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Abstract

Pulmonary embolism (PE) is a disease that can lead to death if not treated quickly.
Although early diagnosis is critical, it is also challenging and sometimes missed.
Therefore, deep learning methods are starting to be used for automatic PE detection.
However, most common methods are limited by their need for a large and accurately
labeled dataset.

This master thesis develops two main axes to overcome this limitation. The first
one aims to complete a partially annotated dataset, while the second one studies a
novel method — contrastive learning - that achieves promising results with fewer
labeled data. Both axes are developed in an annotation enrichment task, and this
last one is implemented with both supervised and contrastive learning. This task
involves training a network with fewer and fewer data to estimate the minimum
number of samples needed to annotate the others with accuracy.

The results, although still theoretical, are encouraging. With supervised learning,
the annotation work is almost reduced by half. Only 52.97% of the dataset needs
to be labeled or verified while the network completes the annotation of the other
half with perfect accuracy (reached considering the labels of this remaining part
of the dataset). Contrastive learning allows improving this result by achieving a
percentage of required labeled data of 49.34%.

This thesis shows that contrastive learning can outperform supervised learning and
leads the way to further experiments more focused on PE detection purposes.
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CHAPTER

Introduction

Pulmonary embolism (PE) is «the third most common cause of cardiovascular
death worldwide after stroke and heart attack» [I]. It is due to blood clots traveling
through the veins that clog the pulmonary artery tree, as illustrated in Figure |1.1]

Superior Pulmonary

Embolus
vena cava artery

Femaoral
vein

Thrombus
Venous

valve

vena cava

Figure 1.1: Mechanisms of PE [2].

Early detection is, among other things, critical in the management of PE [2].
However, the diagnosis of PE is a challenging task because the symptoms are
nonspecific [T, 3] and inconsistently present [4]. As a result, PE diagnosis is part of
«the most frequently missed or delayed» diagnoses [5].

When patients are susceptible to suffer from PE, chest imaging studies are performed.
The definitive diagnosis can be made from these since, among other things [0], PE
can be directly identified, as shown in Figure [I.2]

1
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(a) Central PE. (b) Right-sided PE and Left-sided PE.

Figure 1.2: Examples of pulmonary embolisms [6].

However, the detailed analysis of hundreds of images is time-consuming for radiol-
ogists [6]. Therefore, applications based on deep learning could have significant
use in this context. This thesis is thus part of the research about automatic PE
detection.

Recently, the artificial intelligence (Al) domain has taken a considerable leap
forward with the rise of deep learning. This new subset of Al has brought a new
area filled with opportunities for improvement in domains such as computer vision,
speech recognition, robotics, Al gaming, etc. [7].

Deep learning is a field that has grown tremendously over the last ten years. Even
though the researches started a few decades ago [§], researchers did not yet have
the means to turn the background ideas into experiments. The reason is that
the training of deep networks requires significant computing power, which the
technology could not provide at the time. Hence, it was when computers became
faster that deep learning experiments began. Then, they took off again with the
development of GPUs (Graphics Processing Units) [9, [10].

In 2012, a supervised deep network called AlexNet obtained the first significant
results [11]. Since then, deep learning has attracted more and more people and has

improved a lot over the years [12].

The underlying idea of deep learning is to train brain-like networks to perform
human tasks (without human intervention). In computer vision, for example, tasks
of interest are image classification, object detection, object segmentation, etc.

There are different ways to train the networks: supervised learning, unsupervised
learning, and semi-supervised learning. The supervised manner uses a labeled
dataset to train a network, allowing it to compare its predictions to the true
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labels. In contrast, unsupervised learning includes methods that do not use any
labels. Semi-supervised learning is the bridge between supervised and unsupervised
learning. It takes advantage of both an unlabeled part of the dataset and a labeled
one.

Nowadays, the most studied and developed methods are the supervised ones. How-
ever, they suffer from some limitations regarding the dataset it requires to obtain
good results. Not only do they need a fully annotated dataset, but also a large
one. For a field like the medical one, this is a significant limitation. Indeed, only
medical experts can provide accurate annotation of medical images, and it is time-
consuming. Hence, to overcome this limitation, unsupervised and semi-supervised
methods are increasingly in the spotlight.

From then on, this master thesis also focuses on different ways to overcome this
problem. Two main aspects are studied:

— How to complete a partially annotated dataset,
— How to train networks to learn with few annotated data.

The first aspect focuses on the use of deep networks to enrich a dataset, hence
alleviating the burden of the annotation process. More precisely, this aspect aims
to automatically complete the annotation of a dataset following a training process
on an annotated part of it. The second one studies contrastive learning, a recent
unsupervised pre-training method that has proven its efficiency by outperforming
supervised methods on images from everyday life. Both aspects join each other
to perform the same final task, the classification of images containing pulmonary
embolisms or not.

This thesis is organized as follows: the second chapter is dedicated to a brief review
of deep learning for image classification and its main theoretical aspects. Then,
contrastive learning is presented in the third chapter. This last one includes a
general introduction to a subset of unsupervised methods and a more detailed
presentation of the specific method implemented in this work. Chapters 4 and 5 are
more technical as they contain all the implementation details of this thesis. Chapter
4 focuses on the annotation enrichment part, while Chapter 5 presents the general
image classification. Finally, before concluding this work with Chapter 7, the results
of these two tasks are reported in Chapter 6. This last includes supervised and
contrastive results for each task, as well as some areas for improvement regarding
the latter. Then it discusses the current place of deep learning in pulmonary
embolism detection and the perspective of future work in line with this thesis.
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Deep learning for image
classification

One of the well-known tasks in computer vision is image classification. This task
aims to train a network to assign the right label (among a set of categories) to
images. Classifying cats and dogs is an example of such a task.

Image classification has been widely used in the medical field for different purposes,
such as the classification of skin and breast cancers, lung nodules, etc.

Nowadays, deep learning has outperformed previous computer vision methods for
this task. The most used networks to do so are Convolutional Neural Networks
(CNNs), which will be further detailed in Section [2.1}

Indeed, CNNs reached state-of-the-art results, especially since 2012 when AlexNet
won the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) [13].
After that, those networks quickly became a hot topic. In only three years, several
improved CNNs have been developed, such as VGG [14], GoogLeNet (also named
Inception) [15], Residual Network (ResNet) [16], etc. All of these networks
became the winners of the ILSVRC they competed in. They achieved better results
(shown in Table year after year until 2016. They even reached an error smaller
than the human one in 2015 with ResNet [12].

After achieving such convincing results in this domain through the ILSVRC, the
focus moved to other branches of deep learning. Eventually, although some other
networks have been developed after 2015 (sometimes from combinations of the
ones mentioned above), ResNet stays still now a typical and efficient CNN to use
for image classification. Therefore, this architecture has been chosen as a point of
comparison throughout this thesis.
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Features AlexNet VGG Inception-vl ResNet Inception-v2 Inception-v4
1st release year 2012 2014 2014 2015 2015 2016
Top-5 error 16.4% 7.3% 6.7% 3.57% 4.8% 3.08%

Table 2.1: Results of typical CNNs in the ImageNet challenge over the past years
[17.

2.1 Convolutional Neural Network

CNN is one of the most popular deep neural networks. It has been a groundbreaking
discovery, allowing to significantly reduce the computational complexity and the
number of parameters of deep networks. Indeed, compared to the Artificial Neural
Networks (ANNs), some new layers have been added to serve these purposes. [1§].

ANNSs are a subset of machine learning in which brain-like networks are developed
to handle tasks like pattern recognition that includes classification and prediction
problems [19]. The elementary ANN network is visible in Figure . It is
composed of an input layer, one or several hidden layers and an output layer. Those
are, fully connected layers. In a fully connected (also called dense) layer, each
node (also called artificial neuron or processing unit) of a layer is connected via a
weighted link to all nodes of the previous and following layers.

Input 1

Input 2

Input 3

Input 4

Input Hidden [ Optional Output
Layer Layer Hidden Layer
(a) Basic ANN architecture [19]. (b) Artificial neuron [20)].

Figure 2.1: Artificial Neural Network.

Figure illustrates the detailed functioning of what happens for each unit, and
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the mathematical expression of the output of one unit is the following:
y = o(x"w 4+ wp). (2.1)

In the above, y is the output vector, x the input vector, w the weight vector,
and o() the activation function. This last has several purposes. First, it brings
non-linearity into the network allowing to model non-linear functions. Second, it
bounds the output value, which helps the convergence of the network [21].

Throughout the training of an ANN, the weights are updated to minimize a loss
function (i.e., the error between the actual and predicted output values). The
update is managed by a back-propagation algorithm [22]. Indeed, a complete cycle
through the network (i.e., an iteration) is composed of two stages [23]: a forward
pass during which each unit computes its output according to Equation [2.1] and
a backward pass during which the weights are updated according to the error.
The repetition of this scheme constitutes the learning process of a neural network.

ANNSs however, are limited in several ways [24]. First, by using only fully connected
layers, ANNs are no longer appropriate when the number of input units increases
(for example, when inputs are images or volumes). Indeed, the number of parameters
to manage increases, which leads to a loss of efficiency as those networks become
deeper. Second, fully connected layers are sensible to spatial changes, whereas, for
instance, for object detection problems, the network should be able to detect the
same object in different locations.

Therefore, CNNs (Figure have been introduced to overcome these problems.

\ NN 0
Image NS Nl O
O 1
- —t || =T : :
— 64x7x7 .
/,' 9
28 x 28 L | 32x14x14 64x14x 14
32x28x28 i 128x10
Convolution Convolution
A adding = 1 . 3136 x 128
padding = 1, p g=1, Max pooling
kernel = 3x3, Max pooling kernel =_3X3’ Kernel =2x2,  Flatten
stride = 1 Kernel = 2x2, stride = 1 Stride = 2
+ Stride = 2 *
RelU RelU

Figure 2.2: Basic CNN architecture.

CNNs have specific layers, such as convolutional layers and pooling layers.
These allow significantly reducing the number of parameters. As shown in Figure
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2.2] the first part of the overall architecture, known as the feature extractor, is an
alternation of those layers. As for the second part (i.e., the classification head), it
is composed of fully connected layers.

2.1.1 Convolutional layer

Instead of having each processing unit connected to all the following ones like in
fully connected layers, convolutional layers use smaller kernels that move along the
input layer. The output is the convolution between one of these kernels (also called
convolutional neurons or filters) and all the sections of the input vector, covered
one after the other by the kernel while it moves (Figure [2.3)).

77
Source pixel < 7{
>§o 1) % > (1x3)+(0x0)+(1x1)+
3N | 4 414 (-2x2)+(0x6)+(2x2)+
2L L1
e 2 (1x2)+(0x4)+(1x1)=-3
ge s05ndy
0
2} F5< 3 L //
/0}/ -§1 _
3 L 4 1 A //
=16 |21 |6 P
2 | 0 31 L //
/4}/ 1 1 —1 |
2 | 4 6]~ | =
16 | 2] — g — ///
2500 gikgs
2]~ / 7 1 //
L 1 L1
Convolution ///// |+
filter - LT L1+T
Destination | L+ 1
pixel ////////
/
////
//

Figure 2.3: Convolution operation between two layers [25].

This results in one feature map per kernel, visible in Figure (represented by the
squares in the depth of each layer). Each map contains different characteristics
(for instance, horizontal and vertical edges, corners, etc.) of the image depending
on the kernel values. The deeper the kernel in the network, the more complex the
extracted features, which ultimately makes it possible to recognise, for example,
objects in images. Figure illustrates an example of two feature maps obtained
by the convolution of two different kernels with the original image.

Another advantage of convolutional layers is that the kernels do not change while
sliding along the input. This property is called weights sharing [27]. Indeed,
kernels keep the same weights throughout the convolutions they perform. In other
words, the number of trainable weights corresponds to the dimension of the filter,
which drastically reduces the overall number of parameters (see Figure .
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(b) Resulting feature map for a kernel (c) Resulting feature map for a kernel
that extracts horizontal edges. that extracts vertical edges.

Figure 2.4: Effects of convolution with two different kernels [26].

Fully Connected Convolutional Layer

Figure 2.5: Difference between fully connected and convolutional layers [28].

In the fully connected case, for an input layer of ten neurons and an output one of
three, there are 30 different weights. As for the convolutional case, for the same
input layer and one kernel of size 3, there are only three different weights. This
example already shows a significant reduction in parameters while the output layer

of the fully connected case contains fewer neurons.
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Finally, convolutional layers bring a last interesting property known as shift-
invariance. Indeed, if the input slightly shifts, the corresponding feature map will
shift in the same way without being otherwise modified [29, 27].

