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Resumo alargado

Os métodos tradicionais de diagnodstico do cancro de mama dependem fortemente de
diferentes modalidades de imagens médicas. Essas modalidades de imagem, como MG,
MRI, US e DBT, sdo usadas no rastreamento do cancro de mama, no planejamento do
tratamento, bem como no rastreamento da progressao da doenca. Porém, o processo de
avaliar cada imagem diagndstica e extrair dela informaces relevantes requer um profis-
sional treinado e experiente. Isto pode consumir muito tempo para o profissional médico
e frustrar os esforcos de expansio do rastreio do cancro da mama para areas com dé-
fice de pessoal médico, como areas rurais afastadas dos grandes centros metropolitanos.
Com o surgimento dos métodos de imagem digital, dos sistemas DICOM e PACS, tornou-
se possivel conectar pacientes com equipes médicas que residem em um local diferente.
Além disso, esses métodos de imagem digital sdo ideais para sistemas CAD, que tém o
potencial de auxiliar a equipe médica e aumentar a eficiéncia e a eficicia do rastreamento
do cancro de mama e do atendimento aos pacientes. Esta tese contribui para a tarefa
de diagnoéstico do cancro da mama através da utilizacdo de sistemas CAD baseados em
TA e centra-se em quatro aspectos principais: Detecc¢ao, segmentacio, classificacio do
cancro da mama e o desenvolvimento e utilizacao destes sistemas CAD baseados em IA.
Primeiro, realizamos uma revisdo aprofundada da literatura sobre tarefas de detecgao,
segmentacao e classificacdo do cancro de mama em todas as modalidades modernas de
imagens médicas e destacamos os diferentes avancos, deficiéncias, conjuntos de dados
existentes sobre cancro de mama e métricas de avaliacio comumente usadas. Estas trés
tarefas de diagnostico do cancro da mama sao desafiantes em muitos aspectos, mas uma
questao recorrente observada na literatura sao os dados de treino disponiveis, ou a falta
deles. Tamanhos pequenos de conjuntos de dados podem levar a varios problemas, como
variabilidade intraclasse insuficiente, especialmente considerando que os conjuntos de
dados existentes contém um namero significativamente maior de imagens saudaveis em
comparacao com imagens com diferentes tipos de cancro de mama. Além disso, para re-
duzir o viés do modelo, é importante que o conjunto de dados contenha amostras com
uma variedade de formatos, tamanhos e densidades de tecidos diferentes (fibrosos, glan-
dulares, adiposos), bem como diferentes formatos, tamanhos e localizacoes de cancro de
mama. tipos (massa, calcificagoes), classificacdo BIRADS, entre outros. Primeiramente
fornecemos uma pesquisa aprofundada sobre a aprendizagem automatica aplicada ao di-
agnostico do cancro da mama, com énfase nos conjuntos de dados disponiveis publica-
mente, nos métodos de pré-processamento utilizados no diagnoéstico por imagem do can-
cro da mama, modelos atuais utilizados para a dete¢io, segmentacio e classificagiao do
cancro da mama, e as métricas utilizadas para avaliar estes modelos. Apresentamos to-
das as areas e aspetos relevantes da aprendizagem automaética aplicada ao diagndstico do
cancro da mama, onde cada método, conjunto de dados e técnica foi organizado com base
nas diferentes tarefas que foram concebidas para resolver pelos seus respetivos autores.
Destacamos ainda os fatores que diferenciam cada uma das técnicas revistas, bem como as
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suas deficiéncias. No final, fornecemos aos leitores um roteiro orientado de aprendizagem
automatica aplicado ao diagnostico por imagem do cancro da mama, com foco na abor-
dagem de cada uma das tarefas especificas de imagem do cancro da mama através das
melhores abordagens de pré-processamento, métodos de melhor desempenho e métri-
cas de avaliacio adequadas. A seguir, abordamos o problema da insuficiéncia de dados
de treinamento propondo um GAN capaz de gerar imagens realistas de cancro de mama
que podem ser usadas para desenvolver ainda mais sistemas CAD de cancro de mama.
Nosso GAN proposto usa modelos personalizados como entradas para definir diferentes
formatos, tamanhos e densidades de tecido de mama, bem como formatos, tamanhos e
localiza¢oes de massa de cancro de mama, entre outras caracteristicas, preservando as in-
formacoes originais do rétulo. Os dados de imagem sintetizados podem entao ser usados
para treinar outros modelos de aprendizagem de maquina para tarefas como deteccao,
segmentacao ou classificacdo. Esta solucdo GAN proposta pode ser considerada como
uma etapa de aumento de dados em um pipeline completo do sistema CAD e pode ser
implementada juntamente com outras técnicas de aumento de dados para acrescentar
ainda mais ao tamanho do conjunto de dados de treinamento. Para a tarefa de segmen-
tacao do cancro de mama, avaliamos o efeito das anotagdes contextuais no desempenho
do modelo. Muitas solugdes de ML e DL existem atualmente na literatura para abordar
a segmentacgio do cancro de mama. No entanto, estas abordagens nao aproveitam ao
méaximo a informacao contextual das massas do cancro da mama e do tecido circundante
presente nas imagens do cancro da mama, o que tem provado ser uma pista fundamental
para lidar com a ambiguidade local. Abordamos essa questao propondo uma abordagem
de ML baseada em CNN com trés backbones possiveis, LinkNet, FPN e UNet, para seg-
mentacao de cancro de mama em mamografias. Nossos experimentos demonstraram que
informacoes de contexto adicionais sao benéficas para a segmentacao de mamografias por
cancro de mama, variando os graus de anotacdes para cada instancia de treinamento. Ao
comparar o desempenho desses trés modelos quando treinados com varios niveis de an-
otagbes, quantificamos o impacto de anotacoes ndo-alvo e identificamos a estrutura do
modelo de segmentacio de cancro de mama que mais se beneficia dessa abordagem. O
uso de anotagdes suplementares nao-alvo pode ajudar a mitigar o problema da necessi-
dade de grandes conjuntos de dados para treinar modelos de segmentagido DL, que por
sua vez tém o potencial de reduzir a carga de trabalho dos radiologistas e melhorar o de-
sempenho do rastreio do cancro da mama em areas mal servidas, cujo acesso aos cuidados
de satide é limitado. Finalmente, para a tarefa de classificacao do cancro de mama, pro-
pusemos um pipeline de ponta-a-ponta que realiza a segmentacao, detecao e classificacao
do cancro da mama. O pipeline baseia-se na arquitetura de rede neural convolucional em
forma de U, capaz de extrair mapas de caracteristicas seletivas de imagens segmentadas
para auxiliar os modulos de inferéncia do pipeline na execucio de tarefas especificas de
classificacdo e dete¢do. O nosso pipeline é capaz de extrair conjuntamente a mascara de
segmentacao para varios tecidos mamaérios saudaveis e doentes, ao mesmo tempo que in-
fere informacoes sobre o tipo de tecido, densidade mamaria, grau BIRADS e patologia da
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massa. Esta abordagem de mascaramento de caracteristicas convolucionais serve como
um mecanismo de atencdo que direciona os modulos de classificagdao do pipeline para se
concentrarem nas caracteristicas dentro das regioes especificas, enquanto ignora a infor-
magao irrelevante de outras areas da imagem, resolvendo assim o nosso terceiro objetivo
de tese de melhorar o diagnostico do cancro da mama.
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Abstract

Traditional breast cancer diagnostic methods are heavily reliant on different medical imag-
ing modalities. These imaging modalities, such as MG, MRI, US, and DBT, are used
in breast cancer screening, treatment planning, as well as tracking disease progression.
However, the process of evaluating each diagnostic image and extract relevant informa-
tion from it requires a trained and experienced professional. This can be very time con-
suming for the medical professional, and thwarts efforts of expanding breast cancer screen-
ing to areas with a deficit of medical staff, such as rural areas away from major metropoli-
tan centers. With the rise of digital imaging methods, DICOM, and PACS systems, it has
become possible to connect patients with medical staff that reside in a different location.
Additionally, these digital imaging methods are ideal for CAD systems, which have the
potential to assist medical staff and increase the efficiency and efficacy of breast cancer
screening and patient care. This thesis contributes to the daunting task of breast can-
cer diagnosis through the use of Al based CAD systems and focuses on four key aspects:
Breast cancer detection, segmentation, classification, and the challenges and implications
of developing and using these Al based CAD systems. We first perform an in-depth liter-
ature review of breast cancer detection, segmentation, and classification tasks across all
modern medical imaging modalities and highlight the different advancements, shortcom-
ings, existing breast cancer datasets, and commonly used evaluation metrics. These three
breast cancer diagnostic tasks are challenging in many aspects, but a recurring issue seen
in the literature is the available training data, or lack thereof. Small dataset sizes can lead
to several issues, such as insufficient intraclass variability, especially considering existing
datasets contain a significantly larger number of healthy images compared to images with
different types of breast cancer. Also, in order to reduce model bias, it is important for the
dataset to contain samples with a variety of different breast shapes, sizes, tissue density
(fibrous, glandular, adipose), as well as different breast cancer shapes, sizes, locations,
types (mass, calcifications), BIRADS rating, amongst others. We address the problem of
insufficient training data by proposing a GAN capable of generating realistic breast cancer
images that can be used to further develop breast cancer CAD systems. Our proposed GAN
uses custom templates as inputs to define different breast shapes, sizes, tissue densities,
as well as breast cancer mass shapes, sizes, locations, amongst other characteristics, while
preserving the original label information. The synthesized imaging data can then be used
to train other machine learning models for tasks such as detection, segmentation, or clas-
sification. This proposed GAN solution can be considered as a data augmentation step in
a full CAD system pipeline and can be implemented alongside other augmentation tech-
niques to further increase the training dataset size. For the breast cancer segmentation
task, we evaluate the effect of contextual annotations in model performance. Many ML
and DL solutions currently exist in the literature to address breast cancer segmentation.
However, these approaches don’t take full advantage of contextual information of breast
cancer masses and the surrounding tissue present in breast cancer images, which has been
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proven to be a fundamental cue for dealing with local ambiguity. We address this issue by
proposing a CNN based ML approach with three possible backbones, LinkNet, FPN, and
UNet, for breast cancer segmentation in mammograms. Our experiments demonstrated
that additional context information is beneficial for breast cancer segmentation of mam-
mograms by varying the degrees of annotations for each training instance. By comparing
the performance of these three models when trained with varying levels of annotations, we
quantified the impact of non-target annotations and identified the breast cancer segmen-
tation model backbone that most benefits from this approach. The use of supplementary
non-target annotations can help mitigate the problem of requiring large datasets to train
DL segmentation models, which in turn have the potential to reduce the workload of radi-
ologists and improve breast cancer screening performance in under served areas, whose
access to health care is limited. For the breast cancer classification task, we propose an
end-to-end pipeline that extracts image-based feature maps from the input MG image,
and uses segmentation masks to classify different attributes, such as tissue types, breast
density, BIRADS rating, and pathology. Finally, we discuss the challenges and responsi-
bilities of developing and using artificial intelligence as a diagnostic tool by medical pro-
fessionals. We present the main challenges, and what can be done to mitigate the current
problems we face with deployment of A.I. powered software systems.

