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Abstract

Abstract

Breast cancer has a profound affect on society. The survival for women in low- and middle-
income countries (LMICs) is poor compared to in high-income countries (HICs). The
lack of timely diagnosis is one of the main factors contributing to the poor outcomes for
women in LMICs. Point-of-care ultrasound (POCUS) combined with a deep learning
(DL) classification network could potentially be a suitable support tool for breast cancer

detection in LMICs.

There are different ways of designing a classification network. Convolutional neural net-
works (CNNs) are widely used for image classification tasks and are becoming regular in
medical applications. To train a DL classification network data is needed. Medical data
can be difficult to acquire due to many different reasons, one of them being ethical ap-
provals. The availability of breast POCUS data is limited. However, the access to standard
ultrasound (US) images is greater. There are different methods to expand a data set, a very
common one is the use of data augmentation. Another interesting method is the cycle-
consistent adversarial network (CycleGAN). This network is trained to transform an image
of one domain into another domain. Thus, standard US images could be transformed into
the domain of POCUS imaging, generating more POCUS samples without the need of
collecting the POCUS images in the clinic. Further, it is crucial to assure the classification
network to be trustworthy. Images which are out-of-distribution (OOD) should be detec-
ted and no prediction by the network should be made. OOD samples in breast US imaging
includes; images of poor quality, images capturing other structures than breast tissue and
images showing rare lesions. For the third case, rare lesions, the sample is in-distribution
(ID). However, since the lesion is rare and might not be covered within the knowledge
of the classification network it should still not be predicted. In such cases, the network’s
uncertainty of the prediction can be used in order to decide whether a safe prediction can
be made or not. This is called uncertainty quantification.

This thesis includes four papers covering different steps towards implementing a breast
POCUS classification network. The first paper is focusing on classification of standard US
images. This is a first step, showing the potential of using DL for breast cancer classification.
In the second paper the classification network is modified to classify POCUS data. In
order to expand the POCUS data, augmentation and CycleGAN are used. The third paper
cover OOD detection and methods such as energy score and deep ensembles are studied.
Finally, uncertainty quantification is covered in the fourth paper. Excluding samples with
high uncertainty did improve the classification result. The papers included in this thesis
show that there is potential of using DL in a trustworthy way for breast cancer detection

in LMICs.
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Chapter 1

Introduction

Approximately one out of six deaths worldwide is caused by cancer [3], giving it a profound
impact on society. This impact is further corroborated by recent studies estimating nearly
one million children became maternal orphans during 2020 due to losing their mothers to
cancer, of which breast cancer was the largest contributing cause of maternal death [9].

Cancer diseases are characterized by uncontrolled cell growth. This uncontrolled growth
could spread to surrounding tissues in the body, potentially having a fatal impact. From
statistics concluded in 2022, lung cancer was the cancer disease with both the highest in-
cidence and mortality rate for women and men combined. However, for women breast
cancer has both the highest incidence and mortality rate compared to other types of can-
cers. The number of new cases in 2022 for the five most common cancers can be observed

in Table 1.1 [3].

Breast cancer mortality for women in high-income countries (HICs) has decreased remark-
ably during the past three decades. One of the key factors is the implementation of screen-
ing programs with mammography [29]. Meanwhile, in low- and middle-income countries
(LMIC:s) breast cancer survival is poor compared to in HICs, showing a significant health
inequity. The five year survival of breast cancer in HICs is exceeding 90 percent. In con-
trast, the survival rates in India and South Africa are at 66 and 40 percent respectively [33].

Table 1.1: Number of new cases in 2022 for the five most common cancer diseases.

Cancer Disease ~ Number of New Cases

Lung 2,480,301
Female breast 2,308,897
Colorectum 1,926,118
Prostate 1,466,680
Stomach 968,350
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Figure 1.1: The first step in the pipeline of the suggested support tool for breast cancer detection is a women seeking healthcare
due to an unknown lump in the breast. This is followed by an examination with POCUS which is analyzed by DL in
order to give a prediction.

One of the main reasons for the low survival rate in LMICs is the poor access to timely
diagnosis due to lack of diagnostic tools and expertise.

Mastectomy is one of the most common ways of treating breast cancer in LMICs [32].
This type of surgery is related to a higher morbidity and is mutilating compared to breast-
conserving surgery. Late-stage diagnosis is a contributing factor to mastectomy being more
common. Finding a suitable diagnostic tool would enable earlier diagnosis, thus avoiding
unnecessary mastectomies.