2.1.2 Pooling layer

The other kind of layer used to reduce the computational complexity of deep
networks is the pooling layer. The latter allows reducing the spatial dimension
of the feature maps while adding no parameters to the network. The best-known
pooling layers are the max pooling and average pooling layers. The way they
operate is quite similar.

12 120 | 30 | O

8 (12 2 | 0 | 2x2MaxPool |20 |30

34 [ 70 | 37 | 4 112 | 37

112 | 100 | 25 | 12

Figure 2.6: Example of max pooling operation of filter size and stride of 2 [25].

The max pooling operation, visible in Figure [2.06] reduces the dimension of its input
by keeping only the maximum value of each section of the input covered by a filter
that slides along it. The size of the filter and the stride (by how much the filter
moves) are chosen.

The average pooling, as its name suggests, keeps the average value of the section
covered by the filter instead of the maximum value.

2.2 Model architecture

As said previously, the network implemented in this thesis is a ResNet. Its
particularity is that residual blocks have been added to the basic architecture of
CNNs to avoid accuracy degradation problems when increasing the network depth
[16]. While increasing the depth of a network might provide better results, above
a certain point, it can cause degradation due to the vanishing gradient issue [30].
Therefore, the motivation of ResNet is that deeper networks could perform as well
as their shallower counterparts if the extra layers could learn the identity function
and copy the results of those shallow networks.
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X

However, the identity function is - J

not that easy to learn for a network, weight layer

hence the usefulness of residual  F(X) y relu x
block, illustrated in Figure weight layer identity
This configuration allows the model

to learn identity mapping more F(x) +x

easily. Indeed, it is easier for weight

layers to converge to a zero function
than the identity one. Figure 2.7: Residual learning: A building

block [16].

The above motivation has led to the ResNet hypothesis: «it is easier to optimize
the residual mapping than to optimize the original, unreferenced mapping » [16].

There are different ResNet networks according to their depth. In this thesis, the
most common one, the ResNet50, is used. Figure 2.8 shows its architecture.

------------------------------- T —m————— ————
conv_block identity_block
Erzz I

i
o I
[ o 1
: [ 1
Conv(7x7 + 2(s)) | : : :
. v
[ I
|
| | ! !
! r 1o I
[ 11 1
e Eman] | | :
: BatchNormalization I : :
1
[ wmPax3 + 260 | : y o |
I
I [ Activation | i1 [ Activation | I
conv_block : I | !
i [ B |
1
| [ Convaes) | [Conviaxa) |
Hentity block | X 2 | Conv(3x3) ! : Conv(3x3) :
I
[ I
|
(. I
| convblock | : [ BatchNormalization | I : :
1
! * i P I
: I
identity block | X 3 | | BatchNormalization | . :
I [ Activation | i 1 [ Activation | i
! [ I
: B :
N, — ! i Conv(ix1) i
| identity block :XS : : : :
_________ I | I
__"_E___'l | BatchNormalization ol BatchMormalization I
| conv_block | : 1 | |
""""" | I
,——-——E—-——— [ P I
Lo X2 e I e
————————— I
4 | * P * !
AveragePool H r : : Y :
! | Add R [ Add )1
I I
SoftMs | | 0 - mmm—mm——m—mm——————————-—e P SEmrre e

Figure 2.8: Architecture of ResNet50 with the detailed implementation of the
residual blocks [31]. Conv stands for convolutional layer and MP stands for max
pooling layer.
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The network contains two different residual blocks: identity block and convolutional
block. However, the last one is only used when the input and output dimensions of
the block are different. Otherwise, the identity block is preferred as it does not
add extra parameters or computational complexity [16].

Concerning the activation function, a Rectified Linear Unit (ReLU) function
[32] is used.

2.3 Supervised learning issue

Up to now, supervised methods have been the most used. However, although they
have proven to be efficient methods, they raise a considerable problem, especially
for the medical world. Those methods need accurately annotated large datasets
to train and achieve good performance. However, those are not that easily built
because acquiring relevant annotations is time- and people-consuming as it can
only be done by medical experts. Therefore, this hinders the progress of deep
learning in the areas that could benefit the most.

This issue, which is the concern of this thesis, has pushed the researchers to focus
on different areas of deep learning. In this work, two tasks have been implemented
with two different methods (see Figure , one supervised and the other based
on an unsupervised pre-training. This last one, further described in Chapter [3]
allows networks to learn good image representations without annotations. Thanks
to this pre-training (called contrastive learning), a network is supposed to reach
the same or even better level of performance than its supervised counterpart when
decreasing the number of annotated data.

Approaches Annotation G'e.nerlal
enrichment classification of
Methods medical images

Supervised learning Casel Case2

Contrastive learning Case3 Case4

Figure 2.9: Cases studied throughout this master thesis.

Figure [2.9 lists the four cases that have been developed throughout this thesis.
These allow comparing both methods. In addition, they point out that there is
not always the need for a new technique to address the issue. Indeed, another task
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performed with the same method (hence suffering from the same limitations) can
mitigate the problem.

The first task (Casel and Case3) is already part of a solution concerning the
supervised issue. It consists of training a network to complete partially annotated
datasets. Therefore, this task can help to create fully annotated datasets while
decreasing the workload of medical experts.

The second one (Case2 and Cased) keeps the usual training purpose of creating
a model able to generalize its performance (in this context, the classification of
images with and without pulmonary embolism) to other images besides the ones
used for the training.

12
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Unsupervised pre-training and
fine-tuning

Unsupervised representation learning (i.e., unsupervised pre-training) aims to ex-
tract meaningful and relevant features (also called representations) from unlabeled
images to optimize the network performance for a downstream task [33].

Currently, this is a hot topic of deep learning as it opens a new field of possibilities
for learning processes. Indeed, even though the downstream task still requires a
labeled dataset, experiments [34] show that networks that undergo these unsu-
pervised pre-training steps outperform those that have learned from scratch in a
supervised manner. Moreover, with the pre-training, networks also seem to achieve
better performance as the fraction of labeled data decreases. Therefore, this could
mitigate the primary problem of deep supervised learning (see Section while
outperforming it.

Self-supervised methods are considered a subset of unsupervised representation
learning. Although unsupervised, they are still quite close to supervised methods.
They are similar in the sense that they both use labels to train their networks.
Nevertheless, self-supervised methods create pseudo-labels from the input data, and
their training phase is usually done by accomplishing some pretext tasks [35, [36].
This way, they can extract relevant image representations for downstream tasks.

Self-supervised methods can be classified into different groups according to their
final task. Previously, most of those methods were generative ones. Those aim to
create real-looking images through tasks such as image colorization [37].

Although those methods efficiently achieve their goal, they can be computation-

13
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ally expensive. Moreover, they are not the most adapted to learn relevant image
representations [38]. Recently, other methods called discriminative have shown
remarkable results [39]. In those methods, networks perform a pretext task (such
as rotation prediction [40], solving jigsaw puzzles [41], etc.) to learn the best
representations possible from an unlabeled dataset.

One groundbreaking technique, part of the discriminative ones, has recently been
developed: contrastive learning. It has already achieved promising results on
image classification with, among others, the Imagenet dataset [42]. In the context
of this thesis, one contrastive method has been implemented to compare the results
to those obtained in a supervised way.

The following chapter is divided as follows: the first section addresses the theoretical
basis of contrastive learning. This leads to the presentation of the specific model
implemented in this thesis: SimCLR [43]. Finally, the last section describes the
process of transferring a pre-trained network for a downstream task.

3.1 Contrastive learning

The idea behind contrastive learning is to learn meaningful representations by com-
paring input samples together. The purpose is to differentiate similar elements (i.e.,
positive pairs of inputs) from dissimilar ones (i.e., negative pairs). These methods
use the notion of distance in the representation space (space of lower dimension
than the input one, containing the extracted features, see Figure to achieve
this goal. Indeed, they aim to link the notions of similarity and distance. For this
purpose, representations of similar inputs are clustered in the representation space
while being pushed away from representations of dissimilar ones. Then, as said
previously, the extracted features are reused for a downstream task via a transfer
of the pre-trained network.

Figure |3.1] shows the overall pipeline of contrastive learning.

The first step of this process is to create those positive and negative pairs. A
common and quite simple practice in computer vision is to use data augmentation®.
In that case, each image from the batch? is augmented twice to create a positive
pair.

!Data augmentation consists of applying transformations to images such as rotation, shift,
cropping, etc.
2A batch is a sample of the dataset that contains the images that are used during an iteration.

14
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Gradient to train
N { encoder weights
<3 Data 1 Encoder 2 Projection 3 Contrastive

s augmentation network loss

Downstream task

(after pretraining)
1: Input space
2: Representation space
3: Latent space

(Unlabeled Images)

Figure 3.1: Pipeline for contrastive learning.

Any pair formed by one of those two images with another one is therefore considered
a negative pair.

Then, the batch of augmented images goes through an encoder network to extract
its representations.

Next, the representation vector (i.e., the output of the last layer of the encoder)
becomes the input of an extra projection network that projects it to the latent
space (a lower dimension space containing the data in a compressed manner).
Finally, the resulting vectors are used to compute the contrastive loss that serves
to update the network weights.

3.1.1 Mechanisms

Several contrastive mechanisms have already been developed. They differ in two
points: how networks get access to negative samples during the training and how
the encoder is updated. Those mechanisms are illustrated in Figure [3.2 The
following explanations are mostly based on these two sources [30, [39]

The first mechanism shown in Figure [3.2h represents the end-to-end learning
implemented among others in SImCLR (Simple framework for Contrastive Learning
of visual Representation) [43] and CPC (Contrastive Predicting Coding) [45]. In
this mechanism, contrastive learning benefits from many negative samples. There-
fore, this method uses large batches to provide a sufficient number of negative
samples. Moreover, both encoders can be different and are updated directly using
backpropagation.

However, the number of negative samples is directly linked to the batch size, which
is the major limitation of those methods. Indeed, as said previously, contrastive
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contrastive loss contrastive loss contrastive loss
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(a) End-to-End (b) Memory Bank (c) Momentum Encoder

Figure 3.2: Pipelines for contrastive learning mechanisms. Illustration for a pair of
query(z9) and key(z*)* [36, 44].

learning benefits from many negative samples, but the batch size is limited by the
GPU memory size hence limiting the model performance.

The second mechanism (Figure [3.2b), implemented in multiple methods [46, 47, 48],
allows alleviating the previous problem by storing the representations (computed
in previous epochs? by the query encoder) for each image in the dataset into a
separate memory bank. Therefore, the negative samples can be sampled from
the memory bank, allowing to train with many negative pairs without significantly
increasing the computational costs.

However, updating the representations kept in the memory bank can be computa-
tionally expensive and a complicated task (to keep them consistent).

The third mechanism [44] (Figure ) also addresses the issues from the previous
methods, especially those arising from the memory bank. In this mechanism, a
momentum encoder that shares the same parameters as the encoder replaces the
memory bank. As opposed to the end-to-end learning, the momentum encoder is
not updated with back-propagation but based on the query encoders parameters.
Therefore, only one of the encoders needs to be trained with this method. Figure
3.3| shows the other particularity of the momentum encoder. It uses a dictionary of
keys as a dynamic memory queue (instead of a memory bank). This dictionary is
updated at each iteration (compared to each epoch for the memory bank).

LQuery and key refer to particular views of an input sample, forming either a positive or
negative pair according to the image from which they are derivated [39].

2An epoch consists of a set of iterations. It is completed when all the images have been passed
through the network once.

16



CHAPTER 3. UNSUPERVISED PRE-TRAINING AND FINE-TUNING
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Figure 3.3: Momentum Contrast pipeline [44].

3.2 SimCLR

SimCLR [43] is one well-known successful example of end-to-end learning. Indeed,
it has proven to be efficient while being trained on ImageNet [42]. Moreover,
its simplicity makes it a good starting point for the first implementation of a
contrastive method.

Therefore, this section reviews the pipeline described in Section for this specific
model implemented for this thesis.

Data Augmentation

Data augmentation is an essential step of the SimCLR pipeline. Indeed, according to
the applied data augmentation, the results can be significantly affected. Therefore,
after studying the impact of several data augmentations (alone or by combining
several), SImCLR found a winning combination. For this model, they use random
cropping and resizing, color distortion, and Gaussian blur to create augmented
views of images.