Keywords

Breast Cancer, Computer-Aided Diagnostics, Generative Adversarial Networks, Tumor
Segmentation, Breast Cancer Classification, Context-Aware Neural Networks
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Chapter 1

Introduction

In recent decades, the growing demand for fast, efficient, and large-scale systems to assist
with medical diagnostics has led to the emergence of new research areas focused on de-
veloping Al-based medical solutions to assist with various diagnostic tasks [1; 2]. These
diagnostic tasks include disease detection, tissue classification, and tissue segmentation,
all of which can be subdivided into several focus areas. In general, the use of Al-based sys-
tems as diagnostic tools is a practical and efficient approach for enhancing the quality and
reach of healthcare services. For example, consider the scenario of breast cancer screen-
ing in a densely populated area with high patient-to-doctor ratio. In such situations, even
with expert healthcare practitioners performing the screening, manual inspection of each
patient’s data, and the sheer volume of patients will make it a long process with patients
waiting up to months for their diagnosis. However, with the implementation of an appro-
priate Al-based system as a diagnostic tool, the time spent on each patient’s individual
diagnosis can be greatly reduced [3]. Another important application of Al-based systems
in healthcare is in the field of treatment planning and decision-making once the diagnosis
has been made, such as deciding whether breast cancer patients should undergo surgery
or chemotherapy/radiotherapy first [4; 5; 6]. Currently, a vast amount of patient data
is analyzed and reviewed by healthcare professionals to evaluate the current state of the
patient’s health, as well as the progression of the disease and how it responds to treat-
ment. All these steps are very time-consuming and susceptible to human error caused by
fatigue, biases, and the need for hasteful work. In recent decades, computer-aided diag-
nostic (CAD) systems have significantly helped medical professionals improved the per-
formance of healthcare systems through adequate patient screening, as well as more effi-
cient and precise diagnosis [7]. Patient data analysis, which varies from medical records to
medical images, can be divided into many different subareas including disease detection
[8], tissue classification [9; 10], disease progression tracking [11; 10], organ segmentation
[12; 13] and diseased tissue segmentation [14]. Other research topics can also be derived
from these subareas, such as synthetic medical image generation [15; 16], medical digital
twin [17; 18], ML model explainability [19; 20], patient privacy concerns [21], and ethical
Al [22]. Among these fields of study, we focus on presenting solutions to synthetic med-
ical image generation, disease detection and tissue segmentation, disease classification,
and model explainability, and discuss how to implement these solutions. Many of these
areas can also be applied to tabular medical records and biosignals. However, we focused
on the application of these research topics to medical images. Therefore, we propose solu-
tions and expand the aforementioned research topics with a focus on improving medical
imaging-based breast cancer diagnoses.
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1.1 Challenges and Motivations

The field of medical image analysis includes a wide range of problems. In this thesis, we
focus on tasks related to breast cancer screening and diagnosis (i.e., detection, segmen-
tation, and classification). Breast cancer screening is a challenging task for preemptively
identifying cancer in patients prior to disease progression. The use of medical imaging
modalities such as mammography (MG), ultrasound (US), Digital Breast Tomosynthe-
sis (DBT), and Magnetic Resonance Imaging (MRI) is essential to non-invasively extract
visual data from a patient, allowing doctors to retrieve information and identify the dis-
ease efficiently and effectively. Image-based breast cancer detection uses a patient’s visual
data to identify the presence of various types of breast cancer based on previously known
cases that share similar attributes to the case at hand. Breast cancer segmentation aims
to estimate the boundaries of breast cancers in an image, such as tumor masses or calcifi-
cations. Correctly segmenting the diseased tissue from the healthy tissue is an important
part of the diagnostic process as it provides doctors with specific information regarding
the diseased tissue and its surroundings, such as shape, size, and morphology. These at-
tributes are important features for breast cancer classification. By isolating the attributes
of the diseased tissue from those of healthy tissue, we were able to obtain a more accurate
classification of the breast cancer type, leading to a more accurate diagnosis and better
treatment planning. As illustrated in Fig. 1.1 some general variations found in breast can-
cer images in the same imaging modality are as follows:

1. The difference between breast cancer masses and calcifications;
2. The presence of more than one breast cancer mass in the image;
3. The different shapes and sizes of breast cancer masses;

4. Theinter-modality imaging differences the variation in the signal-to-noise ratio (SNR)
between image modalities;

. The difference in pixel intensity values;

N O

. The change in the plane of view for each image modality.

These variations in breast cancer types and differences between diagnostic images make
breast cancer screening and diagnosis challenging. In many cases, more than one imaging
modality is used in a complementary fashion to achieve reliable diagnosis. MG and US
are the most commonly used modalities for breast cancer screening [23; 24]. However, in
some cases, MRI is needed when breast cancer is suspected and the previous modalities
have not shown clear results, or if the patient has a familial predisposition to the disease.
Furthermore, some cases require biopsy confirmation of the disease through fine-needle
aspiration (FNA), and histopathology (HIST) imaging solutions are applied to improve
diagnosis. Finally, the availability of different imaging equipment may vary depending
on the patient’s geographical location, thus necessitating the development of solutions

2
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Figure 1.1: Original MG image from the CBIS-DDSM dataset showcasing different varia-
tions of breast types, cancer types, and plane of view. A) Craniocaudal (CC) view of left
breast with high breast density; B) Mediolateral oblique (MLO) view of left breast with
two calcifications; C) CC view of right breast with moderate breast density; D) CC view of
right breast with cancer mass and low breast density; E) MLO view of left breast with can-
cer mass and moderate breast density; F) MLO view of right breast with multiple cancer
masses and high breast density

that improve the diagnostic accuracy of patients who undergo screening using the most
common methods essential to ensure the widespread impact of the solution.

Medical imaging data can be processed in several ways for diagnostic purposes, such as
manual, semi-automatic, and automatic methods. Usually, in manual methods, the input
data of image-based CAD systems are the full image with a manually selected bounding
box of the region-of-interest (ROI) such that the ROI includes as much of the diseased tis-
sue as possible and as little background tissue as possible. The bounding boxes are man-
ually selected from the full 2D image or from a frame extracted from a 3D volume, such
as in the case of MRI. The original image or frame may contain multiple ROIs, and each
image is processed individually. In non-manual methods, breast cancer detectors [25; 26]
are used to identify and extract ROIs from the full image. This can be performed with the
initial input of an operator, selection of the area of the image where the detector should
start searching for the ROI (semi-automatic method), or the detector can autonomously
scan the full image for the ROI (automatic method). However, all ROI extraction meth-
ods are subject to errors, be they manual, through the difference in opinions of different
medical experts [27; 28], or automatic [29; 30]. This leads to ROIs that do not fully en-

3
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compass the diseased tissue, potentially leaving part of the breast cancer mass out of the
bounding box or including unnecessary background tissue in the bounding box [31]. This
poses a challenge for CAD systems and affects the diagnostic accuracy. Hence, different
approaches have been developed to include not only the ROI but also the full image as an
input feature to the CAD model [32]. This type of approach guarantees that no important
information is left out of the model when performing breast cancer classification or seg-
mentation tasks while also focusing on the important features of the diseased tissue. The
presence of multiple breast cancer masses or distinct calcification sites on the same image
also poses a challenge for full image systems, as the features extracted from the different
masses become entangled, consequently degrading the quality of the final representation
of the target mass and directly affecting the performance of the system [33; 34].

The greatest challenge in the development of medical imaging CAD systems is the number
of existing images for each existing type of breast cancer shape, size, location, BI-RADS
classification, and breast tissue density. Even in larger datasets, there is a limited number
of images for each combination of the aforementioned attributes. Therefore, there can be
some cases in which a specific type of breast cancer is only present in images of patients
with dense breasts, whereas in real-world scenarios, this type of cancer could be present
in patients with any type of breast density. This example scenario can cause some issues in
the CAD system’s ability to distinguish between what information is exclusive to the breast
cancer type and what information is regarding the breast density type, as the background
features will be entangled with the diseased tissue features in the final representation of
the model. One possible way to mitigate this issue is to use data augmentation techniques
as well as generative models to create artificial data to compensate for missing samples
in the dataset. Generative models, also known as GANS, are a family of models that are
trained in an adversarial configuration, where the generator agent of the model attempts
to generate as real an image as possible in an attempt to fool the discriminator agent of
the model. The use of GANs allows us to generate custom data to train CAD systems with
the inclusion of rarer cases alongside real existing data from datasets. The development
of medical GANs has progressed in recent years [35; 36], allowing for the incorporation
of specific traits into image datasets. Traits such as breast density, mass shape, position,
margins, subtlety, and pathology (malignant/benign) are examples of characteristics that
currently exist in the CBIS-DDSM dataset [37] and can be incorporated into a GAN model.
Furthermore, as novel, robust, and reliable medical GAN systems have been developed,
there is less need for real patient data, mitigating the issues of patient data privacy, and in-
creasing the accessibility of researchers to large, useful datasets [38; 39]. These traits, also
known as semantic features, can help improve the quality of the final feature representa-
tion of the diseased tissue. Convolutional Neural Networks can be used to successfully
obtain representative feature maps from image data. However, in the complex case of
medical imaging diagnostics, image feature maps alone might be insufficient to obtain a
corresponding representation of the disease. In general, medical professionals’ decisions
are based on identifying the visual characteristics of the diseased tissue, whereas medi-

4
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cal imaging CAD systems exploit low-level and mid-level features, such as morphological
textures, pixel intensity values, spatial structures, and even embedding. Therefore, suc-
cessfully combining both aspects of image-based features and semantic input features can
provide an advantage in medical imaging diagnostics tasks by providing a richer represen-
tation of the patient and the disease [40; 41; 42].

1.2 Objectives

The objective of this research was to study the application of machine learning algorithms
on breast cancer diagnostic problems and propose solutions based on imaging data col-
lected using different imaging modalities. The specific objectives of the project are as
follows:

1. Address the challenge of limited data availability (“small-dataset” problem) through
the application of augmentation techniques and generative models;

2. Improve the performance of breast cancer mass segmentation in 2D medical images
with context-awareness;

3. Improve performance of breast cancer detection and classification in MG images
through embedded masked feature-maps;

To apply image augmentation techniques and generative models to increase the dataset
sizes, we compared the results of four distinct generative model architectures trained in an
adversarial configuration to generate realistic MG images from use-controlled templates.
The amount and quality of data available during the training of an imaging model, such
as detection, segmentation, or classification, are directly related to the performance of the
model [43; 44]. However, many existing breast cancer datasets are not publicly available
in their entirety [45; 46], and publicly available datasets have low occurrence for some
specific combinations of breast cancer types, shapes, positions, and patient breast densi-
ties. Therefore, the development of a method for generating high-quality, accurate data is
paramount for further research on more robust and reliable breast cancer imaging mod-
els. Our first objective was to use existing datasets to create a generative model capable of
selectively combining the different attributes of all available images and generating novel,
artificial images based on user preferences. The generative models work by providing
an input template with the desired breast density, mass shape, size, and position, which
in turn can also be used as a ground-truth annotation for any future model that will be
trained with the generated data. The next objective was to develop a breast cancer detec-
tion model to be trained on the collected and generated data and compare its performance
with the existing state-of-the-art (SotA) model fine-tuned to publicly available datasets.
Next, for the breast cancer segmentation project, our aim was to compare different im-
age segmentation models and how they performed when trained with only publicly avail-
able datasets and with public plus generated data. The breast cancer classification project
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sought to combine the full pipeline of generating artificial images, detecting the presence
of breast cancer, segmenting diseased tissue, and classifying segmented tissue accurately.
The proposed method was evaluated and compared with SotA models. Finally, this the-
sis aims to advance the field of breast cancer diagnostics by addressing critical challenges
in medical image analysis, such as the limited data availability problem and particularly
focusing on tasks of breast cancer detection, segmentation, and classification. We show-
case the current challenges and propose necessary steps that must be taken during the
development and deployment of Al systems in the field of medical imaging diagnostics.
By leveraging augmentation techniques and generative models to overcome dataset limi-
tations, integrating context-aware networks for improved segmentation, and developing
a comprehensive pipeline for breast cancer classification, this research seeks to enhance
the accuracy and reliability of CAD systems, ultimately contributing to more effective and
accessible breast cancer screening and diagnosis.

1.3 Contributions

The main contributions of this thesis are as follows:

» We provide an in-depth literature review of the past decade of machine learning
research applied to breast cancer diagnosis, including datasets, methods, and tasks
for each of the modern and commonly used imaging modalities, as well as evaluation
metrics. We organized the ML tasks into three groups: detection, segmentation, and
classification, and discussed the problems and solutions for each imaging modality:
MG, US, DBT, MRI, and HIST.

+ We present a user-controllable generative model for generating high quality, accu-
rate artificial MG images. The proposed model takes advantage of the user-defined
input template to increase the dataset size, resulting in an image+annotation pair.

+ We perform a comparative study on different breast cancer detection models, and
propose a multi-input approach that includes medical images as well as additional
features as inputs for the model.

+ We propose a context-aware breast cancer segmentation model and compare its per-
formance to other SotA methods. To provide different amounts of attention to the
distinct parts of the image, we propose a weight multiplication layer that multiplies
the convolutional feature maps with the annotation mask for distinct tissue types.

» We study the breast cancer classification problem in MG images. We present a full
pipeline integrating the detection, segmentation, and classification of the segmented
tissue, with models trained on a combination of public and generated data. The pro-
posed pipeline identifies the presence of breast cancer in a full image, segments in-
formation regarding the diseased and healthy tissues, and uses that information as
input to classify the diseased tissue. In practice, we use a segmentation portion of
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the pipeline to obtain the breast cancer mass and the background region (healthy
tissue). Based on these two distinct tissues, we can identify semantic features that
are relevant to the classification model, such as the breast cancer mass shape, size,
position, and breast tissue density. Consequently, the model extracts relevant in-
formation from the background as well as the target tissue. Additionally, the classi-
fication model is capable of performing multiclass classification, making it an asset
for automatically attributing specific traits (semantic features) to medical images.