Mammography is widely used in screening programs in HICs and have been shown to
reduce breast cancer mortality. However, it comes with the drawbacks of being expensive
and requiring a well organized health-care infrastructure, making it less suitable for LMIC:s.
Another common method for breast examination is standard ultrasound (US), which is the
type of high-end US used in the hospitals today. In recent years the quality of point-of-care
ultrasound (POCUS), a pocket-sized US device, has increased. An advantage with this
type of US is the low cost compared to both mammography and standard (high-end) US
imaging. Several of the POCUS systems at the market today consists of a single US probe
connected to a smartphone through Bluetooth or cable. This cost efficient and compact
examination tool has potential of being used in LMICs for breast cancer diagnosis.

Breast US images need to be interpreted by an expert, typically a radiologist. However,
in many LMICs there is a lack of radiologists. During the past years, deep learning (DL)
has gained large interest in medical applications, and it has proven to generate impressive
results [28]. Using a POCUS device combined with a DL classifier could potentially be an
implementable support tool for breast cancer detection even in LMICs. Further, this could
also be suitable in rural parts of HICs. An illustration showing the suggested pipeline for
the support tool is shown in Figure 1.1.

The first paper covered in this work is a first step towards implementing a breast cancer



classifier for standard US images. Further, training DL requires data and collecting medical
data from patients often requires ethical approvals and consent from the patients, making it
difficult to collect. In the second paper the classifier is adapted for POCUS, and techniques
for increasing the amount of training data are implemented. Moreover, it is important for
the classifier to discard data samples which are out-of-distribution (OOD), i.e. outside of
the knowledge of the classifier. This is covered in the third paper, where OOD detection
is used prior to classification. Finally, the classifier should be trustworthy. If the classifier
has high uncertainty the prediction should not be trusted. Improving the trustworthiness
with uncertainty quantification (UQ) is studied in the fourth paper.

Prior to the presentation of the four papers, following chapters will be presented: Chapter
2 includes some essential machine learning (ML) techniques and Chapter 3 covers breast
US data. This is followed by Chapter 4 covering breast cancer classification. In Chapter
5 we will address scarcity of medical data and how to handle it and in Chapter 6 we show
how OOD detection and UQ are important in order to implement a trustworthy classifier.
Finally Chapter 7 will conclude the most important findings from the papers.






Chapter 2

Machine Learning Techniques

This chapter will cover some key concepts in ML, starting with methods such as convo-
lutional neural network (CNN) and generative adversarial network (GAN). Further, the
usage of data in ML will be described. This will focus on how to split data into different
sets, and how this can be done iteratively with cross-validation. Finally, some common
metrics used for evaluation will be mentioned.

2.1 Convolutional Neural Networks

DL is a subset of ML that includes deep neural networks (DNNs). These networks are
characterized by multiple layers with adjustable weights, which are optimized during train-
ing. One of the most popular types of DNNs is the CNN, an artificial neural network
(ANN) containing at least one convolutional layer. This type of network is widely used for
tasks within image analysis.

The CNN takes structured data such as images as input. In the image case, the first two
dimensions contains spatial information and the final dimension contains a feature vector
for each pixel. If e.g. the network inputs an RGB image, the spatial dimension will be
represented by the image size. The values from each color channel would make up the
vectors for the final dimension. For a grayscale image the final dimension will contain one
value for each pixel.

The convolutional layer consists of a kernel with weights which slides over the input creating
a feature map, allowing the network to use the spatial information. Figure 2.1 illustrates
the mechanism of the convolutional operation for an input of size 5 x 5 with a kernel of
size 3 x 3. First the kernel is flipped in both vertical and horizontal directions. Then the
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Figure 2.1: A convolution is perform on an input of size 5 x 5. The kernel is of size 3 x 3 and the stride is set to one. Each
image patch of the input is cross-correlated with the flipped kernel. This results in a new feature map of size 3 x 3.

cross-correlation is computed between the kernel and each image patch. In this case the
stride is set to one, meaning that the kernel will slide one step between each operation,
covering in total nine different image patches.

It is common to use pooling layers in order to reduce the resolution, making the feature
maps smaller. There are different types of pooling methods. Commonly pooling by max
or average are used.

An example of a CNN architecture can be seen in Figure 2.2. The CNN inputs an RGB
image into multiple convolutional layers followed by fully connected layers. The output of
the network consists of three nodes, which could be predictions for three classes.