Encoder network

Unlike the choice of the data augmentation technique, the choice of the encoder
network is almost free. Indeed, contrastive learning results are less dependent on
the encoder architecture hence allowing various possibilities. However, SimCLR
shows that contrastive learning benefits from deep and wide networks by performing
several tests with different encoders. To do so, they chose to use the common
ResNet architectures as encoders.

17
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Projection head

Although practically similar to the encoder in the sense that they are both parts of
the network, the projection head has a different purpose. Indeed, while the encoder
extracts representations, the head acts as a bridge decreasing the dimension of
vectors between the representation space and the latent space.

After training, the projection head is discarded to keep the best representation (i.e.,
the output of the last layer of the encoder) for the downstream tasks. Therefore,
the head allows efficient computation of the similarity metric (i.e., contrastive loss)
without either suffering from significant computational costs or losing information
in the representation space due to a premature dimension reduction.

In SimCLR, several projection heads have been tested to study their impact and
importance. They finally opted for a non-linear projection head composed of two
fully connected layers separated by a non-linear activation function (ReLU).

Contrastive loss

Just as there are several possible contrastive architectures, different contrastive loss
functions are used [39]. However, the most common one is InfoNCE [45] based
on NCE (Noise-Contrastive Estimation) [49)].

The idea behind InfoNCE is motivated by the supervised softmax classification
problem. This one, defined by Equation [3.1], tends to maximize the probability of
classifying a sample in the correct class.

exp(q” wi)
?:1 exp(q’w;) 7

where q is the feature vector and w;/; the weight vectors of class i/j.

plilq) = (3.1)

The above expression can be adapted to the contrastive approach, which consists
in comparing two samples. Therefore, the probability to be maximized becomes
the probability of correctly identifying a positive pair among a set of negative ones

[39, 46]. Equation |3.1] becomes

T+
exp(q' k
p(k™lq) = ( T) : (3.2)
Y ke exp(a’k)
K is the set of keys. k™ is the key that forms a positive pair with the query q while
k forms a negative pair.

The issue with Equation [3.2]is that the denominator can be problematic to calculate
[49], particularly when the size of K increases. Therefore, NCE provides a way
to estimate this probability by evaluating this denominator through a binary
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classification between the data and some artificial noise [49]. This principle has
then been extended in [50] to a global version. This last is not suited for a binary
task anymore but for the ranking of a set of keys according to their similarity to a
query [39]. The probability function becomes therefore

. ~ exp(S(q, k"))
p(2|q, IC) - Zkelc exp(S(q, k)) )

where S(q, k) is the function that calculates the similarity between q and k.

(3.3)

Finally, since the objective is to maximize the above probability, the equivalent
problem becomes the minimization of Equation [3.4}

L(q,K) = —logp(ilq, K) . (3.4)

SimCLR uses a variant of this loss they name NT-Xent, which means Normalized
Temperature Cross-entropy loss. In this loss function, the similarity metric is the
cosine similarity, expressed as follows:

LITV

sim(u,v) = —————. (3.5)
[ul[{lv]]
The loss function between two representation vectors z; (i.e., the query) and z;
(i.e., the positive key) forming a positive pair is then defined as

i = —log ( exp(sim(zq, 2;)/T) ) ' (3.6)

S Tza) exp(sim(zq,z1)/T)

In the above, 7 is a temperature coefficient that has an impact on the strength
of penalties given to the hard negative samples (i.e., the nearest neighbors of the
query [51]), 2NV is the size of the batch that is composed of two augmented versions
of N input images, z; is a representation vector that forms a negative pair with z;,
and I[;.; is a function that equals 1 if and only if k # 4 otherwise it is null.

NB: Methods based on infoNCE loss can lead to a trivial solution and need to be
carefully implemented. Therefore, to avoid this collapsing possibility, Barlow Twins
[52] implements a loss function that makes the cross-correlation matrix between
two representation vectors tend to the identity matrix. In addition to avoiding
trivial solutions, this method does not require large batches, which alleviates the
other issue of contrasting methods.
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3.3 Downstream task

The pre-trained model is reused in a downstream task to evaluate the efficiency
of self-supervised learning. The hypothesis is that if the model has learned good
representations, it can efficiently perform while being transferred for the final task.

This evaluation of representations can be done in several ways: supervised learning,
semi-supervised learning, or transfer learning.

In the case of supervised learning, the dataset used for contrastive learning must
be fully annotated. Therefore, the downstream task can also use it. In that case,
contrastive pre-training would be used to try to outperform supervised training
from scratch.

Semi-supervised learning is the bridge between supervised and unsupervised learn-
ing. The training of a semi-supervised method is done with a partially annotated
dataset, hence taking advantage of both a dominant unlabeled part and a smaller
labeled one. In this case, the whole dataset is used for the contrastive learning
while only the small annotated part is used for the downstream task. Given the
results already obtained by researches on the subject, the semi-supervised way
allows mitigating the supervised limitation while still achieving convincing results
(at least better than the supervised ones) on a limited set of annotated data.
Finally, transfer learning aims to perform the downstream task with the pre-trained
network but on another dataset than the one used for the pre-training. The
knowledge from this last one is thus transferred to another dataset, hoping that
the network had previously learned good general representations. This approach
is especially used when the available dataset is too small. However, the outcome
strongly depends on the similitude between both datasets.

For the sake of clarity, the two first manners will be part of a general process
that will now be referred to as network reuse. This is to ensure that there is no
misinterpretation between the transfer of the network to another dataset (transfer
learning) and the reuse of the network on the same dataset (in a supervised or
semi-supervised way).

3.3.1 Fine-tuning

The concept behind the process of taking a pre-trained model as a basis to perform
another task (via transfer learning or network reuse) is called fine-tuning. Indeed,
instead of starting from scratch with randomly initialized weights, the model
already has pre-trained weights. The latter will therefore be fine-tuned during
the downstream task provided they are still updated during it. By doing so, the
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downstream task benefits from the previous knowledge of the pre-trained network.

The main advantage of fine-tuning is that it allows the model to reach satisfying
results even with small datasets. Indeed, the main issue with small datasets is
overfitting. This means learning the training set so well that the model cannot
generalize what it has learned on another dataset. However, as the fine-tuning
process starts with a pre-trained model, which has already learned relevant features,
the risk of overfitting is reduced [53].

As explained in Section CNNs5s are composed of two distinct parts, the backbone
of the network known as feature extractor and the head designed for a specific task.
The only part that needs to be changed while fine-tuning a network for another
task is the head.

In this case, after the contrastive learning, the non-linear head of the network is
discarded to keep only the encoder whose last layer contains the learned representa-
tions. Therefore, a new classification head is added to the encoder then the whole
network is trained to perform the final binary classification.

Moreover, the encoder weights are already supposed to be optimized, provided the
extracted representations are relevant. Therefore, a common practice when reusing
or transferring the network consists to first freeze those weights to only train the
new head until convergence. Then the fine-tuning can be done by unfreezing all
the weights.
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Annotation enrichment

As said in Section [2.3] the first studied task of this thesis is the enrichment of
annotation. This task aims to complete a partially annotated dataset to make it
usable for supervised learning. Therefore, it alleviates the annotation burden even
though it does not solve the supervised learning issue.

In practice, the network is trained several times with fewer and fewer labeled data.
Then, for each training, the network must give its predictions about the remaining
unlabeled data. The objective of this work is to quantify the extent to which it is
possible to reduce the required amount of labels.

This chapter contains all the details about the implementation of this task. It goes
through the dataset presentation, the image preprocessing and augmentation, the
value of the hyperparameters, and ends with the loss, optimizer, and architectural
choices. Moreover, as also mentioned in Section [2.3] this task has been implemented
with two methods. Therefore, both supervised (Casel) and contrastive (Case3)
implementations are discussed in this chapter.

4.1 Supervised implementation: Casel

4.1.1 Dataset

The networks have been trained on the public RSNA (Radiological Society of
North America) Pulmonary Embolism CT Dataset [6]. It consists of 2 995 147
images from 12 195 patients with 96 540 (4.2%) images containing a form of
pulmonary embolism. These will now be referred to as positive images/cases. It
is a strongly imbalanced dataset which is an issue faced a lot in the medical field.
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The images are obtained by Computed Tomography Pulmonary Angiography
(CTPA), which is the most current imaging modality in the diagnosis of pulmonary
embolisms [54] [55].

The dataset is fully annotated at image and study levels. However, in this work,
the focus is on the image level annotation, that is, if there is any form of pul-
monary embolism present in the image or not. This results in a binary classification.

From this dataset, a subset of 15556 images, containing 4.21% of positive images
(i.e., 655 images), is used. For the sake of clarity, this subset will now be referred
to as Datasetl.

Dataset1 is divided in three parts known as training set, validation set, test
set. The training and validation sets are used during the training process of the
network. The training set consists of the data used to train the model and update
the weights. It is the set from which the model will learn. The validation set
contains the data used to evaluate the model performance throughout the training.
It provides other images to the model to have an unbiased evaluation of its learning.
Finally, the test set is kept for the last performance tests once the model is trained.

As this case aims to complete partially labeled datasets, images intended for the
training are sampled from Datasetl. That is, by removing images from Dataset1
for several sampling rates.

For instance, if the sampling rate is 9/10, nine images out of ten are kept for the
training stage. Then, this part of Datasetl is randomly split between the training
set (80%) and the validation set (20%). The remaining 10% (i.e., one image out of
ten) constitutes the test set, as illustrated in Figure

Scans patient 1 Scans patient 2 Scans patient 3 Scans patient 4
e Training set (80% of 90%)

Validation set (20% of 90%)
Test set (10%)

Figure 4.1: Separation of dataset into training, validation and test sets in Casel.

This way of separating Dataset] is specially chosen for this task as images from the
same patients are used during the training and testing processes. The underlying
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hypothesis of this separation is that training the network with part of images from
a patient allows it to complete the annotation of the remaining scans of this same
patient. Therefore, it is necessary to have a well-defined sampling rate and not to
separate Dataset1 randomly.

Preprocessing

All the images undergo preprocessing steps before entering the network.

Firstly, as the format of the CTPA images is DICOM (Digital Imaging and Com-
munications in Medicine), they have to be converted. In CT scans, the density of
matters is expressed in Hounsfield units (HU), and it covers a range of 2000 HU
(from the density of air (-1000 HU) to the density of metal (1000 HU)). However,
according to the task of interest, only parts of this range are relevant. Therefore, a
windowing process is applied to the image to transfer only these relevant fractions
of the Hounsfield range into the grayscale. According to the window settings (the
center/level (WL) and width (WW)), the brightness and contrast of the resulting
image are different. These settings aim to isolate the various information contained
in the CT scans. Figure [4.2| shows the impact of these settings on the same image.

Figure 4.2: Different window settings of the same image [56].

The area of interest of this study being the lungs, three windows have been applied to
relate the three dimensions of the RGB color space to relevant ranges of HU. Those
three windows focus thus on the lungs (WW=1500, WL=-600), the mediastinum
(WW=400, WL=40) (central compartment of the thoracic cavity), and the density
level of pulmonary embolisms (WW=700, WL=100) [57]. Eventually, a conversion
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from RGB to grayscale is performed mainly to alleviate the computations. Figure
[4.3] shows the result of the windowing process compared to the transfer of the entire
range of HU directly into a normalized range of [0,1].

(c) Resulting images after windowing.

Figure 4.3: Difference between loading image processes.
Secondly, the images have been normalized to have the pixel value comprised

between 0 and 1 and finally resized (from 512x512 to 128x128) mainly to save
computational time.
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Data augmentation

Classical data augmentation is used throughout the training process. As visible in
Figure [4.4] images undergo random data augmentation based on a mix of slight
rotation (range of 10°), horizontal and vertical shifts (range of 10% of the image),
and zoom (range of 20% of the image).

Original image

Augmented image Original image  Augmented image

Original image

Augmented image

Figure 4.4: Example of random data augmentation the images can undergo.

Data augmentation is also used during the testing phase to measure the uncertainty
of the predictions. Indeed, instead of directly providing the test set to the network,
each image is augmented four times beforehand. The final labels are obtained
by computing the average of the five predictions (the original image and the four
augmentations) for each image. This process is called test-time augmentation
58, 59].

Although the augmentations are in the range of those used for the training process,
as opposed to this one, these four augmentations are not random anymore. Each
image undergoes only one augmentation that is either a 10°-rotation, a slight
vertical or horizontal shift of 10 pixels (corresponding to 7.8% of the image), or a
central crop keeping a central fraction of 75% of the image. Figure illustrates
these augmentations.

