution on BCE loss and our
novel cDCM loss. Normal class is 9: truck
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