Layers in a neural network which are neither input or output are called hidden layers. For
the nodes in the hidden and output layers, activation functions are used in order to find
non-linear relations. A common activation is the sigmoid function, defined as

1

R — 2.1
S 2.1)

Sigmoid(x) =

which forces the output to be within the range of (0,1). The rectified linear unit (ReLU) is
also a widely used activation function,

ReLU(x) = max(0, x) . (2.2)

Finally, an activation typically used after the output layer is the softmax function. For
output node 7 the softmax is defined as

e

K xi
j=1¢"

Softmax(x); = (2.3)

where K is the total amount of output nodes. This makes sure that the output nodes are
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Figure 2.2: A CNN consisting of multiple convolutional layers followed by fully connected layers. The network takes an RGB
image as input and outputs the prediction of three classes.

set to values within the interval (0,1), and that these values sum up to one. Hence, the
softmax outputs can be interpreted as probabilities.

The neural network has the objective of minimizing a loss function. The loss function
measures the error between the network’s prediction and the ground truth. Two common
loss functions are the mean squared error (MSE) loss and the categorical cross-entropy

(CCE) loss. The MSE loss is defined as

N
MSE = % > i3 (2.4)
i=0

The ground truth prediction for output node 7 is denoted as y; and the network’s prediction
as ;. The total amount of output nodes are denoted as /V. For each output node of the
network a squared error will be calculated. These will be averaged in order to compute the

MSE. The CCE loss is estimated by

N
CCE = - ji-log(y). (2.5)
=0

During the training phase of a neural network the network will learn a set of parameters,
i.e. weights. The training is performed by letting training data pass through the network
resulting in a loss. The loss is then used for backpropagation, where partial derivatives of
the loss function are derived with respect to the weights. These gradients are used in order
to update the weights by following an optimizer scheme. Some common optimizers are,

stochastic gradient descent (SGD) and Adam [16].
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Iteration 1 .
Iteration 2 .

Iteration k .

Figure 2.3: lllustration of cross-validation. For each iteration a part of the data set will be allocated for validation.

2.2 Generative Adversarial Networks

The GAN was introduced by Goodfellow et al. [8] in 2014. This is a network which
can synthesise data. The key components of the GAN is a generative network G and a
discriminative network D. The generative network G inputs a random latent vector and
strives to generate as realistic samples as possible. The discriminative network D strives
to be perfect at distinguishing the samples generated by G from real samples. The two
networks D and G are trained simultaneously.

2.3 Cross-validation

When training a network it is typical to divide the data into training, validation and test
sets. The training data contains samples that are used during the training phase of the
network, where the network learns. To observe the learning, a validation set can be used
for evaluation on unseen data. This data can be used to fine-tune the hyperparameters, and
for selection of network. When the network is trained, a final evaluation is done on a test
set.

In the medical field it is common to work with small data sets. Hence, splitting data into
training, validation and test sets can lead to misleading conclusions. To better generalize
and to obtain robust results, cross-validation can be used by splitting the data into training
and validation sets multiple times. Figure 2.3 displays the principle of cross-validation,
iteratively splitting the data into training and validation sets.
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2.4 Metrics

There are various metrics to measure performance in ML. Important parameters are true
positives (77 ), true negatives (7N ), false positives (FP) and false negatives (FNV). These
can be used to estimate the accuracy,

1P+ TN

A =
T IPLIN+ FP+ FN’

(2.6)

the ratio between the correct predictions and all predictions. This metric is dependent on
the choice of threshold for decision.

In the medical field it is paramount to measure sensitivity and specificity. Sensitivity is

defined as,

P

S 2.
TP+ FN’ @7

Sensitivity =

the probability that a patient with a disease receives an accurate diagnosis. Oppositely, the
probability that a patient without the disease is correctly identified as not having the disease
is defined as the specificity,

TN

—_—. 2.
TN+ FP 28)

Specificity =

When using accuracy in multi-class problems it can be balanced so each class has equal
impact on the score. This can be expressed by using the sensitivity for each class, i.e. the
probability that an entity from the class is correctly predicted. Thus, the balanced accuracy
can be estimated as

K
1 P,
Acchalanced = Ve ;—0 7TPK T EN. (2.9)

where K denotes the amount of classes, 7P, and FN, are the 7P and FN for the class ¢,
assuming that this class is positive and all other are negative.