After taking the mean of the five predictions, two thresholds are used to classify

the images into two categories: the images whose labeling is reliable and does not
have to be rechecked and those for which it is uncertain. If the mean prediction

26



CHAPTER 4. ANNOTATION ENRICHMENT

Horizontal translation

Original image Central crop

Rotation

Figure 4.5: Test-time augmentation applied on one image.

is above the upper threshold or under the lower one, the images are considered
permanently classified and respectively positive or negative. Therefore, test-time
augmentation allows isolating the ambiguity of the model and the images that have
to be rechecked by medical experts.

4.1.2 Hyperparameters

For training to be efficient, some values of hyperparameters (i.e., parameters that
are not trainable) have to be chosen. Although the hyperparameters sometimes
have pretty good default values, it is mainly by training the model with different
values that the best combinations are found. Indeed, as some good and bad be-
haviors are associated with both small and large values of those hyperparameters,
each experiment must find its good compromise. Moreover, there can be a high
correlation between some of them, hence the tuning need for each situation [60].
The following values of hyperparameters have been chosen by trial and error based
on common practices.

One of the most important hyperparameters is the learning rate, which has a

direct impact on network convergence. It controls the step size of the update of
the network weights to converge to a minimum loss.
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A common practice concerning the :
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The batch size and the number of epochs are other important hyperparameters
(others are presented in the subsections afterward).

The batch size is the number of images used during an iteration (i.e., single forward
and backward pass in the network). The training set is divided into several batches
from which the network is trained, the error is computed, and the weights are
updated.

An epoch consists of one complete cycle through the training set. It is an ensemble
of iterations and is completed when all the training images are used once. By
choosing the number of epochs beforehand, the length of the training process is
fixed. Therefore, the number of epochs should be large enough to allow the training
to converge but not too large to spare computation time. However (although not
used in this case), it is also possible to give a condition based on the performance on
the validation set under which the algorithm will stop. This is called EarlyStopping,
and it allows to arbitrarily use a large number of epochs without worrying about
the computation time.

For this case, the batch size is 32, and the model is trained for 40 or 50 epochs, 50
being for the training with the smallest training and validation sets.

4.1.3 Loss function and optimizer

In this implementation, the choice of loss function has been motivated by the
imbalanced problem. Therefore, the chosen loss function is the binary focal loss,
defined by Equation [61], specifically designed for this kind of dataset. The
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binary focal loss is a generalization of the binary cross-entropy [61] in which an
extra hyperparameter (i.e., the focusing parameter) has been added. This one
allows the learning process to focus on hard examples, that is, those from the
under-represented class. In this work, this hyperparameter has been assigned the
value of 2.

(4.1)

oy ) o ify =1
FL(p)) = —(1 —p;)" log(p;) with p, = { 1 —p otherwise.

In the above, y is the true label, p is the estimated probability for the class of label
y = 1, and + is the focusing parameter.

The optimizer is the algorithm used to update the weights of the network to reduce
the loss. The optimizer used in this implementation is Stochastic Gradient
Descent (SGD). Two hyperparameters have an impact on its algorithm. As said
previously, the first one is the learning rate. As for the second one, it is the
momentum. This last one is a term added to the expression of the optimizer that
improves the convergence speed [62] [63], especially in the case of convex functions
[64].

Figure illustrates the impact of the momentum term. In this case, the value
of the momentum is 0.9, which is a typical value for this hyperparameter.

(a) SGD without momentum. (b) SGD with momentum.

Figure 4.7: Impact of the momentum on SGD optimizer [26].

4.1.4 Architectural choices

As said in Section [2.1] the trained network is a ResNet50. However, some slight
changes have been made compared to Figure 2.8 Indeed, two layers known as
batch normalization [65] and dropout [66] have been added just before the
final classification one. Both types of layers are now widely used as they have
been shown to have beneficial impacts on the learning process. They both have a
regularization effect preventing overfitting. Moreover, batch normalization layers
also impact the training speed.
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Lastly, the activation function of the last classification layer is not a softmax function
as in Figure but a sigmoid function, well-adapted for binary classification.

4.2 Contrastive Implementation: Case3

4.2.1 Dataset

The dataset for Case3 is Datasetl. However, it is not divided into several subsets.
Indeed, contrastive learning only uses one dataset as its evaluation is done via the
downstream task. All preprocessing steps that the images undergo are also the
same as described for Casel.

Data augmentation

About the data augmentation, as said in Section 3.2, a composition of several
random augmentations shown in Figure [4.8|is applied to both samples forming the
pair. As in this context, the images are processed in gray-scale, the color distortion
initially performed in SimCLR is replaced by contrast distortion only.

Horizontal flip

Original image Crop and resize

Figure 4.8: Contrastive data augmentation.

4.2.2 Hyperparameters and optimizer

Several hyperparameters have a considerable impact on contrastive pre-training.
As said previously, SimCLR benefits from large batches to have enough negative
samples. Therefore, the chosen batch size is 1000.
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The number of epochs is also critical as contrastive learning benefits from long
training. Hence, the model is trained once for 75 epochs and then for 150 epochs.
Concerning the optimizer, the network is optimized by a stochastic gradient descent
algorithm with a momentum of 0.9 and a constant learning rate of 0.01.

Finally, the temperature coefficient (see Section is 0.1.

4.3 Donwstream Task implementation: Case3

The implementation of this case is similar to the one of Casel as the objective is
to compare both methods.

4.3.1 Dataset

Once again, Dataset] is reused for this task. Moreover, the separation into training,
validation, and test sets is the same as for Casel. The preprocessing steps and
data augmentation from Casel are also kept.

4.3.2 Hyperparameters

Throughout this case, fine-tuning is performed in two steps. Therefore, it will now
be referred to as two-step fine-tuning. As explained in Section [3.3] the first step
allows training the new head without disrupting the encoder weights. Then for the
second step, the entire network is updated. This two-step fine-tuning turned out to
be better than directly fine-tuning the whole network with a randomly initialized
new head.

Most of the hyperparameters stay the same between the first and the second step of
the process. Indeed, for both steps, the batch size is 64, and the number of epochs
is 30. About the initial learning rate!, it increases from the first to the second step,
from 0.001 to 0.01.

As a reminder, the hyperparameters have been chosen mainly by trial and error. A
common practice about the learning rate while used in a two-step fine-tuning is
to decrease its value for the second step not to change much the encoder weights
(supposed to already be effective). However, in this work, the opposite process
(i.e., increasing the learning rate) has proven to be more effective. The following
observations could justify this behavior. The coupling between the backbone and
the head is critical [53]. Therefore, using a small learning rate to train the new
head for the first time could be favorable to obtain weights compatible with the

!The learning rate still follows a step decay scheme during training, hence the term initial
learning rate.
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backbone ones. Then, once the new network becomes one functional entity, training
it with a larger learning rate could increase its generalization power [67].

In the end, the choice of hyperparameters stays a complex part of deep network
implementation. Although some default values are known for most of them, finding
the proper combination for a particular case is not simple and does not always
correspond to what is found in the literature.

4.3.3 Loss function, Optimizer, and Architectural choices

Concerning all the other aspects of implementation, they are the same as those
used in Casel. Indeed, as the aim is to compare both methods, the changes made
between them stay minimal.
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Development of a generalizable
model

This second task aims to train models to detect pulmonary embolisms (PEs) on
any image. This is done through the classification into two categories: PE present
or PE absent. After training, these models are considered able to generalize their
learning on other datasets.

As said in Chapter image classification is a task that has already been studied
a lot with supervised methods. However, the purpose of this thesis is to avoid
those (see Section . Therefore, this task has been performed with supervised
and contrastive learning to compare both methods. In addition, the networks were
challenged to achieve satisfying results while decreasing the amount of labeled data.
Similar to Chapter [4] this chapter contains all the implementation details corre-
sponding to both methods.

5.1 Supervised implementation: Case2

5.1.1 Dataset

In this case, another subset (which will now be referred to as Dataset2) of RSNA
Pulmonary Embolism CT Dataset is used. Dataset2 contains 19946 images with
15.38% of positive cases used to train the model.

The augmentation of the percentage of positive cases is intended to alleviate the
class imbalance problem (see Subsection . By doing so, Dataset2 is a better
starting point for this task (further information in Subsection [6.3.1)).

The main difference with the first case is the way the dataset is split. Indeed, this
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step is essential to avoid any bias in the training process.

For example, if the separation from Casel was used for this case, the model would
be biased as images from the same patient can be in the training, validation, and
test set. Therefore, it is imperative to consider the patients when splitting the
dataset.

Dataset2 is divided as follows: 80% of the images are for the training set and
the remaining 20% for the validation set. However, the separation is also made
regarding the patients. That is, images from the validation set are from different
patients than those for the training set. Figure [5.1] illustrates this separation.
Regarding the test set, other scans from new patients are taken from the RSNA
dataset. The test set is composed of 455 scans with 146 positive ones (i.e., 32.08%).

\ A
[ [ | |
Scans patient 1 Scans patient 2 Scans patient 3 Scans patient 4

e Training set (80%)
Validation set (20%)

Figure 5.1: Separation of dataset into training and validation sets in Case2.

Preprocessing

The preprocessing steps (windowing, normalization, and resizing) are the same as
those of Casel (see Subsection. However, one last step has been performed to
counter the data imbalance problem. The dataset has been over- and undersampled
to balance the class distribution.

Oversampling consists of increasing the frequency of samples from the minority
class. Undersampling, on the contrary, aims to decrease the frequency of the
samples from the majority class. Therefore, in this case, all the positive images
are copied three times, and only two-thirds of the negative images are kept for the
training. The resulting training set contains 44.58% of positive cases.

Data augmentation

Regarding the data augmentation, in this case, it is only used for the training
phase, but it does not change from the one used in Casel.
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5.1.2 Hyperparameters

As for Casel, this implementation uses a step decayed learning rate. However, for
some additional experiments presented in Appendix [A] the decay is triggered by
the iterations and not the epochs. The choice of schedule has a significant influence
on the training process. Indeed, in this case, an iteration-based schedule allows
reducing overfitting (further information in Appendix |A)).

Regarding the other hyperparameters, in this case, their values impact less the
training process. However, some of theirs do give better results. Therefore, a batch
size of 256 has been chosen for a training of 50 epochs.

5.1.3 Loss function and optimizer

Concerning the loss function, the binary focal loss (see Equation is kept for
this case as the dataset is still imbalanced. However, to deal with this problem,
another hyperparameter influences the loss function. Indeed, class weights have
been added to give a higher (resp. lower) weight to the minority (resp. majority)
class when computing the loss.

For this implementation, the class weights are inversely proportional to the frequency
of the positive and negative classes, according to Equation [5.1}

Nsamples ‘ (51)

weightpos/neg =

Nelasses nsamplepos/neg
In the above, Nggmpires 15 the number of images in the training set, ngsses is the
number of classes and Nggmpies is the number of positive (resp. negative)

images in the training set.

pos/neg

The optimizer used for this case is the Adaptive moment estimation (Adam)
optimizer [68]. The main benefit of Adam (over SGD, for example) is that it
computes adaptive learning rates throughout the training, making itself an effi-
cient algorithm. Indeed, Adam is «robust and well-suited to a wide range of of
non-convex optimization problems » [68], which makes it a commonly used optimizer.

5.1.4 Architectural choices

For this case, the architecture is the same as the one described in Subsection [£.1.4]
However, a modification has been made on the last layer, once again, to overcome
the problem of dataset imbalance. A bias is set to initialize the final layer weights.
This way, the loss value of the first iterations is not destabilized, possibly speeding
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up the convergence.
The bias has been chosen according to [61], and its value is computed following

Equation

- ") with 7 = 0.01, (5.2)

1
bias = — log(

5.2 Implementation Case4

The contrastive implementation of Case4 is identical to the one described in Section
[M.2] except that the pre-training is performed on Dataset2.

Regarding the downstream task, once again, the implementation for the fine-tuning
process intends to be close to the one of the supervised learning. In this case, there
are no changes compared to what is described in the first section of this chapter.
Indeed, compared to the fine-tuning from Case3, this one is performed in one step,
for which the hyperparameters correspond to those of the supervised training.
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Results

In this chapter, the results from Chapters [4] and [5| are presented and discussed.
The metrics used to evaluate models performances are defined in the first section.
Then, the second one is devoted to the results of the first task (i.e., annotation
enrichment). It starts with the supervised results, then the contrastive ones, and
ends with the comparison of the two. Eventually, the third section focuses on the
results of the second task (i.e., general classification). This section is divided into
two parts: the supervised results and the methods comparison.