1.4 Research Progress Path

In Fig. 1.2, we illustrate the progress path of this research thesis in a Gantt Chart, in-
cluding the university courses completed, participation in conferences/workshops/sum-
mer schools, industrial work related to machine learning, published manuscripts, and the
timeline of thesis preparation. The industrial work related to machine learning, namely
machine learning consulting at NOS telecommunications and Millennium BCP, as well as
machine learning research as Oracle, provided the financial support necessary for con-
ducting and concluding this PhD research from the second year onwards. The third cycle
of studies at the University of Beira Interior, which concludes the doctorate program, in-
cludes both research and course lectures. In the first few years, the student must success-
fully complete a series of mandatory and elective courses that encompass the student’s
thesis topic, as well as proper research methodology. To prepare for the elaboration of
this PhD thesis, six courses were successfully completed:

+ (C1) Advanced Topics in Computer Engineering;
» (C2) Neural Networks;

« (C3) Topics in Computer Graphics;

 (C4) Topics in Biossignal Processing;

+ (C5) Seminar in Geometric Computing;

+ (C6) Thesis and Seminar Project.

During the first year, the Advanced Topics in Computer Engineering course provides the
foundational basis and scientific research methodologies necessary to perform a doctoral
research project. Also on the first year, the more topic-specific courses, such as Neural
Networks, Seminar in Geometric Computing, Topics in Computer Graphics, and Topics
in Biossignal Processing, provided the necessary combined knowledge base to start the
literature review of the doctorate thesis. During the second semester, the course of the
Thesis and Seminar Project provided guidance for preparing research proposals and pub-
lishing scientific articles.

During the second and third years, participation in workshops and summer schools re-
lated to machine learning and computer vision occurred. This is a crucial step in PhD
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Year
2018] 2019 | 2020 | 2021 | 2022 | 2023 [2024

C1:|

W3 | .

W5 .

W6

Wy

Thesis
Industry Work

Figure 1.2: Gantt chart: progress path taken during the development of this thesis, in-
cluding passed courses (C1-C6), publications (P1-P3), workshops and summer schools
(W1-W6), industry work and thesis preparation time line.

studies, where young researchers share ideas, perform hands-on tasks, and learn from
each other. A total of 6 summer schools and workshops were attended: the Vision Un-
derstanding and Machine Intelligence (VISUM) summer school, organized by students
and professors from The Institute for Systems and Computer Engineering, Technology
and Science (INESC TEC) of the Faculty of Engineering of the University of Porto, Por-
tugal; The Summer School on Machine Learning and Big Data with Quantum Comput-
ing (SMBQ) organized by professors from the Faculty of Sciences of the University of
Porto, Portugal; The Group of Horribly Optimistic Statisticians: Applied Machine Learn-
ing Conference (GHOST AMLC) organized by the GHOST student organization with roots
at Poznan University of Technology, Poland; The Machine Learning in Poland (ML in PL)
conference, organized by a non-profit association of young researchers and student from
different universities in Poland; The International Summer School on Deep Learning (IS-
SonDL), organized by professors and students from Gdansk University, in Poland. Some
of these workshops and summer schools are held on a yearly basis. The attendance of each

can be seen as follows.

* (W1) VISUM 2020;
« (W2) SMBQ 2020;

+ (W3) ML in PL 2020;
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* (W4) VISUM 2021;
+ (W5) ISSonDL 2021;
« (W6) GHOST AMLC.

From the third year onwards, time was dedicated to publishing and writing the PhD thesis.
The contributions of this thesis in the fields of machine learning and medical image pro-
cessing were one survey article (published in the Computer Methods in Biomechanics and
Biomedical Engineering Imaging & Visualization journal) and two first authored research
articles that were submitted for publication. The contributions of these publications are
described in detail in section 1.3.

1.5 Thesis Structure

Research on medical imaging diagnostics has been a topic of increasing interest for sev-
eral years. Image-based breast cancer diagnostics have been of particular interest owing
to the increase in breast cancer occurrences, as well as the availability and reach of breast
cancer screening efforts. More recently, deep learning methods have led to significant
improvements in the areas of breast cancer detection, segmentation, and classification
and have shown that modern CAD systems can be a powerful clinical tool. In Chapter 2,
we review the literature on machine learning in breast cancer imaging, covering aspects
of data availability, models, and methods. We also introduce and discuss some of the
main challenges: data availability, class imbalance, data fusion, and clinical implemen-
tation. The challenge of data availability and class imbalance is the lack of large publicly
available datasets with expert-annotated data. In particular, many of the current breast
cancer imaging datasets are significantly smaller than the privately owned datasets. This
also poses an issue when it comes to the different types of breast cancer images within
these datasets, which may lack variability, leading to a class imbalance. In addition, the
inclusion of additional information about the disease along with medical images is still
not widespread. Including non-image data such as the standardized classification system
Breast Imaging Reporting and Data Systems (BIRADS) grade, patient age, predisposi-
tion to breast cancer, and any other clinical information that medical professionals deem
important during diagnosis can be an asset when developing useful and accurate CAD so-
lutions. Finally, the challenges in the clinical application of modern CAD solutions range
from the aforementioned aspects to the explainability of the results and model trustwor-
thiness. These challenges have been addressed in literature.

In Chapter 3, we propose a solution for data availability through generative adversarial
networks. We corroborate that generating annotated synthetic mammography images
can improve the training of breast cancer CAD models for several diagnostic tasks (de-
tection, segmentation, and classification) and enable a comparative analysis of different
generator architectures. Our results for the four generator architectures (UNet, Attentio-
nUNet, FCN, and ResUNet) show the viability of using GANs for the controlled generation
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of realistic, high-quality mammography images that can be used as training data to im-
prove downstream models. In addition, we present a full pipeline to generate a variety of
synthetic mammography images with different breast densities, breast cancer mass sizes,
locations, and shapes.

In Chapter 4, we propose the use of non-target annotations in context-aware networks
to improve breast cancer segmentation models. To achieve this, we implemented a fast,
automatic method to annotate non-target tissue in mammography images, namely adi-
pose and fibroglandular tissue, in datasets where the target tissue, namely the breast can-
cer mass, is already annotated. Finally, we trained three different segmentation models
(FPN, LinkNet, and UNet) with varying levels of annotation (minimal, partial, and full)
and evaluated their performance to measure the impact of using non-target annotations.
In Chapter 5, we propose a breast cancer classification method using segmented image-
based feature maps. This study explores the use of deep neural networks with multitask
modules capable of segmenting the different tissues of the breast from mammography
images, while also classifying the important aspects of the breast and potential breast
cancer mass. We presented an end-to-end pipeline based on a U-shaped convolutional
network capable of extracting selective feature maps to assist the classification modules
of the pipeline in performing specific classification tasks. This approach of convolutional
feature masking serves as an attention mechanism that directs the classification modules
of the pipeline to focus on the features within specific regions while ignoring irrelevant
information from other areas of the image.

Finally, in chapter 6, we present the conclusions of this research thesis, discuss the pro-
posed solutions from the previous chapters, showcase the potential applications of our
contributions, and propose future research directions. In particular, we discuss that the
interest in machine learning based CAD systems have greatly increased over the recent
years, however, some of the more basic issues related to scalability, patient safety and
privacy, and widespread adoption of these systems have not been studied profoundly and
require more attention to fill the bench-to-bedside gap that exists between the studies
conducted in academia and clinical reality.
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Chapter 2

Machine Learning in Breast Cancer Imaging:
A Review on Data, Models and Methods

Abstract. Medical imaging research has experienced significant growth over the past
decade, particularly in the fields of computer vision and pattern recognition. Compu-
tational approaches have been proposed to address the challenges in breast cancer detec-
tion, classification, and segmentation. However, recent advancements in computational
technology such as Machine Learning (ML) methods have dramatically changed the land-
scape of breast cancer imaging research. This survey aims to provide a compilation of in-
formation for future breast cancer imaging researchers by 1) comprehensively examining
how various ML techniques are being used to address the main challenges in breast cancer
imaging; 2) providing an in-depth discussion and review of publicly available datasets for
the development and evaluation of novel breast cancer detection, classification, and seg-
mentation approaches; and 3) outlining current evaluation metrics used by breast cancer
imaging researchers. The insights and findings presented in this survey will serve as a
valuable resource for researchers and clinicians interested in breast cancer imaging. By
providing an overview of the current state-of-the-art techniques and highlighting areas
for future research, we hope to facilitate the development of more accurate and effective
breast cancer imaging ML techniques, and contribute to advancing our understanding
and improving the diagnosis and treatment of breast cancer.

2.1 Introduction

Breast cancer is a major cause of death for women around the world. In 2022, it is es-
timated that 287,850 women will be diagnosed with invasive breast cancer and 51,400
women would be diagnosed with non-invasive breast cancer, and 43,250 women are ex-
pected to die from breast cancer in the United States alone’. According to Bray et al. 2012,
there will be an estimated increase of 75% in the number of cancer cases by 2030. Early
diagnosis of breast carcinomas can greatly improve the long-term survival rates [1; 2; 3].
Medical imaging has been a powerful tool used for early cancer detection, as well as for
monitoring the patient during and after treatment or surgery. In this review, we approach
five imaging modalities: mammography (MG), magnetic resonance imaging (MRI), dig-
ital breast tomosynthesis (DBT), ultrasound (US) imaging, and histopathological (HIST)
imaging,

'U.S Breast Cancer Statistics | Breastcancer.org, https://www.breastcancer.org/facts-statistics#section-
us-breast-cancer-statistics
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Currently, breast cancer screening is the best way to diagnose the disease in early stages
[4; 5], and more specifically mammography (MG) is a proven method to reduce mortality
of breast cancer between 10% and 30% [6; 7]. MG is an X-ray based imaging modality and
is the most used radiographic imaging technique by clinicians to screen for breast cancer
[8; 9]. However, breast density has been shown to pose a challenge in mammograms,
making cancer more difficult to detect in women with dense breasts [10; 11]. In many
cases, a secondary diagnostic method is employed to confirm the mammography results,
such as MRI, histopathological image analysis, and biopsies [12; 13; 14].

Magnetic resonance imaging (MRI) has been commonly used to detect and characterize
breast lesions. In comparison to other imaging methods, MRI possesses a superior detec-
tion sensitivity for tumors, as well as metastasis [15; 16; 17], and has been shown to out-
perform ultrasound and mammography, even when combined [18]. Due to MRT’s flexible
sensitivity and specificity to different types of breast cancer, independent of breast den-
sity, MRI is an essential imaging modality for patients with genetic or familial tendencies
to the disease [19; 20; 21].

Digital breast tomosynthesis (DBT) is a quasi-three-dimensional, volumetric mammo-
graphic image technique that allows radiologists to evaluate individual two-dimensional
planes of the breast. Like MRI, it reduces the impact of overlapped tissue, potentially in-
creasing sensitivity and specificity during breast cancer screenings [22]. DBT has been
of increasing interest in breast cancer screening as a standalone imaging modality and
in combination with MG due to increased effectiveness in breast cancer detection when
compared to MG alone [23; 24; 25].

Ultrasound (US) imaging is another commonly used tool in breast cancer diagnosis and
is exceptionally efficient in detecting early breast cancer when used as a supplementary
diagnostic in women with high breast density [26]. Studies show that ultrasound can
detect and discriminate benign and malignant masses with high accuracy and reduce the
number of unnecessary biopsies [27; 28; 29]. However, US is an operator-dependent
imaging modality, which require expertise in the part of the radiologist. To overcome this
issue and increase accurate diagnosis rate, Computer Aided Diagnostics (CAD) systems
have been developed for breast cancer detection, classification, and segmentation. Over
the past several years, several CAD systems and ML models have been proposed to reduce
operator-based error in US and increase the diagnosis sensitivity and specificity [30; 31].

Histopathological (HIST) images provide a visual examination of microscopic cellular tis-
sue. This is an invasive diagnostic modality and is commonly used after less invasive
imaging diagnostics to confirm a diagnosis through a biopsy. In the biopsy, a small tissue
sample is collected from the patient and placed into slides to perform the diagnosis [32].
This imaging modality assists pathologists in breast cancer grading, revealing important
characteristics of the type and stage of the disease [33; 34]. More recently, with the grow-
ing implementation of digital slide scanners, image processing as well as machine learning
algorithms can be employed to assist the grading of breast cancer [35; 36].

Since the advent of digital imaging and the Digital Imaging and Communications in Medi-
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Figure 2.1: Diagram of relationship between Artificial Intelligence, Machine Learning,
and Deep Learning.

cine (DICOM) format being adopted as the industry standard, traditional Computer Aided
Diagnostics (CAD) systems have performed a role of assistive tool in radiological diagnos-
tics, incorporating domain knowledge and handcrafted rules to perform specific tasks,
such as detection, classification, and segmentation. Modern Artificial Intelligence (AI)
based CAD systems behave much more like a standalone diagnostic tool, relying on statis-
tical, ML, or Deep Learning (DL) techniques to perform the task at hand, without needing
specific domain knowledge [37; 38; 39]. It is important to note the distinction between Al,
ML, and DL. The concept of Al is that machines can be built to possess intelligence equal
to or greater than that of a human [40], being able to perform tasks that requires human
level perception and problem understanding. ML is a subset of Al, in which machines are
built with the ability to learn how to solve a problem through exposure to relevant data.
DL is a subfield of ML which scales the ability to learn from data even further by contain-
ing a much larger number of parameters, and thus learning a better representation of the
problem from the available data. The relationship between AI, ML, and DL is shown in
Fig 2.1.