The receiver operating characteristic (ROC) curve displays the performance of a classifier
for each decision threshold. On the y-axis the sensitivity is shown and on the x-axis one
minus the specificity is shown. From this curve it is possible to calculate the area under

the ROC curve (AUC), a metric which is not dependent on a specific decision threshold,
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Figure 2.4: lllustration of a ROC curve, the blue area under the curve is identified as the AUC. The y-axis measures the sensitivity
and the x-axis the specificity subtracted from one. Both axes are taking values in the range (0,1).

making it more robust compared to accuracy. The AUC takes a value in the range (0,1),
higher values are superior. Figure 2.4 shows an illustration of a ROC curve with the AUC
marked under it.

To get reliable results, a confidence interval (CI) can be used. Its lower and upper bound-
aries can be found by bootstrapping the test set, i.e. drawing a new test set a given number
of times from the original test set. Commonly, the CI is set at 95%, which is defined as
95% confidence that the true value is within the range of the CI.

10



Chapter 3

Breast Ultrasound Data

DL is highly dependent on the data used during training. The data should represent the
reality from which the DL should be able to make a prediction. There are several US
datasets capturing breast tissue. However, the availability of POCUS data sets capturing
breast is limited. This chapter will describe three different breast US data sets used in
the papers covered in this work. The chapter will also include a description of important
characteristics of breast lesions in US imaging, which is used by radiologist when analyzing

US images.

3.1 Characteristics of Breast Lesions

Breast lesions can be classified into either benign (non-cancerous) or malignant (cancer-
ous). Breast tissue without any lesion is referred to as normal. To distinguish between
benign and malignant lesions in breast US imaging the radiologist analyzes some import-
ant characteristics of the lesion including: shape, margin, orientation, echo pattern and
posterior feature of the lesion [21].

The shape of a lesion can be irregular, round or oval. Irregular structures are typically
malignant and round/oval structures benign. For simplicity the margin of the lesion can
be defined as circumscribed or not circumscribed, where circumscribed means that it is
well-defined. For malignant lesions it is common to have a margin which is not well-
defined, hence not circumscribed. The orientation of the lesion can be either parallel or
non-parallel towards the surface (skin). A benign lesion is commonly parallel to the skin,
whereas a non-parallel lesions could indicate a suspicious finding, possibly malignant.

The echo pattern refers to the visualization of the internal composition of the lesion. Lastly,

11
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the posterior feature is a representation of the attenuation in the lesion due to acoustic
transmission. It can be non-present or appear as shadowing or enhancement, combined or
independently. Shadowing appears as a darkened area under the lesion, while enhancement
will brighten the area.

3.2 Standard Breast Ultrasound Data — Egypt

Baheya hospital in Egypt has collected a publicly available breast US data set [2] consisting
of images collected with standard US machine LOGIQ E9. The images are labeled to
belong to one of the following three classes: normal, benign or malignant. The amount of
images belonging to each class is shown in Table 3.1. This data set was used in Paper I.

Table 3.1: Total number of images for each class for the standard US data set collected at Baheya hospital, Egypt.

Normal Benign  Malignant  Total
(SN 133 437 210 780

3.3 Standard Breast Ultrasound Data — Sweden

A standard US data sets capturing breast tissue was retrospectively collected at Unilabs
Mammography unit at Skane University Hospital in Malmé, Sweden. The images were
acquired with US machines LOGIQ E9 or LOGIQ E10, and labeled to one of the following
three classes: normal, benign or malignant. Examples of images from each class are shown
in Figure 3.1. Table 3.2 displays the amount of US images belonging to each class.

Since this data set has been expanded continuously it has been used in different versions in
Paper I, I1, IIT and IV.

Figure 3.1: Examples of breast US images capturing normal tissue (left), benign lesion (middle) and malignant lesion (right).

Table 3.2: Total number of images of each class for the standard US data set collected at Sk&ne university hospital, Sweden.

Normal Benign Malignant  Total
Us 386 254 520 1160
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3.4 Breast Point-of-Care Ultrasound Data — Sweden

The POCUS data set capturing breast tissue was collected with GE’s Viscan air probe [7]
at Unilabs Mammography unit at Skane University Hospital in Malmé, Sweden. These
images were assigned to either one of the classes: normal, benign or malignant. Figure 3.2
shows examples of POCUS images for each class. The data was split into a test and training
set and was used in Paper II, III and IV. The same test set was used for all three papers.
However, since the collection of images is an ongoing process the training sets did differ in
size between the papers. Table 3.3 displays the number of POCUS images for each class
and the division into test and training sets.