6.1 Metrics presentation

The choice of the metrics is critical as the interpretation of the model performance
depends on it. A wrong choice could lead to a poor evaluation of the network.
Therefore, comparing several metrics is an efficient way to evaluate a network in
an unbiased manner.

6.1.1 Confusion matrix

The confusion matrix is a great starting tool to determine the performance of a
model. This metric speaks for itself when it comes to interpreting it. Indeed, the

matrix directly displays the number of true and false predictions in the form of a
four-entry table (see Figure [6.1)).

The true positive (resp. negative) cases are the correctly predicted positive (resp.
negative) images. In opposition, the false positive (resp. negative) cases are the
images classified as positive (resp. negative) but truly negative (resp. positive).
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Ground truth
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(FN) (TN)

Figure 6.1: Confusion matrix [69].

In addition to being a relevant source of information, the confusion matrix is also
the basis from which the following metrics are defined.

6.1.2 Accuracy

The accuracy is a common and easy to interpret evaluation metric. It calculates
the percentage of correct predictions according to Equation [6.1]

TP+TN

accuracy = TP+TN—|—FP+FN

(6.1)

However, its drawback is that it can be misleading if not well interpreted. For
example, in this case, as said in Subsection [£.1.1] the dataset is strongly imbalanced.
Therefore, the model could always predict no pulmonary embolism no matter
the input and still have more than a 95% accuracy which, at first sight, seems
convincing.

This example shows the importance of comparing multiple metrics, hence avoiding
a wrong straightforward evaluation.

6.1.3 Fl-score
The F1 score (Equation is the harmonic mean of the precision (how many of

the positive predictions are correct) and recall (how many of the positive cases are
classified correctly).

Flscore — 9 - precision - recall

, 6.2
precision + recall (6:2)
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with
. TP
precision = s (6.3)
TP
= . 4
recall TPLEN (6.4)

The advantage of the Fl-score is that it deals with the imbalanced problem by
emphasizing the correct predictions of the under-represented class.

6.1.4 ROC/AUC

ROC stands for Receiver Operator Characteristic. This evaluation metric takes
the form of a graph that displays the True Positive Rate (TPR) against the False
Positive Rate (FPR) for several thresholds.

The TPR (also called sensitivity) is the proportion of correctly predicted positive
samples. In opposition, the FPR is the fraction of incorrectly classified negative
samples. TPR and FPR are defined according to the following formulas:

TP

TPR= Zpon (6.5)
FP

The threshold is the value above (resp. under) which a prediction is considered
positive (resp. negative).

Figure[6.2|displays an example of a ROC curve. Its interpretation is straightforward.
A model is judged efficient when the TPR is maximized while the FPR is minimized.
The perfect point on the curve is the upper left corner, for which all the predictions
are right. Therefore, any curve that tends to this point is a sign of a good model.
This evaluation is quantified by the Area Under the Curve (AUC). The larger the
AUC, the better.

NB: A network with an AUC of 0.5 (i.e., ROC on the «random guess» line) means
that its predictions are made randomly (like the flipping of a coin, for example).

This metric is an efficient approach to compare models. In addition, it also provides
the threshold that optimizes the network performance. Indeed, the best point on
the curve is the one for which the difference between the TPR and FPR is minimal.
Therefore, the threshold corresponding to this point is the most suited for the
network in question.
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Figure 6.2: Example of ROC curve [70].

6.2 Annotation enrichment - Cases 1 & 3

6.2.1 Preliminary remarks

Randomness of simulations

Even though the chosen hyperparameters are fixed, there are some other aspects
of the training process that bring certain randomness, such as the model weights
initialization, the dropout layer, the data augmentation, etc. In addition, in this
case, the dataset separation is also one of these aspects.

Theoretically, even though challenging, it is possible to control those aspects to
obtain reproducible results. However, it is usually customary to do several tests
with the same hyperparameter combination to deal with those random aspects.
Then, either the mean of all tests can be presented, or the best model (not only
in terms of hyperparameters). For example, K-fold cross validation [71] is a
procedure used against the randomness of the dataset separation. The idea behind
this technique is to split the dataset into multiple parts, then to use each part once
as validation set while the others form the training set.

Nevertheless, in practice, fully reproducible tests are hard to implement, and for
the sake of time, all the tests have been performed only once. Therefore, it is
essential to keep in mind throughout this section that even if the results give a first
sight of the studied behavior, it may be possible that the best results of one test
are compared to the worse ones of another.
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Denomination of tests

In the following subsection, different experiments are presented. For clarity, each
of the latter is assigned a name listed in Table [6.1]

Sampling rate =

ENIN
w

N
Wl
=

Denomination | Test90 Test80 Test75 Test66 Testb0 Test33 Test25

Table 6.1: Denomination of the tests of Cases 1 and 3.

The different tests are listed according to their sampling rate (i.e., the rate at
which images exploited for training are sampled from Datasetl). As explained in
Subsection [£.1.1}, a sampling rate of 9/10 means that nine images out of ten are
kept for the training. The dataset is thus split into two parts: 90% for the training
stage and 10% for the test set. When it comes to a sampling rate of 1/3, one image
out of three is sampled, which gives a set of 33,33% for the training process.

NB: The test set also changes according to the sampling rate for the above seven
experiments. Therefore, although they are compared throughout this chapter, they
should be considered as separated entities as the comparison between them is less
relevant with different test sets. However, comparisons with contrastive learning
are, as both methods are applied to perform the same tests, thereby evaluated on
the same test sets.

6.2.2 Supervised results - Casel

Metrics interpretation

Both graphs in Figure [6.3| show the training (blue curve) and validation (orange
curve) of Test90 for two different metrics, that is, Fl-score and binary accuracy.

The result the most straightforward to interpret in the figure is the accuracy. In this
case, this value can already give a piece of good information. Indeed, the accuracy
is high even when taking into account the imbalanced aspect of the dataset. Its
value of 0.9961 proves that the model can classify, without mistakes, both negative
and positive samples (otherwise, the accuracy would have reached a maximum of
0.96, corresponding to the fraction of negative images).
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Figure 6.3: Metric values for Test90 of Casel.

The other metric used when training the model is the F'1-score. Its interpretation
is more complicated. Indeed, theoretically, the value of Fl-score is between 0 and
1, 1 being the maximum, meaning no error in the predictions. However, a higher
value does not always mean better results (further explanations in Appendix .
According to its definition (Equations , and, F'1-score is mainly impacted
by the positive samples. Therefore, it is necessary to consider the distribution of
the latter throughout the training process to interpret the metric.

The following results concerning the F1-score have been computed afterward to
illustrate the explanation. They come from another training with similar hyperpa-
rameters. Therefore they are not directly linked with the upper results, but they still
give an insight into the F'1-score interpretation.

In this case, as Datasetl is highly imbalanced (4.21% of positive images) and the
batch size is 32, there is quite a high percentage of batches that do not contain
any positive image. For those, the Fl-score is automatically 0 hence impacting the
overall metric computed as a mean of each Fl-score per batch. Therefore, knowing
the distribution of the positive images during the training process provides the
maximum bound for the Fl-score. With this bound, the results are compared
to a more realistic value than the theoretical maximum. The following example
illustrates the higher bound calculation. Figure shows the distribution of
positive images for one epoch.

Knowing this distribution, the maximum F1-score for this epoch can be computed,
considering that for the 100 batches without positive images, the F1-score is 0, and
for the 250 others, the score is 1. The maximum value is thus 0.7143, which is way
below one and closer to the validation one obtained with the model. This operation
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Figure 6.4: Distribution of the positive images of the training set across all batches
of one epoch.

has been repeated for all epochs. Therefore, the overall maximum F1-score for the
entire training (mean of the maximum value per epoch) is 0.7364.

From then on, even though this does not give much concrete information about the
model yet (except that the gap of the Fl-score is not as big as intuitively thought),
it can explain how low Fl-scores can already be good and sometimes even better
than higher ones (see Appendix .

NB: Another way of computing the Fl-score allows avoiding these null scores.
Instead of updating the Fl-score at each batch, a better way would be to update
the confusion matrix. The Fl-score would therefore be computed at the end of
each epoch.

Anyway, metrics are not that easy to interpret and can even be misleading. There-
fore, using several ways of displaying the results can help. The confusion matrix is
a good one as it directly shows the number of correct and wrong predictions on
the test set. For the training corresponding to Figure [6.3] the confusion matrix is
shown in Figure [6.5]

The confusion matrix gives a more direct way of interpretation. Indeed, when
looking at it, the model performance can be highlighted. In this case, the model
seems quite efficient as it is only wrong for seven images out of 1556. These results
correspond to an accuracy of 0.9955 and an Fl-score of 0.9489 (to be compared to
a maximum of 1 as the test set is processed as one entity).
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Figure 6.5: Confusion matrix for Test90 of Casel.

Finally, to highlight the impact of the training set reduction, Figure shows the
F1-score according to the sampling rate. As expected, the metric value decreases
with the training set. This graph also brings out a possible outlier due to the
randomness of the simulations since the Fl-score of Test75 is particularly low
compared to the curve tendency.

These results do not directly mean that the last sampling rate is the worse. It
depends on the below uncertainty evaluation. Indeed, the Fl-score drop with small
training sets can be compensated by the gain in the annotation work.

0.95 A
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Fl-score

0.75 A
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1.0 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2
Sampling rate

Figure 6.6: Fl-score according to the sampling rate for Casel.

Uncertainty evaluation

All the above results can be confusing and abstract. This is why some methods
are used to highlight the model uncertainty and to help to present the results
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more understandably. In this case, as explained in Subsection [£.1.1] test-time
augmentation has been performed, allowing to classify images of the test set into
three categories, namely, True Predictions, False Predictions and Uncertain
Predictions. This classification depends on the chosen thresholds, as visible in
Figure As a reminder, the upper threshold defines the value above which
a prediction is considered positive and the lower one, the value under which a
prediction is negative. The space between both thresholds contains the uncertain
predictions.

100%
99%
98%
97%
96%

95%

PERCENTAGE OF TEST SET [%]

94%

93%

92%

0.75/0.25 0.8/0.2 0.85/0.15

THRESHOLDS

M True Predictions ~ M False Predictions B Uncertain Predictions

Figure 6.7: Test-time augmentation results according several thresholds for Test90
of Casel.

As expected, the higher (resp. lower) the upper (resp. lower) threshold, the more
uncertain the predictions. These thresholds are decisive when it comes to finding
the best possible model. Indeed, in this case (Figure , there is no need to choose
highly restrictive thresholds as the network does not make mistakes even with the
less restrictive ones (above 0.75 and under 0.25). However, when sampling more
and more images from the training set, those thresholds need to be adapted to keep
a model without any wrong predictions. Figure [6.8 shows the different thresholds
applied for two more examples, respectively, Test75 (sampling rate of 3/4) and
Test25 (sampling rate of 1/4).

Figure highlights the need for adaptive thresholds to maintain a model that is

always right in its predictions. While for Test90 (sampling rate of 9/10), thresholds
of 0.75 and 0.25 are enough, when increasing the sampling rate, more restrictive

45



CHAPTER 6. RESULTS

100%

276 338
. 90% 1
X
= 80%
& 5601
& 70%
=
8375
o
S 60%
3 3659 3550
I 50% 1
&
G 0%
e 6065
30% "
o 3292
0.75/0.25 0.8/0.2 0.85/0.15 0.75/0.25 0.8/0.2 0.85/0.5 0.9/0.1 0.95/0.05
Test75 Test25

THRESHOLDS

M True Predictions ~ M False Predictions M Uncertain Predictions

Figure 6.8: Test-time augmentation results for Test75 and Test25 of Casel.

thresholds are needed: the pair 0.85/0.15 for Test75 and 0.95/0.05 for Test25.

The choice of both thresholds also depends on the required accuracy of the model.
If there is a margin of error in the desired accuracy, those thresholds can be wider.
This allows decreasing the number of uncertain predictions (which have to be
rechecked by the medical experts) while admitting that a small percentage of
images will be permanently wrongly annotated. Such a choice depends on the
context in which the model is deployed. However, for the sake of simplicity, the
following comparisons will be made for models reaching a perfect accuracy.

NB: In this case, the following tests demonstrate more the possible results that can
be obtained than real-life results. Indeed, in reality, the test set is not annotated,
which means that the thresholds chosen to reach a perfect accuracy cannot be
known.