Regarding other published reviews that address breast cancer imaging technologies, we
have found that other publications focus on specific imaging modalities (i.e., MG, MRI,
DBT, US, and HIST) [41; 42; 43; 44], or diagnostic tasks (i.e., detection, classification,
and segmentation) [45; 46; 47]. However, as of yet no other publication covers all the
aspects of breast cancer imaging tasks, datasets, imaging modalities, evaluation metrics,
and ML solutions such as detailed in this review. The main contributions of this review
are to 1) present and discuss the current CAD methods being used in breast cancer ra-
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diology, and how AI can be implemented and used as a clinical tool; 2) Identify publicly
available or non-exclusive datasets, and what type of data they provide; 3) Identify cur-
rent Al techniques used for the different imaging modalities of breast cancer radiology;
4) Evaluate and compare the methods present in the literature and identify their trade-
offs both computationally and clinically. This review was structured around the following
research questions (RQs):

1. RQ 1: What breast cancer datasets are available, and what type of data do they offer?
2. RQ 2: What are some preprocessing methods used in breast cancer cad systems?
3. RQ 3: How is Al being currently used as an asset for breast cancer radiology?

4. RQ 4: What are the different Machine Learning techniques used for each task?

5. RQ 5: What are the most common evaluation metrics used?

6. RQ 6: What are the current key challenges in breast cancer diagnostic research?

The rest of this article is organized as follows. Section 2.2 provides a description of the
search strategy used to identify relevant bibliography, and study characteristics that were
considered important along with the results of a bibliometric analysis of the selected stud-
ies. Section 2.3 showcases the currently available breast cancer datasets for different
imaging modalities, including number of available images, and types of information avail-
able for each image (RQ 1). In Section 2.4, we answer the second research question (RQ
2), showcasing the most commonly used preprocessing method for breast cancer diag-
nostics tasks. In Section 2.5, we provide a detailed explanation of the current literature,
their findings, and shortcommings, organized by diagnostic task and imaging modality
(RQ 3). In Section 2.6, we provide an overview of the different ML techniques that have
been applied to the different breast cancer diagnostics tasks over the past 10 years, orga-
nized by diagnostic task and imaging modality (RQ 4). Section 2.7 covers the different
evaluation metrics used in the considered studies (RQ 5). In Section 2.8 we discuss the
current challenges and limitations found for the reviewed state-of-the-art (SotA) methods
in the field of breast cancer diagnosis for each diagnostic task and imaging modality (RQ
6). In Section 2.9, we conclude our critical analysis of the last decade of research in this
field.

2.2 Methods

2.2.1 Search Strategy

The publications considered in this review were collected from the following databases:
« IEEE Xplore (https://ieeexplore.ieee.org)
+ Springer Link (http://www.springerlink.com)
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Figure 2.2: Distribution of selected studies per year of publication grouped by diagnostic
task.

« Science Direct (http://www.sciencedirect.com)
» PubMed (https://www.ncbi.nlm.nih.gov/pubmed)

We only considered publication dates from 2011 to 2021. The database search was per-

” &«

formed by using the following keywords: “breast cancer”, “detection”, “classification”,

»  « ” &«

“segmentation”, “mammography”, “magnetic resonance”, “MRI”, “ultrasound”, “digital
breast tomosynthesis”, “histology”, “histopathology”, “machine learning”, “artificial in-
telligence”.

The aim of this study was to identify previously published works that applied AT methods
on breast cancer images. This includes studies that applied methods to detect, classify, or
segment breast cancer in a patient. However, some relevant studies might have not been
included unintentionally. More importantly, this review includes works that apply ML
methods to different medical image types related to breast cancer diagnosis, such as MG,
MRI, DBT, US, and HIST images. From the selection filter, the resulting 41 studies se-
lected to be included in this review are shown in Fig. 2.2 distributed by year of publication
and grouped by diagnostic task. Note that there is a steady increase in scientific publica-
tions regarding this area of research, with 2019 having more than double the number of
published studies compared to 2016.

2.2.2 Extraction of study characteristics

After the selection of which publications would be included in this study, the following in-
formation was extracted from the selected publications to identify, analyze and evaluate
the different imaging modalities, machine learning techniques, and breast cancer diagno-
sis tasks:
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1. Study information: identifies author information and year of publication;
2. Imaging modality: identifies which imaging modality was used for the diagnosis;

3. Dataset: identifies the dataset used in the study, if it is publicly available, or with
limited accessibility, and what additional information was considered during the
study;

4. Preprocessing methods: defines the image and data preprocessing methods used in
the study, prior to model training;

5. Feature extraction: defines which features were considered as relevant during the
study;

6. Methods: identifies the methods used in the study, as well as the hyperparameters
considered;

7. Diagnostic task: identifies the specific diagnostic task (i.e., detection, classification,
and segmentation) the study aimed to perform;

8. Performance metrics: defines the evaluation metrics considered during evaluation
of the performance of the machine learning method.

2.2.3 Eligibility of studies
2.2.3.1 Inclusion Criteria

To be considered viable in our study, the selected studies had to contain information
about the origin of the data, a detailed description of the machine learning or deep learn-
ing methods used for detection, segmentation, or classification of breast cancer, and the
quantitative results of the machine learning methods. From a review of the abstracts, we
manually selected the relevant studies that showcased the progress of CAD methods for
each task and each imaging modality.

2.2.3.2 Exclusion Criteria

Articles were excluded if the authors did not include sufficient information about the
dataset or if the study included other imaging methods, such as Computed Tomography
(CT), Positron Emission Tomography (PET), or Thermography.

2.2.3.3 Data collected from selected studies

From the studies found through our selection filter, we considered data concerning the
imaging modalities, diagnostic task, preprocessing methods, machine learning methods,
datasets, and evaluation metrics.
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Table 2.1: Description of breast cancer research datasets.
Dataset Reference #Images #Participants Modality Ground-truth

DDSM [48] 55890 - MG Segmentation
CBIS-DDSM [49] 10239 1566 MG Segmentation
INbreast [50] 410 115 MG Segmentation
OMI [51] 2889312 173319 MG ROI

BCDR [52] 2167 1734 MG Segmentation
MIAS [53] 322 161 MG ROI

CSAW [54] 4730932 499807 MG Segmentation
ACRIN-6667 [55] 626782 984 MR -

BCS-DBT [56] 3592 985 MG Segmentation
WBCD [57] - 569 DBT -

BreCaHAD [58] 162 — HIST -

BreakHis [59] 9109 82 HIST Classification
OASBUD [60] 100 78 US Classification
UDIAT [61] 163 163 US Segmentation
BUSI [62] 780 600 US Segmentation
MITOS [63] 277500 — HIST Detection
Abbreviations:

MG: Mammography; DBT: Digital Breast Tomosynthesis.
HIST: Histology; US: Ultrasound; ROI: Region of interest.

2.3 Whatbreast cancer datasets are available, and what type
of data do they offer?

In this section, we discuss the second research question (RQ2) posed in Section 2.1. Sev-
eral datasets of breast cancer imaging data are available either publicly or with limited
access. Selecting the most appropriate dataset for a given diagnostic task is the first step
in performing a successful study validation. The literature currently shows no extensive
review of available breast cancer datasets. In this section we will discuss the datasets
used in the selected studies, presenting their availability, collection size, as well as type
of information available in each dataset. Table 2.1 shows detailed information for several
breast cancer datasets currently available, including the dataset name, number of images,
number of unique participants, imaging modality, and ground-truth results type.

2.3.1 Mammography Datasets

The Curated Breast Imaging Subset of the Digital Database for Screening Mammogra-
phy (CBIS-DDSM) [64; 65; 49] contains a curated subset of the DDSM [48] data in DI-
COM format, with a region of interest (ROI) segmentation, as well as bounding boxes of
the masses and calcifications. The dataset also contains patient age, pathologic diagno-
sis information (Benign, Benign without callback, Malignant), mass shape (Irregular Ar-
chitectural Distortion, Architectural Distortion, Oval, Irregular, Lymph Node, Lobulated-
Lymph Node, Lobulated, Focal Asymmetric Density, Round, Lobulated Architectural Dis-
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tortion, Asymmetric Breast Tissue, Lobulated Irregular, Oval Lymph Node, Lobulated
Oval, Round-Oval, Irregular Focal Asymmetric Density, Round-Irregular Architectural
Distortion, Round Lobulated), mass margin information (Spiculated, Ill Defined, Cir-
cumscribed, Il Defined Spiculated, Obscured, Obscured I1l Defined, Microlobulated, Mi-
crolobulated Ill Defined Spiculated, Microlobulated Spiculated, Circumscribed I1l Defined,
Microlobulated-Ill Defined, Circumscribed Obscured, Obscured Spiculated, Obscured Il
Defined Spiculated, Circumscribed Microlobulated), breast density (grade 1 to 4), rating
of the subtlety of the abnormality (grade 1 to 5), and Breast Imaging-Reporting and Data
System (BIRADS) category. This dataset is publicly available.

The INbreast dataset [50] contains a ground truth segmentation mask defined by a radiol-
ogist, as well as additional information such as patient age, breast density as per American
College of Radiology (ACR) standards, and BIRADS category. The Optimam Mammogra-
phy Imaging (OMI) dataset [51] project has created an anonymized mammographic image
dataset in DICOM format, with professionally delineated ROI. The dataset includes infor-
mation such as invasive status of the breast cancer (Invasive, In-situ), lesion description,
size of tumor, and breast density as per Volpara Density [66; 67; 68]. The OMI dataset
contains 2889312 MG images collected from 173319 different women. The demographic
of the OMI dataset is composed of 154834 women with normal breasts, 5909 women with
benign findings, 9690 women with detected cancer, where 60% of these images were an-
notated by an expert, and 1888 women with interval cancer. This dataset also includes
2400 DBT images, where 862 are malignant cases. A subset of the OMI dataset is avail-
able to researchers through an application process.

The Breast Cancer Digital Repository (BCDR) dataset [52; 69; 70] contains both film and
digital mammography images, in TIFF format, with expert segmentation as the ground-
truth for breast abnormalities. The BCDR dataset is publicly available and divided into
two repositories, the BCDR Film Mammography repository (BCDR-FM), and the BCDR
Full Filed Digital Mammography repository (BCDR-DM). The BCDR-FM is composed of
1125 images from 1010 patients, between the ages of 20 and 9o years old, where 998 pa-
tients were female and 12 were male. This repository contains 3703 incidences, 1044
clinically described lesions, and 1517 ground-truth segmentations manually performed
by expert radiologists. The BCDR-DM is composed of 1042 images from 724 patients be-
tween 27 and 92 years of age, where only one patient is male. This repository contains
3612 incidences, 452 clinically described lesions, and 818 ground-truth segmentations
annotated by an expert. This dataset also provides clinical information, such as lesion
characterization (Benign, P-Benign, Malignant P-Malignant, Indeterminate), abnormal-
ity type (Mass, Microcalcifications, Calcifications, Axillary Adenopathies, Architectural
Distortions, Stroma Distortions), breast density (percentile), patient age, and BIRADS
category of the abnormalities.

The Mammographic Image Analysis Society (MIAS) dataset [53] is a publicly available
dataset which contains mammographic images, along with breast density (Fatty, Fatty-
glandular, Dense-glandular), abnormality classification (Calcification, Well defined or
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circumscribed masses, Spiculated masses, Other, ill-defined masses, Architectural distor-
tion, Asymmetry, Normal), severity of abnormality (Benign, Malignant), point coordinate
of the center of abnormality, and radius of abnormality. This dataset does not include a
ground-truth segmentation of masses.

The Cohort of Screen-Aged Women (CSAW) dataset [54] contains pixel-wise annotated
mammography images with biopsy-verified breast cancer diagnoses, and with additional
information such as, histological origin (Ductal, Lobular, Medullary, Phyl-lodes), tumor
size, lymph node status, Elston grade (grade 1 to 3) [71; 72], and receptor status (Proges-
terone, Estrogen, Herceptin). This dataset is available upon request with the authors.