Figure 3.2: Examples of breast POCUS images capturing normal tissue (left), benign lesion (middle) and malignant lesion (right).

Images collected by different types of US devices differ in their appearance. The images of
the POCUS data set consists of more pixels within a dark range compared to the images
in the US data set collected in Sweden. This has been proven for data from these two data
sets by investigating histograms over the pixel intensities [25].

Table 3.3: Total number of images of each class for the POCUS data set.

Normal Benign Malignant  Total
Train 463 173 178 814
Test 284 131 116 531
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Chapter 4

Breast Cancer Classification

In the past decade CNNs have been the state of the art for image classification tasks and
have proven to perform well in various medical applications [27]. To detect breast cancer in
US imaging three classes are of interest: normal, benign and malignant. In this chapter two
different methods including CNNs for breast cancer classification are described: transfer
learning and the use of deep features.

4.1 Transfer Learning

The principle behind transfer learning is to reuse knowledge. A neural network is trained
in one setting and the gained knowledge is used in another setting. Commonly the net-
work is trained on a large data set creating a pre-trained model. The pre-trained model is
then customized to the relevant data set. Ideally the new model would have learned com-
mon structures from the pre-trained model, and specific features for the new task from the
relevant data set. Figure 4.1 displays the transfer learning pipe-line.

The pre-trained model could be used in its original form with the same architecture and
trained weights. However, commonly only parts of the model is retrained and the rest is
frozen. The pre-trained model can also be modified by cutting away the last parts or/and
adding layers suitable for the new task.

There exist several pre-trained networks which are trained on large data sets, such as Im-
ageNet [5], and have proven to generate good results on different image classification
tasks. Examples of such network architectures are ResNet, Inception, VGG and Xcep-
tion [4, 11, 30, 31]. They are available in different versions where the architectures varies.
In Paper I the following four pre-trained models were used: ResNet50V2, InceptionV3,
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Pre-training

—b> —» Classes

Transfer learning
—» Normal
—> —— Benign

— Malignant

Figure 4.1: lllustration of the concept of transfer learning. Model A is pre-trained on a large data set containing multiple classes,
followed by being retrained to the specific task of classifying US images.

VGG19 and Xception. To these architectures multiple fully-connected layers were added,
the amount of layers and layer sizes depended on the pre-trained network.

4.2 Deep Features

Deep features refers to the features learnt by a DL model. Different DL models are possibly
making different observations of the input image. Using these features combined into one
large deep feature vector could enable an even better representation of the image compared
to the individual features.

In Paper I large deep feature vectors were made by extracting features from different transfer
learning models and concatenating them. Feature vectors can be obtained throughout
different parts of the model, but it was chosen to use feature vectors from the last fully
connected layer before the classification head of the network. The deep feature vectors
were used as input to an ANN where the final prediction was made. Figure 4.2 illustrates
the implementation of deep features in Paper I.

The results showed that using large feature vectors did not exceed the individual results
of the transfer learning models. However, only 10% of the Egyptian US data set, see
Section 3.2, was used for evaluation. Hence, the test set was very small making it difficult
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Transfer Concatenate
Models Features
f—xﬁ
: Classification

Figure 4.2: An overview of the implementation of deep features in Paper I. The obtained feature vectors from n transfer learning
models are concatenated into one deep feature vector used as input into an ANN making the final classification.

to draw proper conclusions.
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Chapter 5

Managing Scarcity of Data

A common issue working with medical data is the difficulty of collecting it. Medical data
is capturing sensitive personal information and requires approvals and consents, which can
be a time-consuming process. There are different ways of increasing a data set without
the collection of new data. The data set could be expanded by using augmentation or by
generating new data using GANSs. In this chapter two methods for increasing data sets will
be covered. Starting with description of augmentation, followed by domain shift of images
using a cycle-consistent adversarial network (CycleGAN).

5.1 Augmentation of Breast Ultrasound Images

Data augmentation is a method where the training images are copied and altered in order
to increase the variability within the data. There are different approaches to augmentation,
such as, spatial altering, color shift, changing brightness and adding noise.

Since US images are in grayscale, color shift is not of high importance. However, since
images acquired with different US machines have different distributions of pixel intensit-
ies and contain different amounts of noise, these might be of interest to alter in order to
broaden the content of the data set.