Although, Figures and are convenient to illustrate the choice of a relevant
threshold, they can be misleading when comparing one test to another. Indeed,
even though the percentage of uncertain predictions is high when increasing the
sampling rate, on the other hand, the number of images in the training set (those
initially annotated) decreases. This is illustrated in Table which contains the
results of Casel for all the tests. As said previously, the comparison is made for a
threshold that enables the model to reach a perfect accuracy.
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Test90 Test80 Test75 Test66 Test50 Test33 Test25

Percentage of images initially 90 80 75 66.66 50 33.34 25
annotated
Percentage of uncertain 0.25 1.52 3.26 11.11 18.91 19.61 53.84
predictions
Total percentage of images 90.25 81.52 78.26 70T 68.91 52.95 78.84

manually annotated

Thresholds 0.75/0.25 0.85/0.15 0.85/0.15 0.95/0.05 0.95/0.05 0.9/0.1 0.95/0.05

Table 6.2: Summary table of the results of Casel. The bold column corresponds to
the best test.

Results of Table show that it is possible to reduce by almost half the
work of annotation. Indeed, for Test33 (sampling rate of 1/3), the training set
only contains a third of Dataset1, considerably reducing the annotation work. Then,
with that training set, it is possible to train a model such that it can annotate the
remaining images with about 80% of certainty. Altogether, only 52.95% of Dataset1
have to be manually annotated (that is, the training and rechecked images).

6.2.3 Contrastive results - Case3

The impact of representation learning is mostly visible while performing the down-
stream task. However, it is still possible to extract some results illustrating the
smooth running of the contrastive pre-training. This can be done through the
contrastive loss curve and a visualization process.

Contrastive loss

Knowing the objective of the training process (i.e., minimizing a loss function),
a look at the loss curve can be the first indicator of smooth running. Figure
displays this curve, obtained with the training process detailed in Section for
Case3 with 75 epochs.

Although it does not provide much information about the performance on the
downstream task, this curve can show at least one impact of hyperparameter on
the training. Indeed, in Figure [6.10] the benefit of a long training is easy to see as
the loss continues to decrease with the epochs.
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Figure 6.9: Contrastive loss for Case3 with 75 epochs.
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Figure 6.10: Contrastive loss for Case3 with 150 epochs.

Representation vectors visualization

The other way to analyze contrastive learning results is to visualize the representa-
tion vectors in a 2D space. Indeed, after training, representations of positive pairs
should be close to each other while being distant from the negative ones.

The visualization process is a problem of dimensionality reduction from the repre-
sentation space to a 2D space. This mapping aims to maintain the same distance
ratio between images, and it is performed with the t-distributed stochastic
neighbor embedding (t-SNE) algorithm [72].

This algorithm has been applied to four images, one from the training set and three
new ones. To see the benefit of the training process, instead of being augmented
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twice, each image (represented by the four colors in Figure has been aug-
mented twenty times. The clusters formed by the contrastive training are therefore
easier to see. Figure [6.11] shows the representation vectors, taken from the last
layer of the encoder, before and after contrastive learning for the same input images.
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(a) t-SNE before contrastive learning. (b) t-SNE after contrastive learning.

Figure 6.11: Visualization of the images representations for Case3 (75 epochs).
Each point from the same color representing a different view of the same image.

Once again, those representations do not predict which results will be obtained for
the downstream tasks. However, as for the contrastive loss, the visualization can
give some good indications about the smooth running of the process. Indeed, while
the images are initially randomly placed in the representation space (Figure ,
after the contrastive pre-training, the clusters of augmented views belonging to the
same image are well distinct, as visible in Figure [6.11D]

The visualization can also provide information about the best layer to keep as the
last layer when transferring or reusing the model (see Section . Indeed, the
representation is different according to the layer from which it comes. Hence this
visualization can help to choose the best layer. Figure shows the visualization
of the same images after contrastive learning (for Case3 with 150 epochs) but
taken from the last layer of the encoder and the first and the second layer of the
non-linear head.

Although, it is quite hard to evaluate the difference between the end of the encoder

(Figure [6.12a]) and the first layer of the head (Figure [6.12b)), the representation
at the end of the head is distinctly worse. This proves that the head (or at least

its last layer) should be discarded before reusing the network for any downstream
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(a) Last encoder layer. (b) First head layer. (c) Second head layer.

Figure 6.12: Visualization of the image representations for Case3 (150 epochs)
from different layers of the contrastive network.

task. Concerning the choice of keeping the first layer of the head or not, it has
been studied throughout the second SimCLR paper [73]. The authors of this one
stand that it would lead to better results to use a wider head (3 layers and more)
and keep the first layer of it.

Finally, although it is not an accurate efficiency metric, t-SNE can still provide a
convenient first approach to estimate if contrastive learning has been well performed
or not.

6.2.4 Methods comparison

As this approach (i.e., annotation enrichment) already gives good results with
supervised learning, its implementation via contrastive learning is mainly a way to
see if this method can improve the results of different downstream tasks. Therefore,
the results of the fine-tuning post contrastive learning (Case3) are not presented
alone as the supervised ones but directly compared to the latter.

Metrics interpretation

The ROC/AUC metric has first been chosen to compare both methods because
of its visual simplicity. In addition, as contrastive learning is supposed to benefit
from longer training, a third set of experiments has been run with a contrastive
pre-training of 150 epochs. Therefore, two comparisons are made. The first one
is between supervised and contrastive learning, while the second is between two
implementations of this last method.
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Figure depicts the three ROC curves for several tests.
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Figure 6.13: ROC/AUC curves comparing the implemented method for several
tests.

These ROC curves show that contrastive learning constantly outperforms super-
vised learning. Indeed, for those tests, which are the extreme ones of the series, the
results with either one of the contrastive pre-trainings predominate. In addition,
except for Test80, the pre-training of 150 epochs gives better results than the
shorter one.

Another comparison, depicted in Figure has been performed with the F1-score
metric for all the sampling rates.

Firstly, this graph highlights the fact that the benefit of contrastive learning
increases with the reduction of the training set, which is the desired property of
the contrastive pre-training.

Secondly, in agreement with the ROC curves, except for Test80, a longer pre-
training always results in an F1l-score improvement.

Finally, just as the supervised Test75, Test80 from the contrastive pre-training of
150 epochs is out of the curve tendency. This behavior suggests that Test80 could
be impacted by the randomness of the simulations and therefore improved.
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Figure 6.14: Fl-score according to the sampling rate for Cases 1 and 3.

Uncertainty evaluation

The final comparison is visible in Figure[6.15. This one shows the total percentage of
manually annotated images (i.e., those used for the training and the rechecked ones)
for both methods and different tests/sampling rates. As before, the comparison is
made for thresholds that give all the models a perfect accuracy considering the test
sets labels (hence the color code). Therefore, the tests are more representative of
the results that can be theoretically achieved, since in a real-life project, the labels
of the test sets are unknown.

Test90 Test80 Test75 Test66 Test50 Test33 Test25

Thresholds
Supervised learning ~ 90.25 81.52 7826 « 77.77 6891 5295 78.84 0.75/0.25
E Contrastive learning 0.8/0.2
% (75 epochs) 90.37 81.06 77.04 68.55 57.19 49.85 57.01 0.85/0.15
. . 0.9/0.1
Contrastive learning
(150 epochs) 90.27 80.83 77.79 6891 54.14 5551 49.34 0.95/0.05

Figure 6.15: Percentage total of images that have to be manually annotated
according to the method and the sampling rate. The bold values are the best of
each test. The color code refers to the required thresholds to reach a perfect
accuracy.
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The first conclusion drawn from these results is that, except for Test90, contrastive
learning outperforms supervised learning. The advantage lies either in the per-
centage of annotated images when the same threshold is used or in the fact that
the models can achieve a perfect accuracy with wider thresholds. The benefit of
contrastive learning is more visible as the sampling rate increases (except for Test33).

As visible in Figure the longest contrastive training (150 epochs) constantly
outperforms the 75 epochs one, provided that the thresholds are the same (for
Tests 90, 80, 50, and 25). Indeed, a more restrictive threshold always leads to more
uncertain images and thus harder comparison in terms of value (i.e., percentage of
annotated images).

Eventually, considering the aim of this approach, contrastive learning allows re-
ducing, even more, the work of annotation and the training costs as the best
performance corresponds to Test25.

Another advantage of contrastive learning is visible in Figure [6.16] The last one
displays the percentage of positive images that are rightly predicted among all the
positive images. As Datasetl is highly imbalanced, the ability to correctly predict
positive and negative images reflects a training process that is more robust against
the imbalance problem.

Test90 Test80 Test75 Test66 Test5S0 Test33 Test25

Thresholds
Supervised learning ~ 65.22  50.76  54.14 0.41 0.61 1.93 0 0.75/0.25
E Contrastive learning 0.8/0.2
= (75 epochs) 7826 7121 59.87 74.27 4177 28.02 884 0.85/0.15
i i 0.9/0.1
Contrastive leaming 9 05 g1 06 5924 65.15 6951 2077 17.27 095005

(150 epochs)

Figure 6.16: Percentage of positive images correctly predicted among all the
positive images of each test set according the methods and the sampling rate. The
bold values are the best of each test. The color code refers to the required
thresholds to reach a perfect accuracy.

This time, contrastive learning outperforms supervised learning for all tests. This
could mean that contrastive learning is more robust against the imbalance problem.
However, it is important to keep in mind that the batch size used for the fine-tuning
post contrastive learning is twice the size of the supervised one. This means that
there are fewer batches without positive images. Therefore, the batches for the
fine-tuning are a better representation of the entire dataset.
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Once again, the batch size has been chosen to obtain the best possible results in
both cases. This choice could therefore be based on simulations that could have
been outliers due to the randomness.

Areas for improvement

As said in Subsection [6.2.1] the above comparisons might sometimes be biased due
to the random aspects of the training process. Therefore, it would be interesting
to perform more tests for several reasons.

1. To see if supervised learning can reach a perfect accuracy at the same
thresholds as contrastive learning and compare the values in this case.

2. To see if the contrastive training of 150 epochs can outperform the shorter
one for all sampling rates provided it can reach the same thresholds.

3. To see if the best result can still be improved (if Test33 of contrastive learning
150 outperforms the result of the shorter one, for example).

4. To see if supervised learning (resp. contrastive learning) can achieve as good
results with a batch size of 64 (resp. 32) to be able to compare the percentage
of correctly predicted positive images with the same batch size.

6.3 General classification - Cases 2 & 4

This second task consists of training a network so that it can perform the clas-
sification of CTPA scans containing or not pulmonary embolisms in a general
manner (i.e., for any images not used during the training). This kind of task is
representative of a typical deep learning purpose, which is to develop a network
able to generalize its learning the best to be further deployed for daily life problems.
For the presentation of this task, there will be a greater focus on the approach and
the path taken to get to the current state.

6.3.1 Supervised results - Case2

Table |6.3] summarizes the main experiments that have led to the choice of hyper-
parameters presented in Chapter 5] The first column of the table contains the
numbers that will be used to reference the different experiments. The central part
focuses on the hyperparameters: their usage, their value, etc. Finally, the columns
on the right contain the values of different metrics computed from the test set.
The Fl-score and accuracy have been computed for the thresholds maximizing the
AUC.
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Dataset Initial LR Batch Optimizer Data Dropout Sampling Class Bias | AUC  Fl-score Accuracy
size augmentation weights

1 4.21% (15556 img) 0.01 256 SGD X X X X 10.67589 0.55422  0.59341
2 |116.09% (15555 img) 0.01 256 SGD X X X X 0.7544  0.59638  0.70549
3 16.09% (15555 img) 0.01 256 SGD X X X 10.79494 0.67838  0.71868
4 16.09% (15555 img) 0.01 256 SGD X X X X 10.82152 0.67156  0.70549
5 16.09% (15555 img) 0.1 256 SGD X X X | 0.81272  0.67991  0.71648
6 16.09% (15555 img) 0.01 64 SGD X X X 10.82963 0.69468  0.76044
7 16.09% (15555 img) 0.01 64 SGD X 0.82143 0.72386  0.77363
8 16.09% (15555 img) 0.01 64 Adam X 0.83491 0.66194  0.68571
9 16.09% (15555 img) 0.01 64 Adam 0,89859  0,75964  0,82198
10 | 16.09% (15555 img) 0.01 256 Adam 0,89795 0,80644  0,86813
11 15.38% (19946 img) 0.01 256 Adam 0.92676 0.81286  0.85934

Table 6.3: Table of Case2 experiments. The gray line corresponds the best one.
The bold values mark the changes between experiments.