2.3.2 Magnetic Resonance Imaging Datasets

The Magnetic Resonance Imaging in Women Recently Diagnosed with Unilateral Breast
Cancer (ACRIN-6667) dataset [55] has been made available with limited access. This
dataset is composed of 1103 studies containing DI-COM volumetric images of patients
that had previously undergone breast cancer examinations with other imaging modali-
ties, such as mammography.

2.3.3 Digital Breast Tomosynthesis Datasets

The Breast Cancer Screening Digital Breast Tomosynthesis (BCS-DBT) dataset [56] con-
tains expert-annotated images in DICOM format, with identified ROI around detected
abnormalities, severity of ab-normality (Benign, Malignant), and BIRADS category. The
Abnormal Digital Screening Mammography Digital Breast Tomosynthesis (ADSM-DBT)
dataset [73] consists of 99 DBT volumes of 98 women that had been previously screened
as abnormal through MG examination.

2.3.4 Ultrasound Datasets

The Open Access Series of Breast Ultrasonic Data (OASBUD) dataset [60] contains scans
from 52 malignant and 48 benign breast lesions recorded from 78 distinct patients col-
lected by the Department of Ultrasound at The Institute of Fundamental Technological
Research of the Polish Academy of Sciences from patients at the Institute of Oncology in
Warsaw. The scans are stored as RF data arrays and include a same-size mask that de-
notes the region-of-interest for the tumor. Each dataset entry contains two orthogonal
scans of the lesions, and all malignant lesions were histologically assessed by core needle
biopsy. The confirmed tumors are ranked using the BI-RADS scale.

The Diagnostic Centre of the Parc Tauli Corporation (UDIAT) dataset [61] from Sabadell,
Spain, consists of 163 US images of size 760x570 pixels corresponding to 110 benign and
53 malignant breast masses, where each image contains one or more lesions. The ma-
lignant images contain 40 invasive ductal carcinomas, 4 ductal carcinomas in situ, 2 in-
vasive lobular carcinomas and 7 other unspecified malignant lesions. The benign images
contain 65 unspecified cysts, 39 fibroadenomas and 6 of another type of benign lesions.
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The dataset provides a professionally delineated ground-truth for each image and is freely
available for research purposes.

The Breast Ultrasound Images (BUSI) dataset [62] is freely available for research pur-
poses, and contains 780 images from 600 distinct patients. The images in this dataset are
500x500 pixels, in PNG format. Each image contains a ground-truth of the tumor, along
with its classification (Normal, Benign, and Malignant). Table I shows detailed informa-
tion about the different datasets used by the studies selected for this review, including the
total number of images, number of participants, imaging modality, and ground-truth.

2.3.5 Histology Datasets

The Wisconsin Breast Cancer (WBCD) dataset includes features computed from digitized
fine needle aspirate (FNA) images, which describe characteristics of the cell nuclei. The
diagnostic information present in the dataset is Classification (Benign, Malignant), Nu-
cleus Radius, Texture (computed as the standard deviation of grayscale values), Perime-
ter, Area, Smoothness (calculated as the local variation in radius lengths), Compactness
(calculated as the perimeter squared, divided by the area), Concavity (severity of concave
portions of the contour), Concave Points (number of concave portions of the contour),
Symmetry, and Fractal Dimension. The Breast Cancer Histopathological Annotation and
Diagnosis (BreCaHAD) dataset [58] contains microscopic biopsy images, with annotated
features such as Mitosis, Apoptosis, Tumor Nuclei, Non-Tumor Nuclei, Tubule, Non-
Tubule, Nuclear Pleomorphism, Tubular Formation, Mitotic Count, as well as the (x,y)
coordinates of the centroid of the annotated object.

The Breast Cancer Histopathological Image Classification (BreakHis) dataset [59] con-
tains 9109 histology images of breast tumor tissue from 82 distinct patients and is com-
posed of 2480 benign and 5429 malignant samples. The dataset includes annotated fea-
tures such as method of procedure biopsy, tumor class (Malignant, Benign), tumor type
(Adenosis, Fibroadenome, Phyllodes Tumor, Tubular Adenona, Ductal Carcinoma, Lob-
ular Carcinoma, Mucinous Carcinoma, Papillary Carcinoma), patient identification, mag-
nification factor (40x, 100x, 200%, 400x). This dataset is publicly available upon request.
The Mitosis Detection in Breast cancer Histological Images (MITOS) [63] dataset contains
5 high-resolution cancer biopsy slides. Each slide was processed by two distinct scanners,
and one microscope, as well as manually annotated by an expert. The resolution of the
images generated by the two scanners were of 2084x2084 pixels, and 2252x2250 pixels.
The resolution of the images generated from the microscope was 2767x2767 pixels. When
split into patches of 50x50 pixels, as was the case reported by some authors, the resulting
dataset contained over 277500 HIST images.

2.3.6 Overview of Breast Cancer Datasets

Data is the backbone of ML and DL based CAD solutions. There are several key challenges
in medical data collection and availability. Patient privacy, imaging device variability, and
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anatomical differences between patients are some of these challenges that reflect on the
amount and quality of currently available breast cancer imaging data.

From all the datasets found within the literature, a total of 14 considering that the CBIS-
DDSM is a subset of the DDSM dataset, a large portion were of MG imaging data. These
7 MG datasets provide a combined total of over 7.6 million mammographic breast im-
ages, an amount far greater than any other imaging modality so far. Out of these MG
datasets, CBIS-DDSM [49], INbreast [50], BCDR [52; 69; 70], and CSAW [54] are exclu-
sively for segmentation, providing mammographic image and segmentation mask pairs.
However, these four datasets, along with OMI [51] and mini-MIAS [53] can be used for
detection tasks, such as placing bounding boxes around a region of interest. Any dataset
that provides a segmentation mask can also be used for bounding box detection through
a preprocessing of the segmentation masks to extract the coordinates of a rectangular ge-
ometry that encompasses the extremities of the segmented object of interest.

However, even with the existence of these public datasets, we can notice that a large por-
tion of studies still use private clinical image datasets, such as [74; 75; 76; 77; 78], or a com-
bination of a private dataset and a public dataset, such as [79]. The amount of publicly
available medical image datasets has increased in recent years as an effect of DL-based
CAS systems requiring large amounts of training data.

As we can see from Fig.2.3, public datasets have a much higher citation rating than exclu-
sive datasets. It is also important to note that as of writing this review, the low number
of citations of datasets such as the OMI, CSAW, and BCS-DBT datasets is due to limited
availability of the datasets and having been recently released. A sample image from each
breast cancer imaging modality can be seen in Fig. 2.4.

2.4 What are some preprocessing methods used in breast

cancer cad systems?

A fundamental step in image analysis is pre-processing. Radiological images may con-
tain noise, artifacts, or sensitive data that must be handled before passing through a CAD
system. In this section, we discuss the second research question (RQ2) put forward in Sec-
tion 2.1. The following are some of the most commonly used preprocessing techniques for
breast cancer image processing;:

2.4.1 Image augmentation

DL methods depend on a large training dataset to achieve a good performance and avoid
overfitting [80]. As discussed in Section 2.3, there exist a limited number of publicly avail-
able datasets, often with a class imbalance problem, posing a major challenge in the de-
velopment of DL methods for breast cancer diagnosis. Therefore, the implementation of
data augmentation techniques is an important step in the preprocessing pipelines. To
mitigate this issue, the literature shows several possible approaches, including data aug-
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Figure 2.4: Sample images for each imaging modality. (a) MG image from CBIS-DDSM
dataset[49]. (b) MRI image from the ACRIN-6667 dataset[55]. (¢) DBT image from the
BCS-DBT dataset [56]. (d) US image from the UDIAT dataset [61]. (¢) HIST image from

the BreakHis dataset[59].
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mentation through affine transformations [81; 82; 83; 84] and transfer learning or fine-
tuning from pretrained models [79; 61; 85; 82; 86]. Examples of DL models trained with
data transfer learning include FCN-AlexNet [61], ResNet [85], GoogLeNet [81], and UNet
[84]. The image augmentation algorithms in the surveyed literature include basic image
manipulations, such as rigid transformations, rotation, horizontal and vertical mirroring,
background migration, partial image obstruction, contrast enhancement, and noise addi-
tion [85; 82; 83]. These image augmentation techniques increase the amount of available
training data, reducing the chances of overfitting the trained model.

2.4.2 Feature selection and extraction

Feature selection methods are important when developing classical ML models to identify
input features that are most relevant to the target output. In many cases, feature extrac-
tion or feature engineering techniques are used to transform raw input data into a format
that can be processed by the ML model. In the case of MRI, MG, US, and DBT breast
cancer imaging, features can be characteristics taken from the whole diagnostic image, or
from a certain ROI, such as the shape and size of lesions, lesion distribution, as well as
morphological and gray-level texture features [79; 77]. Extracted quantitative image fea-
tures are also considered, such as skewness, kurtosis, perimeter, area, standard deviation,
maximum, minimum, mode, mean pixel values, elongation, roughness, form, circularity,
texture correlation, angular second moment, contrast, inverse difference moment, and
entropy [52; 87; 88]. For HIST images, some commonly considered features are clump
thickness, cell size uniformity, cell shape uniformity, marginal adhesion, single epithelial
cell size, bare nuclei, bland chromatin, normal nuclei, and mitoses [89]. However, DL
models can automatically extract a set of image features from training data [9o]. This
makes DL-based CAD systems advantageous compared to classical ML systems, as there
is no need to manually select and extract input features. Much of the current literature
presents solutions that consider raw diagnostic images as model inputs [85; 91; 92; 83]
and a combination of raw images and additional metadata [75; 81].

2.5 How is Al being currently used as an asset for breast

cancer radiology?

In this section, we discuss the third research question (RQ3) proposed in section 2.1. The
Al-based studies selected according to their associated diagnostic tasks, namely breast
cancer detection, classification, and lesion segmentation, are organized by medical imag-
ing modalities. Let us now discuss how each task performed with the assistance of ML
methods for each imaging modality is used in breast cancer radiology. CAD systems can
be divided into two main categories: ML-based and DL-based CAD systems. Both cate-
gories share common steps in their workflow, but also differ significantly. In ML-based
CAD systems, the input features, such as the mass shape or breast density, are manually
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Table 2.2: Performance of the selected studies for detection task. NA = Not Reported by

the authors.
Year Study Modality Method Accuracy Precision Recall AUC

2014 [39] MG SVM NA NA 0.95 NA
2016 [79] DBT CNN NA NA 0.91 0.92
2017 [89] HIST SVM 0.97 0.97 0.97 0.96

RandFor 0.97 0.96 0.96 0.99

NB 0.97 0.97 0.97 0.99
2017 [38] MG Other NA NA NA 0.82
2018 [61] US LeNet NA NA o0.92 NA

U-Net NA NA o0.94 NA

FCN-AlexNet NA NA 0.99 NA
2019 [76] MG Other NA NA 0.86 0.89
2020 [78] DBT CNN NA 0.93 0.90 NA
2020 [93] US Faster-RCNN NA 0.86 0.92 NA
2021 [94] HIST CNN 0.87 0.86 0.76 NA
2021 [77] MRI ACO 0.93 NA 0.92 NA
2022 [86] MG ResNet 0.98 0.98 0.98 NA

defined by an operating radiologist or clinician. This can lead to human error and bias
as well as other problems in recognizing the correct attributes of the cancerous area. In
contrast, the DL-based CAD system accepts the diagnostic image as input and automat-
ically identifies image-based features. However, this also has shortcomings, and some
DL-based systems require the operator to first select a region of interest (ROI) on the full
image before feeding it to the model.

2.5.1 Detection

A total of 11 studies were considered for the breast cancer detection task. Table 2.2 shows
the considered studies that used ML methods for breast cancer detection task, along with
the imaging modality, and method performance. Solving the breast cancer detection prob-
lem involves a variety of possible methods, ranging from classical approaches such as sup-
port vector machine (SVM) and Random Forest (RF) to Deep Learning approaches such
as convolutional neural networks (CNN). Out of these studies, most authors reported the
recall performance metric of their detection models, less than half of the authors reported
Area Under the Curve (AUC) and precision, and one reported model accuracy. Most of the
reviewed studies presented results using MG images [39; 38; 761, followed by US [61; 93],
DBT [79; 78] and HIST [89; 94] images, and finally only one study used MRI [77] images,
as we can see in Fig. 2.5 (left). Deep learning approaches containing convolutional layers
have been used in this area of research consistently throughout the last decade, with a total
of 7 convolutional-based deep learning methods being reported. Other classical methods
have also been proposed, as well as studies using commercially available software [38; 76],
as we can see in Fig. 2.5 (right).
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Figure 2.5: Distribution of selected detection studies per imaging modality and Machine
learning method reported for the breast cancer detection task. *Includes any deep learn-
ing architecture that includes convolutional layers. **Al-based CAD commercial software.