Spatial augmentation has proven to be useful for increasing the classification performance
of breast US images [1]. When applying spatial augmentation to US images it is important
to alter with moderation. This to prevent the characteristics mentioned in Section 3.1 to
be damaged. For example, a too heavy rotation could compromise with the orientation of
the lesion which is an important characteristic in distinguishing cancer versus non-cancer.
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Standard US

-

Figure 5.1: A standard US images (left) is shifted into the domain of POCUS images (right) by using CycleGAN.

5.2 Domain Shift Using Cycle-Consistent Adversarial Networks

As previously mentioned the access to breast POCUS data is limited and collecting new data
in the clinics takes a lot of resources and is time consuming. Generating unseen images from
scratch without physically collecting them, for example by using GANS, is risky. Particu-
larly for a field such as medical diagnostics, as important structures risk being overlooked.
However, the availability of standard breast US data is greater since this is a common ex-
amination method. Thus, these images can be retrieved retrospectively. CycleGANSs are
networks which can be trained to shift images from one domain into another domain [36].
For example, it could shift an image of a horse into an image of a zebra and vice versa. As
the access to standard breast US images is superior to POCUS images, the POCUS data set
could be expanded by shifting the standard US images into the domain of POCUS. Since
the CycleGAN shifts the image domain, important structures should be preserved and not
overlooked. Thus, making it potentially more safe compared to generating unseen images
with GANs. Figure 5.1 displays how a standard US image is shifted into the domain of
POCUS images.

CycleGANS are built upon the idea of GANs. The CycleGAN consists of two image do-
mains X and Y. Each domain has its own generator G, and discriminator D. The generator
for domain X is denoted as Gy and it takes an images from X as input, striving to translate
this image to appear as being from domain Y. In the same way there is a generator Gy
which translates images from domain Y to appear as being from domain X . In addition to
the generators there are two discriminators, one for each domain, denoted as Dy and Dy.
These are striving to be as good as possible in distinguishing the translated images from real
images. The CycleGAN should be cycle-consistent, which means that if an image is trans-
lated two times it should go back to its original appearance. Thus, the result of inputting
image x from domain X into the generators, Gy(Gx(x)), should be as close to image x as
possible. The same should be true for inputting an image y from domain Y into Gx(Gy(y)).
The CycleGAN method was used in Paper II, showing that the classification performance
improved when adding the CycleGAN generated POCUS images to the POCUS training

set.
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Chapter 6

Towards a Trustworthier Classifier

Inaccurate diagnosis can lead to serious implications. Hence, it is crucial to employ safety
mechanisms to assure trustworthy results of a DL classifier. An important step is the ability
for the classification network to detect OOD samples. These are samples outside the net-
works knowledge, i.e. too far away from the in-distribution (ID) data. Furthermore, the
classification network should be able to tell when the prediction of a sample from the ID
data is not trustworthy. Thus UQ is important, i.e. to estimate how secure the network is
in its prediction.

There are many methods for both OOD detection [35] and UQ [23]. In this chapter
the main concepts of OOD detection and UQ will be described. These are followed by
a section covering some OOD detection and UQ methods: softmax score, energy score,
deep ensemble, and Bayesian neural networks (BNNs).

6.1 Out-of-Distribution Detection

Several different types of OOD samples exist in breast US imaging. These include images
capturing non-breast tissue, images of poor quality and images capturing rare lesions. A
network specified in classifying breast tissue should not be used on structures such as bone
or artery, since these have not been used in neither training or evaluation of the classifier.
Hence, other structures than breast tissue should be detected as OOD samples and no
prediction should be made. Furthermore, US imaging is difficult. Using an inadequate
amount of ultrasonic gel or not applying enough pressure with the probe will lead to images
of poor quality. Images of bad quality due to faulty managing of the US probe should be
discarded since important characteristics could be compromised. The safety mechanism
of OOD detection could be paramount when a non-experienced examiner uses the DL
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00D

Figure 6.1: Overview of a classification network including OOD detection. Images which are OOD should not be used for
prediction.

classifier. Figure 6.1 displays the concept of a classification network combined with OOD
detection.

The OOD detection is done by calculating a score for the sample and comparing it to a set
threshold for distinguishing OOD samples from ID samples. There are different methods
for OOD detection such as, softmax score, energy score and deep ensembles. These are
introduced in Sections 6.3.1, 6.3.2 and 6.3.3 respectively.