For the sake of clarity, few details have to be specified before analyzing this table.
Concerning the table entries, regarding the dataset, the percentage information
refers to the fraction of positive images. Then, the learning rate of these tests
follows a step decay function based on the epochs. Finally, a momentum of 0.9 is
used with the SGD optimizer. The other hyperparameters values correspond to
their description in Chapter

About the experiment analysis, at the time the tests were conducted, the comparison
between them was mainly based on the training and validation metrics (F1-score
and accuracy), the shape of their curves, and the confusion matrix computed on
the test set (for a threshold of 0.5). The metrics present in the table have been
computed more recently to verify the relevance of the choices.

Finally, concerning the approach, each experiment during the tuning of hyper-
parameters has only been performed once. A bias due to the randomness of the
training process is thus present.

According to Table the path to the choice of hyperparameters is the following:

1 — 2: First, attempts with a dataset containing the same distribution of positive
images as the complete one have been made. However, the results (especially the
graphs) were not convincing. Therefore, another dataset with more positive samples
has been used as it represents a better starting point. Graphs of experiments one

and two can be found in Appendix [C.1]

2 — 3: As the training stage was suffering from overfitting, a dropout layer has
been added to the head of the network (see Subsection [5.1.4)). The benefit is visible
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for all the metrics.

3 — 4: From step three, multiple experiments have been conducted. Regarding
the data augmentation, although the AUC increases when not used, the training
process is limited. Indeed, as shown in Figure the network learns the training
set quickly, causing the plateau on the graphs. Therefore, no significant learning is
made.
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Figure 6.17: Learning curves of experiment 3 of Table .

3 — 5: The choice between the two initial learning rates is less justified when con-
sidering the metrics on the test set. Indeed, they give almost similar F'1 score and
accuracy values, while the AUC is significantly better for 0.1. However, considering
the learning curves and other conducted experiments, on average, 0.01 gave better

results (see Appendix [C.2)), hence this choice.

3 — 6: This time the modified hyperparameter is the batch size. Metrics values
show that at this point, batches of 64 images are giving better results. Hence the
following tests with this batch size.

6 — 7: Class weight and bias have been added to overcome the data imbalance
problem (see Section [5.1]). This lead to an improvement in 2 metrics (Fl-score and
accuracy) out of three while only slightly impacting the AUC.

7 — 8: Although the choice of Adam optimizer does not seem justified by the
metrics values computed on the test set (especially Fl-score and accuracy), training
graphs are critical for this choice. Indeed, Figure displays the training and
validation metrics. The benefit of Adam is thus more visible, even though both
experiments give quite chaotic curves.
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(b) Adam optimizer.

Figure 6.18: Learning curves for different optimizers.

8 — 9: In addition to the class weights and bias, a sampling process has been
implemented to address the imbalance issue. This time, the benefit is quite signifi-
cant, as demonstrated by all the metric values.

9 — 10: Once more, some experiments concerning the batch size have been con-
ducted. However, this time, batches of 256 seem to work better than smaller ones.
256 is thus the chosen final size.

10 — 11: Finally, the combination of hyperparameters of experiment 10 has
been used to train a larger dataset, as supervised learning is supposed to benefit
from large training sets. Since the two final tests yield the best results, the
corresponding hyperparameters have been retained to conduct further experiments
while decreasing the size of the training set. The largest dataset has been kept to
do so.
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Visualization

Some visualization tools allow showing where the network focuses when it takes
its decision. One of these visualization techniques, named Grad-CAM (Gradient-
weighted Class Activation Mapping), has been applied to the above experiment 11
(see Table . The underlying principle of Grad-CAM is based on the fact that the
last convolutional layer of the network contains high-level class-specific information.
Therefore, the algorithm uses it to construct a localization map where the regions
that trigger the final decision are highlighted. More precisely, «Grad-CAM uses
the gradient information flowing into the last convolutional layer of the CNN to
assign importance values to each neuron for a particular decision of interest» [74].
Although the expected purpose of this method is to support the fact that the model
is efficient by showing it focuses on the right features, this visualization process is
also a tool to detect issues in the learning process. Indeed, sometimes, networks can
differentiate a class from another but not based on the desired features of the images.

Grad-CAM has been applied to four images, two with PEs and two without, and
the resulting localization maps prove that although experiment 11 seems to be the
best so far, the network still has a hard time accomplishing its desired task. Figure
shows the location of the potential pulmonary embolisms, and Figure [6.20]
shows where the network focuses when it takes its decision.

Figure 6.19: Pulmonary embolism localization on scans from two patients. The
red circles are the locations of potential PEs.

NB: The localization of PEs is approximate. It has been performed only for the
images alone with no verification with the entire set of scans covering the whole lung
volume. Therefore the level of certainty is not maximal. However, this corresponds
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to the task of the network (i.e., classification of 2D images without having access
to the whole lung volume). In addition, although the localization is not sure, the
circled areas of Figure [6.19] still are potential abnormalities.

(c) False positive - patient with PE. (d) False positive - healthy patient.

Figure 6.20: Grad-CAM visualization from experiment 11 on scans from 4 different
patients.

In this case, Grad-CAM supports the fact that the network is not efficient yet.
Indeed, for the cases illustrated in Figures [6.20al and [6.20D, even though the
classification is correct, it is not based on the detection of pulmonary embolisms
(i.e., the network does not focus on the right part of the scan). In Figure ,
while the PEs are situated in the left and right lungs (according to the dataset
annotation and the above localization), the most intense area (i.e., blue area) is
not in the lungs. As for Figure[6.20b] although nearer, the decision spot is too high
compared to the PE (which is, in this case, noticeable). In addition, there are still
many false positive predictions for both patients with and without pulmonary em-
bolisms. Those also prove that the network bases its decision on the wrong elements.

For now, the above hyperparameters tuning process has mainly served to obtain
the least bad model. However, for this work (i.e., the study of ways to overcome
the annotation issue), further tests have been performed while decreasing the size
of the training set. Therefore, the choice of the above hyperparameters still serves
as a basis for those experiments.
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6.3.2 Methods comparison

The second step of this task is to decrease the training set size to see how pos-
sible it is to reduce the annotation work. The aim is to quantify the impact of
contrastive learning when networks only have few labeled images to train. For all
those experiments, neither the validation set nor the test set has been modified.

As explained in Subsection [6.2.1] the training process has a random character that
can significantly impact the results. Indeed, even after setting up the training to
be the most reproducible possible, results are still considerably varying. Therefore,
each supervised experiment has been run three times with the same setup. However,
for the sake of time, only two contrastive experiments have been performed for
each training set. The means of those multiple versions are the values that appear

in Table [6.4]

Training set 100 90 80 75 66.66 50 33.34 25 20 10 5
percentage [%]

Supervised 0.862 0.823 0.8613 0.833 0.855 0.863 0.879 0.888 0.902 0.87 0.817

AUC
Contrastive | 0.824 0.895 0.815 0.819 0.918 0.895 0.88 0.847 0.876 0.873 0.779
Supervised 0.721 0.707 0.74 0.695 0.719 0.764 0.755 0.738 0.764 0.753 0.711
F1-score
Contrastive | 0.689 0.76 0.755 0.718 0.805 0.785 0.741 0.702 0.746 0.742 0.644
Supervised 0.819 0.774 0.829 0.776 0.791 0.826 0.824 0.796 0.822 0.798 0.769
Accuracy

Contrastive 0.77 0.819 0.845 0.755 0.863 0.853 0.801 0.782 0.808 0.783 0.654

Table 6.4: Results of Cases 2 and 4. The bold values are the best of their line.

The first conclusion drawn from Table|6.4]joins the one from the previous subsection,
that is, the learning process does not seem to be efficient. Indeed, the networks
achieve the same range of results for almost all percentages of the training set.
Sometimes results are even better with ten times fewer images. Therefore, the
performance with a large part of the training set should be improvable.

Secondly, contrastive pre-training has no impact on model performance. Indeed,
the results vary so much between both methods that it is hard to know if it is due
to the method, or the randomness of the simulation, or the fact the training is not
efficient yet.

60



CHAPTER 6. RESULTS

Visualization

Concerning the source of the networks’ decisions, once again, they are not relevant.
In addition, no visible improvements are present with contrastive learning.
Grad-CAM has been applied on both images from Figure for two different
tests: with 90 and 10% of the training set. The results are depicted in Figures [6.21
and [6.22]

(a) Supervised: 90%. (b) Supervised: 10%.

(c) Contrastive: 90%. (d) Contrastive: 10%.

Figure 6.21: Grad-CAM visualization from supervised and contrastive experiments
with 90 and 10% of training set: first image.

For this first image, although all the networks classify it in the right category, none
of them seem to base their decision on reliable features. Moreover, there does not
seem to be a common source that mistakes the network. Indeed, they are all right
in their prediction while being wrong in different ways about their decision criteria.
Concerning the second image (Figure , the results are not convincing either.
Although one experiment (Figure comprises the PE in its focus area, the
level of precision is weak as this area is widely spread in the center of the scan.

61



CHAPTER 6. RESULTS

(a) Supervised: 90%.

(c) Contrastive: 90%. (d) Contrastive: 10%.

Figure 6.22: Grad-CAM visualization from supervised and contrastive experiments
with 90 and 10% of training set: second image.

From then on, the results lead to the fact that in any case, before efficiently
comparing both methods, the learning process should be rethought for models to
achieve their task. Only then, the comparison with another method will make
sense.

6.3.3 Areas for improvement

Designing an efficient deep network training is a complex and meticulous task.
Some of the following ideas could therefore help better understand and improve
the experiment.

The complexity of the learning process is dependent on the dataset. Therefore,
firstly, a deeper study of the dataset could be of great interest. Indeed, the dataset
from RSNA contains multiple forms of pulmonary embolisms, which might be
confusing for the learning process. Therefore, it could be more effective to select
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with more attention which images should be part of the training, validation, and
test sets.

In addition, regarding the selection of patients for the test set, statistical analysis
could also help choose «challenging» images and not a set highly correlated with
another used for training.

Secondly, an efficient implementation takes time to build. Throughout this thesis,
one major problem was the random aspect of the simulations. Therefore, it could
be beneficial to take more time for each step of the process. For example, when
tuning the hyperparameters, several tests with the same configuration and a cross-
validation scheme (see Subsection could help make relevant choices. Indeed,
it would bring a deeper understanding of the impact of each modification.

Thirdly, concerning this particular dataset and task, simple training with a CNN
might be inadequate. This dataset has been used in a Kaggle challenge [75]. Al-
though the purpose of this one was more complex (classification at image and study
levels), multiple teams have implemented more complex structures to perform the
classification. For example, many participants have performed the task in several
stages: a CNN for features detection and more complex implementations for the
classification part. Secondly, some of the teams used the input image but also
its neighbors in the learning process. Finally, in terms of image preprocessing,
sometimes lungs localization was performed. In addition, some of the teams kept
the full image resolution to avoid losing relevant information [76, [75]. Therefore,
an implementation closer to what was done in this challenge might be more suited
for the second task of this thesis.

Finally, regarding contrastive learning, even for end-to-end mechanisms (see Subsec-
tion , larger batches are used, and networks are trained longer [43]. Therefore,
it might be interesting to perform more varied contrastive pre-trainings to quantify
the impact of those hyperparameters.

The fine-tuning process is also a critical step and is worth studying further. Indeed,
it is this stage that reflects the performance of contrastive pre-training. A wrong
setting could lead to a waste of the pre-training potential. Once again, time should
be taken to try different methods (one-step /two-step fine-tuning, transfer learning,
etc.) to evaluate which one is the most suited for the downstream task.
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6.4 Discussion

6.4.1 Deep learning for pulmonary embolism

As said in Subsection [6.3.3] the design of an efficient deep network is a challenging
task. Moreover, the detection of pulmonary embolisms is another. Indeed, the
diagnosis of PE can be disrupted by the presence of many PE look-alikes such as
multiple kinds of artifacts [77] (respiratory motion, streak artifacts [78], flow-related
artifacts [79], etc.), lymph nodes, vascular bifurcation, etc. [57]. Those are the
principal cause of false-positive predictions. Therefore, creating an end-to-end
process to detect pulmonary embolisms with precision is a critical and delicate
task.

Up to now, about PE diagnosis and detection, AI has mainly been used for
Computer-Aided Detection (CAD) [80], using traditional machine learning tech-
niques [81]. However, they were suffering from a high false positive rate and were
not easily reviewed quickly [82], 83].

It is in 2015 that the first deep learning method was used for PE detection [83]. This
first application of deep learning already achieved satisfying results outperforming
the previous ones.

Since then, few other methods have been developed. Those are still mainly in the
research phase and need to be deployed to determine their potential impact [81].
Deep learning for PE detection is therefore a growing topic that looks promising.