2.5.1.1 Detection in Mammographic Images

Zhang et al. 2014 present a method for automatic detection of microcalcifications in MG
images using SVM evaluated over the MIAS dataset [53]. This method focuses on solv-
ing the impact of low contrast mammogram images on microcalcification detection. The
first step in the proposed method was to apply a dual structure method to detect the mor-
phological features of the microcalcifications, followed by a dual-threshold method for a
shape-based detection of the microcalcifications. The second step was to apply a SVM
classifier to reduce the number of false positive detections, considering the mean value of
ROI, variance of pixel grayscale values, degree of circularity of object, and contrast as fea-
tures.Their approach showed significant results with true positive rate (TPR) of 94.85%
and false positive rate (FPR) of 7.82%, an improvement of 1,55% over other existing meth-
ods at the time. However, their proposed method was trained on a small portion of the
MIAS dataset, with only 13 images being used to train the classifier and 10 images being
used for evaluation. Furthermore, the SVM was trained on 27 positive samples and 26
negative samples. Therefore, an assessment of the model with a greater number of test-
ing images is necessary to truly evaluation its generalization and performance under novel
images.

Becker et al. [38] presents an evaluation of multipurpose image analysis software for
breast cancer detection in MG images. The data used for this study was a subset of the
BCDR dataset, considering 1146 distinct patients. The commercial software used a multi-
purpose image analysis software (ViDi Suite Version 2.0; ViDi Systems Inc, Villaz-Saint-
Pierre, Switzerland), which uses deep neural networks to detect breast cancer in mammo-
graphic images. The ViDi neural network was trained using a 2:1 split ratio of training and
validation datasets. Two distinct studies were carried out, study 1 considered training the
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ViDi neural network with an equal number of images of patient with and without breast
cancer, study 2 considered training the ViDi neural network with an unbalanced dataset,
where 143 patients were confirmed cases of breast cancer, and 1003 were patients without
breast cancer. The results of study 1 were an AUC of 0.82, and study 2 resulted in an AUC
of 0.79, showing the importance of training a neural network with a balanced dataset.
Rodriguez-Ruiz et al. [76] presented a comparison of breast cancer detection in MG im-
ages by radiologists with and without the assistance of an Al system. The study used 546
digital MG images of 240 women from two collection centers. Results showed an AUC
of 0.89 with the assistance of the AI system, compared to AUC of 0.87 without the Al
assistance. Sensitivity and specificity also increased with the assistance of the Al system
(86% and 79%, respectively) when compared to diagnosis without assistance form the Al
system (83% and 77%, respectively). These results present an important finding on the
benefits of implementing Al systems as diagnostic tools. However, more investigation in
a screening scenario is necessary to further validate the results.

Houssein et al. [86] discusses how breast cancer detection and classification in the early
phases of development can allow for optimal therapy and how convolutional neural net-
works (CNNs) have enhanced tumor detection and classification efficiency in medical
imaging compared to traditional approaches. The paper proposes a novel classification
model for breast cancer diagnosis based on a hybridized CNN and an improved optimiza-
tion algorithm, along with transfer learning, to help radiologists detect abnormalities ef-
ficiently. The proposed method uses a pretrained CNN model called ResNet50 (residual
network) that is hybridized with the improved marine predators algorithm (IMPA), re-
sulting in an architecture called IMPA-ResNet50. The evaluation was performed on two
mammographic datasets, the mammographic image analysis society (MIAS) and curated
breast imaging subset of DDSM (CBIS-DDSM) datasets. The proposed model was com-
pared with other state-of-the-art approaches, achieving 98.32% accuracy, 98.56% sensi-
tivity, and 98.68% specificity on the CBIS-DDSM dataset and 98.88% accuracy, 97.61%
sensitivity, and 98.40% specificity on the MIAS dataset.

2.5.1.2 Detection in Magnetic Resonance Images

Liu et al. [77] proposed a breast cancer detection method using ACO with the specific fo-
cus of extracting breast calcification foci and shape recognition. The authors used a cus-
tom dataset containing images of 175 patients, where 20 were male and 155 were female.
Out of these patients, there were 85 instances of invasive ductal carcinoma, 32 instances
of invasive lobular carcinoma, 30 instances of mucinous carcinoma, and 42 instances of
mixed carcinoma. The features considered for training the model were shape, size, edge,
boundary, lesion distribution, and enhancement method. The proposed ACO model was
compared with SVM and KNN, and the authors reported an accuracy of 93.60%, speci-
ficity of 78.32% and sensitivity of 92.61%, all of which outperformed the SVM and KNN
models by a significant margin. However, as reported by the authors, the ACO method
is computationally expensive, as well as time consuming, limiting its application to im-
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ages with lower resolutions. The dataset used in this study does not contain an extensive
amount of images, therefore it is unclear how well the method would perform on a larger
dataset.

2.5.1.3 Detection in Digital Breast Tomosynthesis Images

Samala et al. [79] performed mass detection in DBT images, comparing a feature-based
Linear Discriminant Analysis (LDA) method and a CNN with applied Transfer Learning of
a model previously trained in MG images. The authors used a dataset consisting of 2282
MG images, containing both digitized film and digital images, and 324 DBT volumes. The
data used in this study is a combination of internally collected data and the DDSM [48]
dataset. The dataset contains 2461 masses from MG images and 317 masses from DBT
views, where the ground truth was marked by an experienced breast radiologist. Data
augmentation was applied to the dataset, increasing the total number of images to 45072
MG and 37450 DBT ROIs. Additionally, data normalization was applied through back-
ground correction applied to each ROI. For the LDA method, 3D clustering, and active
contour were used for segmentation of the ROI, followed by feature extraction (Morpho-
logical, Gray Level, and Texture). The extracted features were then merged with a LDA
classifier to score the detected masses. The CNN model was composed of four convolu-
tional layers, with max-pooling and normalization, and finally three dense layers. The
same architecture was pretrained in MG images, and transfer learning was applied with
the DBT data, where the first three convolutional layers were kept untrained. This study
showed the potential of training a model with a mixture of images from different modali-
ties, namely MG and DBT. The results showed that when the model was trained only with
MG images, the AUC when applied to DBT images was over 80% and going up to 92%
when further trained in DBT images.

Fan et al. [78] proposed a mass detection and segmentation method in DBT images using
a 3D M-RCNN. They used 364 images, where 75 were benign and 289 were malignant.
The 3D-M-RCNN method was evaluated under lesion-based mass detection presenting a
sensitivity of 90% with 0.8 false positives per lesion, and under breast-based mass detec-
tion presenting sensitivity of 90% and 0.83 false positives per breast. When compared to
other 2D methods, the 3D M-RCNN achieved an average precision of 0.934, and a false
negative rate of 0.053.

2.5.1.4 Detection in Breast Ultrasound Images

Yap et al. [61] performed lesion detection in breast US images using patch-based LeNet,
U-Net, and FCN-AlexNet with Transfer Learning. This study was performed using two
US imaging datasets, Dataset A [95] and UDIAT dataset [61], comprised of 306 and 163
images, respectively. The authors showed that training in multiple datasets improves
the model’s performance, not only due to the higher number of images, but also due to
the variability of image types, as the dataset A and UDIAT dataset contained substan-
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tially different US images. This is visible in the performance of the model with a recall of
0.99, which translate how well the model can perform with new images. Yap et al. also
presented in 2020 a study evaluating the performance of Faster-RCNN with Inception-
ResNet-v2 backbone as a breast cancer detection framework in US images. The dataset
used in this study is the same as a previous study by Yap et al. [61]. The authors com-
pared the results for both gray-scale and 3-channel artificial RGB, applying transfer learn-
ing from other non-breast cancer related images. Results showed a mean Intercept over
Union (IoU) of 0.85 and 0.85 for grayscale images and 3-channel artificial RGB, respec-
tively [93]. This study showed the potential of using Faster-RCNN for breast cancer de-
tection in US images with smaller datasets. However, to fully evaluate the performance
of this type of model under a wider variety of images, different data preprocessing tech-
niques, such as data augmentation, still need to be considered.

2.5.1.5 Detection in Histology Images

In 2017, Bazazeh et al. [89] compared SVM, RandFor, and NB methods for early detec-
tion and diagnosis of breast cancer. The authors used the WBCD dataset [96; 97; 98; 571,
considering the following features as input for the models: clump thickness, cell size uni-
formity, cell shape uniformity, marginal adhesion, single epithelial cell size, bare nuclei,
bland chromatin, normal nuclei, and mitoses. The tumor class (benign, malignant) was
considered as the ground truth for the detection models. The authors presented AUC, pre-
cision, recall, and accuracy as evaluation metrics, as shown in Table 2. Out of the three
models compared in this study, the NB showed best performance in terms of precision
and recall with 97.2% and 97.1%, respectively, while RandFor showed best performance
in the AUC metric with 0.8% higher result than NB. This study presented an important
comparison of commonly used classical machine learning methods applied to breast can-
cer detection, as well as several features that can be used to train breast cancer detection
models.

Alanazi et al. [94] presented a method for automated breast cancer detection using a CNN
architecture. They used the MITOS dataset, which contains over 275000 image patches of
size 50x50 pixels. This dataset was split proportionally into training and testing datasets,
carefully maintaining the same data distribution between both sets. Image normalization
was performed on the data, scaling all pixel values between o and 1. Alanazi et al.’s work
reported a comparative analysis of the performance of the CNN model with logistic regres-
sion (LR), KNN, and SVM models. The CNN model outperformed all other methods by
a margin of over 8%, with an accuracy of 87.00%, recall of 76.00%, precision of 86.00%,
and f1-score of 85.00%. This study proposed an automatic CNN-based method for detect-
ing breast cancer in HIST images, using a large, publicly available dataset. Therefore, the
proposed model can be compared and validated against other methods directly by using
the same dataset.
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Table 2.3: Performance of the selected studies for Classification task. NA = Not Reported

by the authors.
Year Study Modality Method Accuracy Precision Recall AUC
2011 [74] DBT FCM NA NA NA NA
2012 [52] MG SVM 0.96 NA NA 0.92
ANN 0.97 NA NA 0.93
2012 [75] MRI SVM 0.98 NA NA NA
NN 0.91 NA NA NA
DT 0.87 NA NA NA
FAM 0.88 NA NA NA
2014 [87] MRI MLP 0.98 NA NA NA
2015 [99] US SVM NA NA NA 0.86
Randfor NA NA NA 0.81
2016 [100] US RandFor 0.78 0.75 0.82 0.82
ANN 0.78 0.78 0.78 0.82
DT 0.77 0.74 0.82 0.80
SVM 0.77 0.77 0.78 0.84
2017 [81] US CNN 0.90 NA 0.86 0.90
SVM 0.83 NA 0.72 0.90
2018 [101] MRI SVM 0.96 NA NA NA
2018 [85] HIST ResNet 0.76 NA NA NA
2019 [102] HIST ResNet 0.99 0.99 0.98 0.99
2019 [82] HIST ResNet 0.97 NA NA NA
2021 [88] MG RandFor 0.85 0.78 0.70 NA

2.5.2 Classification

A total of 12 studies were considered for the breast cancer classification task. Table 2.3
shows the considered studies that used machine learning methods for breast cancer clas-
sification tasks, along with the imaging modality, and method performance. As shown
in Table 2.3, breast cancer classification has been a problem consistently approached by
researchers over the years. A variety of methods have been considered, including deep
learning approaches. For the classification task, the most reported evaluation metric was
accuracy. Out of these studies, most authors also reported the AUC performance met-
ric of their models, and less than half of the authors reported precision or recall. The
distribution of studies per imaging modality is homogenous, except for one study using
DBT images, as we can see in Fig. 2.6 (left). The use of SVM is consistent throughout the
years, with 6 studies using SVM in part or in full as their proposed classification method
[52; 75; 99; 100; 81; 101], as we can see in Fig. 2.6 (right). The use of CNNs have also
shown an increased interest in the last couple of years [81; 85; 102; 82].

2.5.2.1 Classification in Mammographic Images

Ramos-Pollan et al. [52] carried out a comparison between SVM and ANN methods for
breast cancer mass classification in MG images using the BCDR dataset. The authors
performed the following steps prior to training the classifier: (i) a ROI around the sus-
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Figure 2.6: Distribution of selected classification studies per imaging modality and Ma-
chine learning method reported for breast cancer classification. *Includes Fuzzy C-Means
and Fuzzy Artmap. ** Includes ANN and MLP. *** Includes any DL architecture that in-
clude convolutional layers.

pected tumor was manually selected; (ii) noise reduction through image preprocessing;
(iii) semi-automatic segmentation of the suspected lesion through interactive deformable
models; (iv) quantitative image feature extraction such as skewness, kurtosis, perimeter,
area, standard deviation, maximum, minimum, mode, and mean pixel values, elonga-
tion, roughness, form, circularity, texture correlation, angular second moment, contrast,
inverse difference moment, and entropy. Finally, the feature vectors are used to train the
classification models. The comparison between methods showed an accuracy of 96.91%
and AUC of 0.92 for SVM and accuracy of 97.14% and AUC of 0.93 for the ANN method.
This study presented an appropriate framework for preprocessing MG images, and spe-
cially extracting features, to train a classification model.