6.2 Uncertainty Quantification

UQ is a way of measuring the uncertainty of the classification network’s output. A high
uncertainty should be connected to a poor classification result and a low uncertainty to a
trustworthy result. Hence, UQ is useful to find samples for which the predictions should
not be trusted, for example samples including rare lesions. When the uncertainty is high,
the first step will be to acquire a new images. If the uncertainty is not decreasing the sample
can not be predicted properly by the classification network. An overview of the pipe-line
for applying UQ to the classification network is shown in Figure 6.2.

The uncertainty can be measured as the total uncertainty (TU), which consists of an aleat-
oric and an epistemic part [12]. The aleatoric uncertainty (AU) is related to the nature
of the data in terms of noise and variability. Examples of AU is measurement errors or
simply that the image cannot be explained by the label. Thus, adding more data would
not decrease the AU since it is irreducible by nature [17]. Epistemic uncertainty (EU) is
defined as the uncertainty within the model itself, referring to its lack of knowledge about
underlying data distributions or class boundaries. Hence, adding more data and increasing
the variability within the data should decrease the EU [17]. To calculate the TU, AU and
EU an uncertainty metric is needed, denoted as H. The TU is defined as
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Figure 6.2: Overview of UQ applied to the classification network. A high uncertainty implies that a new image should be
collected in order to make a safe prediction.

U,r = HP(y|x, D)], (6.1)

where P(y|x, D) is the predictive distribution, given input image x, and the observed data
D. The parameters of the model, 6, are assumed to be realisations of the stochastic variable,

©. The AU is defined as

Uae = Egp[H[P(y|x, 0)]] - (6.2)

Finally the EU can be obtained as following,

uepz' = Uror — Uy, - (6.3)

The uncertainty metric 4 can be defined in multiple ways. For classification tasks the most
common uncertainty metric is entropy [26]. In general the entropy is defined as

Hmtropy(p) = Hemrapy(ph])b ’pn) = - sz : IOng‘, (64)
=1

where p denotes a vector of probabilities of length 7. Another common uncertainty metric
is to use the variance, which is widely used in regression tasks [26]. Generally the variance
for a vector p of length 7 is defined as

1 _
szriunce(P) - Var[[’l;]’z’ -~-7]7n] - Z Z(Pz _P)z ) (65)
i=1
where p is the mean.

UQ could be implemented for OOD detection, setting a threshold for the uncertainty
score distinguishing OOD samples from ID samples.
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6.3 OOD Detection and UQ Methods

6.3.1 Softmax Score

The softmax score is obtained as probabilities from the softmax activation function of the
last layer in a network. A low score should identify the predicted sample as OOD. For UQ
a high softmax score should imply a low uncertainty. A problem with the softmax score is
that the probabilities for the classes are required to sum up to one which can be problematic

if none of the classes fits the sample. It has previously been shown that the softmax score is
not reliable for neither UQ or OOD detection [24].

6.3.2 Multilevel Energy Score

Energy score is a method where the logits of a network are used to decide whether a sample
is ID or OOD [20]. Logits are collected before the softmax activation function, these are
the unscaled scores of the network. Unlike softmax, they do not need to sum up to one.
The energy score of sample x and network /" is defined as

K
E(x; f)=—T"log Z RACIE (6.6)

=1

where f;(x) denotes the logit for class ¢, the total amount of classes is written as K, and the
score is scaled by a temperature parameter 7.

It has been suggested to investigate logits collected from different parts throughout the net-
work. This is called multi-level out-of-distribution detection (MOOD) and was proposed
by Lin et al. [19]. The idea is that simple OOD samples would be easily detected at an early
stage of feature extraction in the network, while more complex samples would be detected
further on into the network.

The energy score using multiple exits inspired by MOOD was implemented in Paper III.
In the paper it was shown that different types of OOD samples were detected at different
stages of the network, showing the value of using multiple exits for OOD detection with
energy score.

6.3.3 Deep Ensemble

The principle behind deep ensembles is to train multiple networks independently and com-
bine their outputs in order to make a more informed and better prediction [10]. Ensembles
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could increase reliability and generalization of the network [22]. The combined outputs
could also be used to obtain uncertainties. The uncertainties are obtained by UQ and could

further be used for OOD detection.

There are various ways of combining several neural networks into a deep ensemble. Each
individual network of the deep ensemble is called an ensemble member. One way of com-
bining the predictions of the ensemble members is to use the average of their predictions.
The output of an average ensemble for class ¢ with NV members, is defined as

M (x) = % S MO (), 6.7)

where the prediction of ensemble member 7 is denoted as M\
Another method is to let the ensemble members vote. Hence, the prediction for the final
class would be set as the class with majority amongst the members.