6.4.2 Future work

Now that PE detection has been introduced to deep learning, this last can be used
for multiple tasks to meet the demand of medical experts.

Other tasks such as artery and vein segmentation and cardiac chamber segmentation
may be helpful and relevant for the PE diagnosis. Indeed, as PEs are mainly located
in the arteries, a pre-segmentation could optimize the next detection step. About
the heart chambers, their segmentation would aim to compare their volumes. Indeed,
abnormal dilatation of the right chambers is one of the prognostic factors of PE [84].

In line with this thesis, the next topic to investigate could therefore be segmenta-
tion. Moreover, a transition from 2D to 3D would be beneficial to maximize the
performance of deep networks for this task. For those applications, contrastive
learning should also be studied as it still shows promising results, despite those in
Cased.

Regarding the segmentation, [85] already proposes a local extension of the con-
trastive loss more suited for tasks as image segmentation. In addition, as the
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annotation work is heavier in segmentation tasks, the process of annotation enrich-
ment is worth being studied.

About the transition to 3D, contrastive learning would also need to be adapted.
Indeed, 3D inputs introduce way more parameters than 2D and occupy more mem-
ory. However, end-to-end contrastive learning also requires a lot of memory as it
benefits from large batches. Therefore, for a 3D application, other mechanisms like
the momentum encoder (see Subsection [3.1.1) would be more suited and deserved
to be studied.

Finally, shortly, a dataset from «Cliniques universitaires Saint-Luc» should be
available for private research purposes. This dataset has the particularity of
containing two sources of information. In addition to standard CT scans, iodinated
contrast scans are also available. Both those scans are complementary as PEs
are sometimes more visible on one than on the other. Therefore, these iodinated
contrast scans should be part of future works as they bring extra information that

could help detect PE.
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Conclusion

This thesis is part of the research about the usage of deep learning for pulmonary
embolism diagnosis and detection. However, the most widely used deep learning
techniques (i.e., supervised techniques) require a large dataset accurately annotated,
which is a limitation, particularly for the medical world. This problem has inspired
this work to focus on two main questions: how to alleviate the annotation process
and how to learn with few data.

The first aspect is treated through an annotation enrichment task, while the second
question led to the implementation of contrastive learning.

The study of contrastive learning has been conducted through two different tasks,
including annotation enrichment. The other aims to develop a model to perform a
general binary classification between images with and without pulmonary embolism.
This method is of great interest since previous researches prove that it can achieve
better results than supervised learning when training with fewer data.

Although the benefit of contrastive learning has not been put forward with this
second task, an improvement is observed in the first task.

Concerning the annotation enrichment, a ResNet50 has been implemented to per-
form the same binary classification. The network is trained with several fractions
of the training set to predict the annotation of the remaining images. To ensure
the smooth running of the process, samples that must be annotated belong to the
same patients with which the network is trained. Finally, test-time augmentation
is used to estimate the uncertainty of the model.

With supervised training, the annotation work can be considerably reduced. Only
52.95% of the dataset needs to be labeled. Indeed, by training with only a third of
the dataset, the network can learn enough to annotate the remaining images with
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a certainty of 81.09% and a perfect accuracy. These are theoretical results and not
practical ones since they are obtained considering the test set labels.

These results are improved when implementing the contrastive pre-training. With
this last one followed by a downstream fine-tuning step, the final percentage of
images to be annotated is reduced to 49.34%. In addition, it also reduces the
training costs as only 25% of the dataset is used for the training stage.

The usage of deep learning for pulmonary embolism detection is still in its early
days, and contrastive methods are increasingly studied due to their promising
results. Therefore, there is a vast future to explore concerning the use of artificial
intelligence for medical purposes.
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APPENDIX

Learning rate scheduling and
overfitting

The scheduling of the learning rate can be a decisive matter to plan. Indeed, it has
a considerable impact on the training process. A common practice concerning the
learning rate is to decrease it throughout the process to refine the weights update
as the network converges. Therefore, a scheduled decay is applied to the learning
rate according to a particular function (step, exponential, etc.). This one can be
dependant either on the epochs or on the iterations. For example, for a stepwise
decay, the learning rate could drop after several epochs or iterations.

As a reminder, an epoch consists of one complete cycle through the training set.
Then, just as the training set is divided into batches, each epoch is divided into
iterations. These correspond thus to one pass through the network. Hence, the
number of iterations per epoch corresponds to the number of batches for the whole
dataset. Therefore, when decreasing the size of the training set, the epochs contain
fewer iterations. So, when using a function that changes the learning rate according
to the epochs, the decay schedule becomes dependent on the size of the training
set.

When performing one experiment, both types of scheduling can be designed to
be equivalent. Therefore, they can both be used without troubling the process.
However, for the kind of procedure found in this thesis (i.e., series of tests with
a decreasing training set), the choice of decay highly impacts the learning stage.
Indeed, wrong scheduling can increase the risk of overfitting. The following exam-
ple illustrates this interference between the chosen scheduler and the problem of
overfitting.
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During the experimental phase of this

master thesis, numerous tests were made 0.010 1 —¢ Starting LR: 0.01
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Figure A.2: Learning curves for different training set sizes and an epoch-based
learning rate schedule.

NB: The smallest validation value is presented for information only. Indeed,
the models kept for the test phase are always the ones after all the epochs. No
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EarlyStopping (see Subsection [4.1.2) has been performed in this work.

This kind of behavior is unexpected as supervised learning is supposed to benefit
from large databases. The underlying assumption about this training improvement
is that the chosen learning rate scheduling is more suitable when using a small
dataset. Indeed, when the decay depends on the epochs, the first drop occurs later
when using the entire training set than when using 25% of it. Therefore, the whole
decay scheme is more spread out during training, visibly increasing the risk of
overfitting.

Other tests have been performed to fix this assumption, but with an iteration-based
schedule, which does not depend on the training set size. As the decay choice of
the experiment with 25% of the training set seemed well-suited, this epoch-based
scheduling has been transformed into an iteration-based one. Indeed, knowing the
batch size and the training set size, the number of iterations was computed, and
each learning drop was associated with its specific iteration. Figure shows the
transformation from epoch-based to iteration-based. In addition, Figure also
shows the drops scheme according to the training set size.

0.010 4 —¢ Starting LR: 0.01 0010 *»———— —< Starting LR; 0.01
—e— Final LR: 3.906e-05

—e— Final LR: 3.906e-05
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(a) Epoch-based scheduling. (b) Equivalent iteration-based scheduling.

Figure A.3: Learning curves for different training set sizes and an epoch-based
learning rate schedule.

Since the decay schedule no longer depends on the epochs, for a large training set,
the learning rate drops earlier than before. This type of schedule seems to be better
adapted to the learning process as it considerably decreases the gap between the
training and validation curves (i.e., it suffers less from overfitting). This is visible

in Figure [A.5]
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Figure A.4: Iteration-based learning rate schedule according to the training set
size.
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Figure A.5: Learning curves of a supervised experiment with the entire training
set and the iteration-bases learning rate schedule.

However, although the curves are significantly improved, there is no improvement
in the results on test sets. Indeed, Figure [A.0] contains the confusion matrices and
AUC of both tests illustrated in Figures and [A.5] Those matrices have been
computed for two different test sets: the first one with two patients and the second
one with ten. However, as the classification task is not functional yet (see Section
, the main take-home message is that there is a link between overfitting and
the learning rate schedule.

In conclusion, it is known that tuning the learning rate is not an easy task. It always
depends on the experiment, even though some standard practices are recommended.
Anyway, the above example highlights a direct link between the learning rate
schedule and the problem of overfitting. Therefore, these experiments illustrate
another risk people should be aware of when choosing a decay scheme for the
learning rate.
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(a) Epoch-based training. Prediction
on 2 patients.
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(c) Epoch-based training. Prediction
on 10 patients.
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(b) Iteration-based training. Prediction
on 2 patients.
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(d) Iteration-based training. Prediction

on 10 patients.

Figure A.6: Confusion matrices and AUC of networks trained with different
learning rate scheduling.
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APPENDIX

F1-score interpretation

Although F1-score is supposed to be between 0 and 1, 1 being the best score, a
higher score is not always a sign of better performance. This is illustrated by the
following example. The same simulation (Test90 of Casel) has been performed
three times with three different batch sizes: 32, 64, and 256. The results of those
simulations are visible in Figure [B.1}

When looking at the graphs, the models could be classified as follows, from the
most to the less efficient: batch 64, batch 256, batch 32. However, when looking at
the results when annotating the test set (Figure , this classification does not
seem to be correct.

This can be explained by looking at the distribution of positive images across the
batches (see Subsection . Indeed, as the batch size grows, the probability
of having batches without positive images decreases, and the higher bound of the
F1-score increases. It reaches 1 for a distribution in which all batches contain at
least one positive image. Therefore it is essential to look at this distribution to
interpret the results.

Figure shows the distribution of positive images respectively for one of the
batches of sizes 32, 64, and 256.

When the batch size is 256, it always contains at least one positive image. The
maximum F1-score for an epoch (and for the whole training) is therefore 1.
When the batch size is 64, a few batches of the epoch do not contain any positive
images, hence impacting the maximum F1l-score. In this case (Figure ,the
higher bound of F1-score for the epoch decreases to 0.9429 as there are ten batches
without positive images (counting as 0 in the mean score) and 165 batches with at
least one positive image (counting as 1 in the mean score). The mean higher F1-
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Figure B.1: Fl-score during training of Test90 of Casel.
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Figure B.2: Test-time augmentation results for thresholds of 0.75 and 0.25.
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Figure B.3: Distribution of positive images across batches for one epoch.

score for the entire training (mean of all the epochs) becomes 0.93943. Eventually,
when the batch size is 32, the higher bound for the epoch shown in Figure is
0.7143, and the mean maximal score is 0.7364 for the training.

The classification of the three networks can now be updated. The training with
a batch size of 256 is the least efficient. Indeed, the gap between the validation
and the maximal F1-score is the largest. It is followed by the training with batches
of 64 images. Therefore, the network trained with a batch size of 32 is the best
among the three. This new classification agrees with the test-time augmentation
results display in Figure B.2]

The interpretation of a metric is a complicated task that can be easily misleading.

Therefore, it is essential to go a step further and check the efficiency of the model
for its final purpose, which is, in this case, the annotation enrichment.
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APPENDIX

Additional results: Case2

C.1 Impact of dataset distribution

Figures and show the different learning curves of experiments one and two
from Table [6.31

1.00
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0.6 - 0.90
=
@
w S 0.85
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Epochs Epochs

Figure C.1: Learning curves of experiment one from Table with a dataset
containing 4.21% of positive samples.

In Figure [C.1], the network is trained on a dataset containing only 4.21% of positive
samples. In that case, the learning process is highly impacted. Indeed, the F1-score
that emphasizes the correct predictions of the positive class is almost null while
the accuracy is above 94%. Those results suggest that the network rarely classifies
an image rightly as positive.
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Therefore, a second experiment with a dataset containing 16.09% of positive images
has been conducted to soften the impact of the data imbalance. The learning
curves displayed in Figure [C.2) correspond to this second test. Even though the
resulting metrics values and curves are not convincing yet, the impact of the new
dataset is significant. Indeed, the F1-score increases considerably while the accuracy
decreases. This suggests that the network, although making more mistakes, has
more material to start classifying images into the two categories.
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Figure C.2: Learning curves of experiment two from Table with a dataset
containing 16.09% of positive samples.

C.2 Impact of learning rate

Figure depicts the learning curves of experiments three and five of Table [6.3
Those two differ regarding their learning rate, and their curves justify the choice of
this one. Indeed, even though an initial learning rate of 0.1 seems better in Table
[6.3], the choice was based on the curves. Therefore, as Figure shows better
metrics values than Figure the kept learning rate value was 0.01.

Several other experiments concerning the learning rate were made at multiple stages
of the tuning process, notably after finding the best combination of hyperparameters.
Table contains the details about some of them, showing that the chosen learning
rate is indeed giving the best results.
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Figure C.3: Learning curves of experiments three and five from Table .
Dataset Initial LR Batch Optimizer Data Dropout Sampling Class Bias | AUC  Fl-score Accuracy
size augmentation weights
11 15.38% (19946 img) 0.01 256 Adam 0.92676 0.81286  0.85934
12 15.38% (19946 img) 0.001 256 Adam 0.81086  0.63658  0.68132
13 15.38% (19946 img) 0.1 256 Adam 0.92552  0.76696  0.82637

Table C.1: Table of additional Case2 experiments. The gray line corresponds to
the best one. The bold values mark the changes between experiments.
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