Darweesh et al. [88] proposed a multi-stage, hierarchical method for breast cancer de-
tection and classification using machine learning. The authors used the MIAS dataset
[53], consisting of 322 digital MG images of resolution 1024x1024 pixels, separated into
normal, benign and malignant categories. The dataset was split into a training and testing
sets, where the authors reported using 20 normal images, 10 benign images, and 10 malig-
nant, maintaining equal proportions of normal/abnormal samples for the first stage, and
the same proportions for the benign/malignant samples for the second stage. In the first
stage, the model classifies images as normal or abnormal, and the second stage model clas-
sifies the abnormal images as benign or malignant. As a preprocessing stage, the images
were subjected to histogram equalization, distributing the most frequent pixel intensity
values, and enhancing details, followed by an ROI extraction to reduce the image size and
remove unnecessary information. From the cropped and preprocessed image, the follow-
ing features were extracted: pixel correlation, contrast, angular second moment, inverse
difference moment, entropy, sum average of grey level, cluster prominence (asymmetry),
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and cluster skewness. In the normal/abnormal classification stage the authors reported
an accuracy of 97%, and on the benign/malignant classification stage an accuracy of 75%.
In its entirety, the hierarchical classification method was reported to have an accuracy of
85%. In this study, the authors show that their model performed better when differenti-
ating normal from abnormal breasts compared to differentiating benign from malignant
tumors. This study showed that a normal/abnormal classification model can be used as
a tool to assist physicians in diagnosing breast cancer. However, greater development is
needed to improve the results of the benign/malignant classification stage. Furthermore,
this study used only a total of 40 images as a test dataset, and further validation with a
greater variety of images would be necessary.

Houssein et al. 2022 proposes an efficient breast cancer classification model that depends
on the hybridization of pretrained CNN architecture and an Improved meta-heuristic op-
timization Marine Predators Algorithm (IMPA). The authors chose to train and evaluate
the model on the CBIS-DDSM and MIAS datasets. The cobination of IMPA and a pre-
trained ResNet50 CNN model showed results comparable to state-of-the-art methods,
with 98.32% accuracy and 98.56% sensitivity. Although the proposed IMPA, denomi-
nated IMPA-ResNet50, model achieves high classification performance in breast cancer
detection from mammography images, future studies need to address some limitations,
such as the computational efficiency, and the use of IMPA to determine the hyperparam-
eters of the ResNet50 CNN model, whereas other types of architectures still need to be
analyzed.

2.5.2.2 C(lassification in Magnetic Resonance Images

Hassanien et al. 2012 presented a hybrid approach to breast cancer classification in MRI
by training a SVM with wavelet-based features. This study used a dataset containing 120
images, in which 70 were of normal tissue, and 50 were of abnormal tissue (benign and
malignant). Prior to extracting the features used in the classifier, the images were prepro-
cessed using a fuzzy type-II algorithm to enhance the contrast and the edges surrounding
the region of interest, followed by a Pulse Coupled Neural Network (PCNN) to segment
the breast cancer mass. This work considers the following wavelet-based features by per-
forming row-wise decomposition on the images: Angular Second Moment, Average Multi-
Resolution Local Contrast Entropy, Root Mean Square Error, Contrast, Dissimilarity, Cor-
relation, Inverse Difference Moment, Standard Deviation, Average of Detailed Wavelet
Coefficient, Sum of Square Detailed Wavelet Coefficient. Finally, the selected features
were used to train a SVM model. The results show an accuracy of 98.00% for the SVM
model, compared to 89.70% forDecision Tree (DT), 91.00% for NN, and 88.00% for Fuzzy
Artmap (FAM). This study showed the combination of fuzzy sets, PCNN, wavelet-based
features, and SVM in MRI breast cancer classification. Hassanien et al. 2014 published
a subsequent work using statistical feature extraction methods and a MLP as a classifier
for breast cancer MRI classification. This second work considers the following features:
contrast, correlation, energy, homogeneity, entropy, pixel intensity mean, pixel intensity

35



False-negative Reduction in Mammography Breast Cancer Diagnosis

standard deviation, mass circularity, mass area, Euler number, major axis length, mass
orientation, and solidity. After extraction, the features were used to train a MLP to clas-
sify the images into malignant or benign masses. The results of this study showed the per-
formance of the MLP with an accuracy of 98.00%, MAE (Mean Absolute Error) of 0.03,
RMSE (Root Mean Squared Error) of 0.14, and RAE (Relative Absolute Error) of 7.53%.

In turn, Vidic et al. [101] presented a method of classifying benign and malignant tumors
and breast cancer sub-types in DW-MRI using SVM. The authors considered the Relative
Enhanced Diffusivity (RED), Apparent Diffusion Coefficient (ADC), Intravoxel Incoher-
ent Motion (IVIM), Parameters Diffusivity (D), Pseudo-Diffusivity (D*), and Perfusion
Fraction (f) as features and used their histogram properties (mean, median, standard de-
viation, skewness, kurtosis) to train the SVM. The results were evaluated using the Mann-
Whitney statistical test for univariate comparison. Concerning the classification of benign
or malignant tumors, this work shows that the highest accuracy of 96.00% was achieved
for the SVM using only the mean value of RED as a feature. In order to further classify
the tumors according to the Human Epidermal Growth Factor Receptor 2 (HER2) status,
an accuracy of 90.00% was achieved with the SVM combining several of the calculated
features.

2.5.2.3 Classification in Digital Breast Tomosynthesis Images

Vedanthan et al. [74] proposed a segmentation and classification method of breast le-
sions in DBT images. The dataset consists of 99 DBT volumes from 98 women from a
previous study [73]. The method is divided into six distinct steps: (i) angular-constrained
bilateral filtering (x-z plane) to reduce out-of-slice artifacts in the DBT images; (ii) un-
sharp masking (x-y plane) via a subtraction of a low pass filtered copy of the image using
a 5x5 Gaussian kernel to improve edge detection; (iii) an edge-preserving anisotropic dif-
fusion filtering (x-y plane) to regularize the image noise; (iv) background correction (y-z
plane) to remove out-of-slice and cupping artifact; (v) segmentation of the DBT volume
using FCM clustering to separate the images into background tissue and lesions; (vi) fill-
ing voids in the segmented areas through a series of morphological operations such as
area filtering, removal of salt and pepper noise through binary opening and closing, and
binary erosion smoothing and binary dilation to smooth the segmented area. The FCM
clustering method also performed classification of skin, adipose tissue, fibroglandular tis-
sue, muscle, and lesions in a fully automated way. This work ended up to introduce a
robust, semi-automated approach for out-of-slice artifact segmentation and tissue clas-
sification in DBT images and can be considered as an important preprocessing step for
several breast cancer imaging related tasks. However, the results were merely qualita-
tive and visual, and an analysis including quantitative evaluation of the results would be
needed to fully validate this method.
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2.5.2.4 Classification in Breast Ultrasound Images

Uniyal et al. [99] reported the use of US RF time series analysis to classify breast lesions
with an SVM. The proposed method was able to accurately generate malignancy maps
providing a visual cancer likelihood estimate on the diagnostic US images. The dataset
used in this study was composed of 863 ROIs from 22 subjects. The authors extracted
US RF time series features, B-mode image texture features, and attenuation features. The
features used to train the classifier model were: first, second, third and fourth quadrant
of the RF time series, the intercept and slope of the regression line fitted to a normal-
ized spectrum, the Higuchi fractal dimension, the intercept and slope of the line fitted to
the calibrated spectrum, pixel mean, pixel standard deviation, skewness, kurtosis, cor-
relation, energy, contrast, and homogeneity. The results showed that the SVM classifier
performed with an AUC of 0.86 and standard error of 0.016 compared to RandFor with
an AUC of 0.81 and a standard error of 0.018. This study approached the image classi-
fication problem in an innovative way, combining several distinct features as input for
the classification model. However, as stated by the authors, the dataset used was heavily
imbalanced, where most of the images were of benign lesions, which can greatly skew the
results.

Shan et al. [100] presented a comparison study between DT, ANN, RandFor and SVM
for the task of breast cancer mass classification in US images. The dataset used in this
study consists of 283 breast US images, where 150 were of malignant cases and 133 of
benign cases. In this study, one extracts BIRADS features from the US images to train the
classifier models. The following features were considered: Area Difference with Equiva-
lent Ellipse (ADEE), mass orientation, mass margin pixel intensity difference, mass mar-
gin peak number, mass margin average distance, mass average distance to convex hull
(ADCH), echogenicity, entropy, acoustic shadowing, and lesion size. The results show
that the SVM performed better than the compared methods, all of which can be seen in
Table 3. The results show that certain types of features can be of great importance when
training a benign-malignant lesion classifier.

Han et al. [81] proposed a deep learning framework to classify breast lesions in US im-
ages. The dataset used in this study contains 7408 US images from 5151 patients, where
4254 of these images are of benign lesions and 3154 of malignant lesions. Data augmenta-
tion takes place to increase the dataset size, resulting in a total of 967113 training images
where 553455 were of benign lesions and 413658 were of malignant lesions. Data aug-
mentation was performed using image mirroring, and horizontal and vertical translation
of the images. After manual selection of the ROI by a radiologist, the images underwent
preprocessing such as histogram equalization, image cropping, and margin augmenta-
tion. The CNN model was pretrained on grayscale natural images of 255x255 resolution,
and transfer learning was applied when training on the US images. The results showed
that the CNN with a GoogLeNet backbone performed with an accuracy of 90.00%, sensi-
tivity of 86.00%, specificity of 96.00% and AUC of 0.90. This study implemented a CNN
model to perform classification of distinct types of lesions in breast US, which outper-
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formed previously implemented SVM methods. However, it is important to note that this
method requires the user to select the ROI, providing the model with a much cleaner input
compared to the whole image.

2.5.2.5 Classification in Histology Images

Ferreira et al. [85] presented a transfer learning approach to classify breast HIST images
using Inception ResNet V2. The authors used the ICIAR 2018 BACH-challenge dataset
for this study, consisting of 400 high resolution HIST images. Data augmentation was
performed on the dataset, including image rotations, horizontal and vertical mirroring,
zooms of 10%, and horizontal and vertical shifts of 10%. During preprocessing, the images
were also reshaped to the size of 244x244 pixels, and the pixel intensity was normalized.
Due to the limited dataset size, the model was pretrained in the ImageNet dataset, and
transfer learning was applied before training on the HIST images by retraining the top
layers. The model was tasked with classifying the HIST images into four classes: normal
tissue, benign lesion, in situ carcinoma, and invasive carcinoma and was evaluated on a
blind test set containing 100 images. The results showed the ResNet performed with an
accuracy of 93.00% on the validation dataset, 90.00% on the test dataset, and 76.00% on
the blind test dataset.

Jiang et al. [102] proposed a novel CNN architecture to classify breast HIST images. The
model architecture is composed of a convolutional layer, a small squeeze-and-excitation
module, and a fully connected layer. The authors also proposed a new learning rate sched-
uler based on the Gaussian error function, named Gauss error scheduler, which is com-
posed of three stages: (i) the scheduler provides a large learning rate for the model, avoid-
ing sharp basins during gradient descent; (ii) the scheduler attenuates the learning rate
automatically; (iii) the scheduler provides a small learning rate to the model, so it con-
verges on the nearest local minimum. This study used images from the BreaKHIS dataset.
The ResNet model was trained to perform binary and multi-class classification on breast
HIST images. For the binary classification, the model was trained to classify the images
as either benign lesions or malignant lesions. In the multiclass classification setting, the
model is trained to classify the HIST images into Adenosis, Fibroadenoma, Tubular Ade-
noma, Phyllodes Tumor, Ductal Carcinoma, Lobular Carcinoma, Mucinous Carcinoma,
and Papillary Carcinoma, where the former four are benign and the latter four are malig-
nant. The experimental results showed the model performed under binary classification
with accuracy of 98.87%, 99.04%, 99.34%, and 98.99%, for the 40x, 100x, 200x, and
400x magnification factors, respectively. Multi-class classification for the eight sub-types
showed an accuracy of 93.81%.