, and x is the input sample.

The ensemble members can be used to calculate the uncertainty. As mentioned in Sec-
tion 6.2 there are several uncertainties that could be derived, see Equations 6.1, 6.2 and 6.3.
Selecting variance-based uncertainty as uncertainty metric, the TU of the ensemble can be

calculated as
N

K
Ut = 3 30 DM () = F())?. 6.8)
n=1

=1

The variance-based TU can be used with weights in order to give the predicted class more

impact [34],
N
1
o red = ZM 3 2 (M () = M(x))* (6.9)

n:l

Using entropy as uncertainty metric, the TU of the ensemble is defined as

ue ZM ) log(M,(x)) . (6.10)

entropy —

6.3.4 Bayesian Neural Networks

As opposed to regular neural networks in which the weights are fixed values, the weights of
a BNN are probability distributions over a range of possible values [18]. The BNN seeks to
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learn the posterior distribution, i.e. the probability distribution of weights w, given training
data D,y This is computed with Bayes rule,

P(Diain|w)p(w) ‘

6.11
P(Dtmz’n) ( )

2(w|Dirain) =

To calculate the posterior distribution this way requires both the prior p(w) and the likeli-
hood p(Dy4in|w) to be specified. Thus, all possible weights needs to be considered, making
infinitely many options to evaluate. Hence, approximation can be used. There are differ-
ent methods to find such approximations. Monte Carlo dropout can be used to simulate a
BNN and is fairly simple to implement [6]. For a fixed amount of times inference will be
performed with random dropout. Dropout will generate different predictions which can
be used to compute the uncertainty of the prediction in an ensemble-like style.

26



Chapter 7

Discussion

This thesis covers the topic of classification of breast cancer in US imaging. The goal is to
develop a support tool for breast cancer detection suitable in LMICs, which could be used
by a non-experienced examiner, i.e. non-radiologist. In order to make a useful support tool
there are multiple important parts that need to be in place. The classification performance
should be at least at the level of a radiologist and preferably independent of the brand of the
US probe. Paper II shows that using data augmentation during training of the classification
network plays an important part in improving the performance. However, even though
good results could be achieved, the support tool should be able to detect OOD samples and
warn the examiner when a prediction should not be made. In Paper III such a mechanism
was investigated when different OOD detection methods were evaluated. It was shown that
the different methods had different strengths for detecting the OOD samples. For future
work, more methods should be investigated. One should also consider combining different
methods. Except OOD detection, UQ is important in order to implement a trustworthy
classifier, aiming to have low uncertainty correlated with good performance. Paper IV
compares three ways of calculating uncertainty scores, showing that the performance of
the classifier improves when samples with high uncertainty are excluded. This implies that
these samples require further examination.

For future work there are a lot of areas to investigate and challenges that needs to be solved.
One challenge is that as of today there are several POCUS probes of different brands. The
ultimate goal is to have a classification network that works well independent of the brand of
the probe. Hence, future work should include methods for increasing the generalizability
of the classification network. As mentioned in Section 3.4 the quality and appearance of
images collected with different US machines varies. Transfer learning could enable the
classification network to make correct predictions independently of the US machine used
to collect the data. This could be implemented by customizing a pre-trained model trained
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on standard US to classifying POCUS images acquired with probes of different brands.

Further, one challenge in US imaging is the managing of the probe, especially for non-
experienced examiners. ML has the potential of guiding the examiner during the examina-
tion. The ML guide could for example notify the examiner if more ultrasonic gel is needed,
if the angle of the probe should be altered or if the probe should be used with more pres-
sure. Adding such a guiding system to the support tool could make the examination faster
and more accurate. The classification networks trained in the mentioned papers are trained
on individual images. However, US imaging is often acquired by short video sequences.
Training the classifier on these could be of interest since they contain more information
than one individual image.

For the proposed support tool to be useful, clinical studies needs to be performed to show
the feasibility in real world settings. The data used in this work is mainly collected in
Sweden. Thus, there is a risk of it being biased and possibly not representable to LMICs.
Hence, this needs to be further studied. There are many challenges to be solved in order
for the proposed support tool to be useful in LMICs. However, this work shows that there
is potential for a DL classifier to detect breast cancer in POCUS images in a trustworthy
way.
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