Ahmad et al. [82] presented a breast HIST classification method using the ResNet50
CNN. Dataset was part of the 2018 BACH-challenge. Preprocessing stain normalization
by transforming the RGB image into the decorrelated LAB color space while applying his-
togram matching techniques to the mean and standard deviation of each color channel.
In order to increase the dataset size, the authors extracted 512x512 patches from each
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image, with 50% overlap between patches, and performed data augmentation using rigid
transformations, rotation, and horizontal and vertical mirroring, resulting in a total of
14000 patches. The model was pretrained in the ImageNet dataset and transfer learning
was performed before fine-tuning on the HIST images. The results for patch-wise classifi-
cation show the ResNet50 perform with an accuracy of 90.68% for the validation dataset
and accuracy of 94.50% and AUC of 0.99 for the test dataset. Under the whole image clas-
sification setting, the ResNet50 performed with an accuracy of 89.58% for the validation
dataset and an accuracy of 97.5% and AUC of 0.99 for the test dataset.

2.5.3 Segmentation

Breast tumor segmentation, in any imaging modality, is a process that is still widely per-
formed in a manual or semi-automatic manner, and therefore is prone to human error
[103; 104]. However, over the past decade, several studies have been published explor-
ing the benefits and potential of applying segmentation algorithms as part of the breast
cancer diagnostics workflow. A total of 16 studies were considered for the breast cancer
segmentation task. Table 2.4 shows such studies that used machine learning methods for
breast cancer segmentation tasks, along with the imaging modality, and reported evalu-
ation metrics. A variety of methods have been designed for segmentation over the years,
with a significant increase in DL approaches in the recent years. Out of all diagnostic tasks,
segmentation was the most inconsistently reported in terms of evaluation metrics. Out of
the selected studies, less than half of the authors reported the accuracy and recall perfor-
mance of their models, and less than one fourth of the authors reported the precision. As
we can see in Fig. 2.7, most of the reviewed segmentation studies focused on using DBT
[74; 105; 106; 107; 78] and MRI [75; 87; 91; 92] modalities. A total of 9 studies reported
using DL methods, while 7 reported using classical methods for the segmentation task.

2.5.3.1 Segmentation in Mammographic Images

Cao et al. [83] proposed a novel segmentation method for breast masses named Cascaded
Network (CasUNet). This study presents am architecture containing six U-Net subnet-
works of varying depths with cascaded adjacent outputs. The depths of each sub-network
in CasUNet increases sequentially, allowing the model to extract higher-level semantic
features. The authors reported this to be beneficial to subsequent pixel-level classification.
The authors used 410 images from the INbreast [50] and DDSM [48] datasets. Data aug-
mentation was performed to increase the number of training samples by applying back-
ground migration on the original data. Reported performance results were separated by
dataset, where the performance on the INbreast dataset showed an IoU of 0.891, Dice co-
efficient of 0.942, recall of 00.943, and a specificity of 0.996 for 116 testing images, while
the performance on DDSM dataset was IoU of 0.863, Dice coefficient of 0.925, recall of
0.911, and specificity of 0.996 for 10480 testing images. This study presented a multi-
stage cascaded training and prediction method with significant performance in segment-
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Table 2.4: Performance of the selected studies for Segmentation task. NA = Not Reported

by the authors.
Year Study Modality Method Accuracy Precision Recall AUC
2011 [74] DBT FCM NA NA NA NA
2012 [75] MRI SVM NA NA NA NA
2012 [105] DBT EM NA NA 0.98 NA
2013 [108] HIST HyMaP NA 0.93 0.86 NA
2014 [87] MRI MLP 0.95 NA NA NA
2015 [109] HIST GCB 0.87 NA NA NA
2017 [106] DBT GMM NA NA NA NA
2018 [107] DBT U-Net NA NA NA NA
2018 [110] HIST SFS NA NA NA NA
2019 [111] US ANN 0.93 NA NA NA
2019 [91] MRI U-Net 0.76 NA NA NA
2019 [92] MRI U-Net 0.94 NA NA NA
2019 [112] US CNN 0.90 0.79 0.89 NA
2020 [78] DBT M-RCNN NA 0.93 0.90 NA
2021 [83] MG CasUNet NA NA 0.99 NA
2021 [84] MG CNN 0.99 0.98 0.99 0.99
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Figure 2.7: Distribution of selected studies performing segmentation task per imaging
modality. and Machine learning method used for segmentation task. *Includes ANN and
MLP. ** Includes any variation of CNN.
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ing breast masses. By using two publicly available datasets and data augmentation, the
authors were able to increase the total number of images available. However, as reported
by the authors, the samples used from the DDSM dataset were manually selected, and a
complete unbiased sample selection would be necessary to validate the model’s perfor-
mance.

Salama et al. [84] presented a new framework for breast cancer classification and seg-
mentation using digitized MG, focusing on high accuracy performance and low compu-
tational time. This framework builds upon the MIAS [53], DDSM [48] and CBIS-DDSM
[49] datasets as image sources. Data augmentation is used to increase dataset size and
introduce variability. The authors proposed a model based on the U-Net architecture for
the segmentation portion of the framework. Transfer learning was also applied by using
weights of a network that had already been trained on another dataset. The combina-
tion of data augmentation and transfer learning is essential to reduce overfitting of the
pretrained model, while also helping the model generalize. The segmentation evaluation
metrics reported by the authors were IoU and Dice coefficient scores. Using only MLO
(mediolateral oblique) view images, the proposed segmentation model showed perfor-
mance of 90.58% IoU and 90.18% Dice coefficient. This work also reported the model’s
performance when combining MLO and CC views, resulting in 94.89% IoU and 94.79%
Dice coefficient scores. The framework showed itself adequate for preprocessing, training,
and evaluating the performance of a segmentation model. Through data augmentation,
transfer learning, and a combination of MLO and CC views as input images, it was made
possible to increase the model’s performance by over 4% in both IoU and Dice coefficient
scores. More importantly, the use of adequate evaluation metrics help to clearly reflect
the model’s performance.

2.5.3.2 Segmentation in Magnetic Resonance Images

Hassanien et al. [75] proposed a segmentation method for breast MRI using Pulse Cou-
pled Neural Networks (PCNNs) together with wavelet-based feature extraction and SVM.
This study builds upon a dataset composed of 120 breast images containing both normal
and abnormal samples, where 70 of these images were normal, 50 were of benign and
malignant masses. To compensate for the difference in the images due to varying acqui-
sition conditions, the images were preprocessed using fuzzy type-II algorithm to enhance
the contrast. Next, the PCNN model is used to detect the boundaries of the masses and
segment candidate regions. After the segmentation, a series of wavelet-based features are
extracted from these segmented regions, such as average multi-resolution local contrast
entropy, root mean square error, angular second moment, contrast, dissimilarity, corre-
lation, inverse difference moment, standard deviation, average of detailed wavelet coeffi-
cient, and sum of square of detailed wavelet coefficient. Finally, the extracted features are
fed into a SVM for binary classification into normal or abnormal images. This study pre-
sented a preprocessing method capable of normalizing images with varying acquisition
conditions, which can potentially improve the performance of a ML. model. However, the
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small dataset used for this study limits the understanding of the proposed model’s real
performance on other real clinical data.

In a following study, Hassanien et al. [87] introduced a hybrid approach to breast MRI
segmentation combining an ant-based clustering approach, fuzzy sets, and a neural net-
work classifier. This study took advantage of the same fuzzy type-II algorithm from previ-
ous studies to preprocessing the images. During the segmentation phase, an adaptive ant-
based algorithm was used. Once the ROI has been segmented, twenty statistical features,
including area, Euler number, diameter, contrast, correlation, energy, and homogeneity
were extracted. Finally, the extracted features served as input to the neural network clas-
sifier. The authors evaluated the performance of the segmentation by finding the propor-
tion of correctly segmented pixels to the total number of pixels for each segmented object,
where the proposed method showed an average accuracy of 95,10%, an improvement of
over 4% from the ant-based clustering method used as baseline that showed an average
accuracy of 90,70%. However, the authors lacked to mention all the extracted features
used in their classification neural network, only mentioning 8 out of the 21 features. Fur-
thermore, the dataset used in the study contained only 25 breast images, with 135 distinct
masses, out of which 9o were used for training and 46 were used for testing. Therefore, a
more extensive evaluation performed on a larger dataset is still needed to test the model’s
performance under varied conditions.

Adoui et al. [91] compared two CNN architectures in the task of tumor segmentation in
breast MRI. The authors used a dataset specific to this study containing Dynamic Con-
trast Enhanced (DCE-MRI) images of 43 distinct patients, 86 magnetic resonance vol-
umes, and 5452 planar slices acquired from a Siemens 1.5T MRI scanner. Training was
conducted on images from 30 distinct patients, a total of 60 volumes, and testing was
performed on data from 13 distinct patients, 26 volumes. The training images were aug-
mented through a series of translations, rotations, flips, and scaling for each epoch of
training, resulting in a total of more than 2 million augmented images over the 500 train-
ing epochs. In this study, the authors implemented two distinct models, the U-Net and
SegNet, presenting a resulting Intersection over Union (IoU) of 0.76 and 0.68, respec-
tively. This study includes an interesting comparison between the predicted segmentation
masks and the ground truth masks by using the IoU metric, as well as the one-sided Mann-
Whitney U test to compare the performance of both models. The study also shows how
authors selected the model’s hyperparameters, such as learning rate, batch size, momen-
tum rate, weight initialization, optimizer, and learning rate decay, through a grid search.
However, due to the limited number of available magnetic resonance volumes, the model
was trained on 2D slices of the available volumes, which can influence the variation of
the predicted masks from the ground truth. Also, the ground-truth masks were manually
generated by a single radiologist, possibly introducing bias to the dataset, and the visual
comparison and evaluation of the model’s results were performed by this same radiolo-
gist, whereas having multiple radiologists for both tasks could help reduce this bias in the
results.
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Zhang et al. [92] implemented a U-Net model to segment and quantify fibroglandular
tissue in 2D breast MRI slices. This work considered 286 unique patients for training
data. The validation dataset was composed of 28 normal patients, where each patient
was scanned by four different magnetic resonance scanners (GE 1.5T, GE 3T, Philips 3T,
and Siemens 1.5T), considering each breast was analyzed separately, resulting in a total of
224 breast images. The authors presented the results from each separate scanner as well
as the overall average for all scanners for the tasks of breast tissue segmentation and for
fibroglandular tissue segmentation, where the former showed a Dice coefficient of 0.86
with standard deviation of 0.05 and correlation of 0.99, and the latter 0.83 with standard
deviation of 0.06 and correlation of 0.98. This study showed an important comparison
of performance of U-Net between different magnetic resonance scanners. However, the
study was only performed on T1-weighted magnetic resonance images, and all patients
analyzed were of the same ethnic group with inherently denser breast tissue. Therefore,
the performance of this model when applied to other magnetic resonance images acquired
using different sequences, such as T2-weighted images, and to patients with varying breast
densities is not explored by the authors.

2.5.3.3 Segmentation in Digital Breast Tomosynthesis Images

Vedantham et al. [74] provided a breast lesion and tissue segmentation method for DBT
images using Fuzzy C-Mean (FCM) clustering. In this study, the images are preprocessed
through the interactive selection of location of the mass from which a volume will be ex-
tracted. Next, each planar slice within the selected volume is normalized by the average
intensity value of all slices. The segmentation method, as part of a complete framework
with the final goal of classifying the breast lesions, uses the FCM clustering algorithm to
classify pixels with similar gray levels into clusters. The FCM algorithm iteratively min-
imizes an objective function dependent on the Euclidean distance of the gray levels of
the pixels to the cluster center. To further refine the segmented area, area filtering was
performed to extract the largest connected area, followed by 3-D void filling, removal of
salt-and-pepper noise through binary opening and closing, and binary erosion smoothing
and binary dilation to smooth the segmented area. However, the authors only presented
visual evaluation of the segmented images, lacking to report any quantitative metric for
the segmentation model in this study.

Thyagarajan et al. [105] presents two segmentation methods for DBT, Expectation Maxi-
mization (EM) and FCM, which are both fully automated clustering techniques. This work
focuses on the segmentation of microcalcifications from various other breast tissues. The
resulting sensitivity values for EM and FCM were 0.98 and 0.97, respectively. The pre-
sented EM method showed potential to not only segment the microcalcifications of the
DBT images, but also distinguish other breast tissues, such as glandular tissue, skin, and
muscle tissue.

Pohlman et al. [106] proposed a segmentation method for DBT volumetric images using
a combination of Gaussian Mixture Models (GMM) based on pixel intensity. The authors
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also considered gray-level variance and image texture, where the distance of each candi-
date voxel from the estimated mass center was considered as a weight for thresholding and
creating the final 3D segmentation of the masses. The authors also provided an interesting
approach to volumetric segmentation when compared to two distinct expert annotations
as ground-truth using Percentage Area Overlap (PAO). The results of this method showed
a median PAO of 0.68, between 0.07 and 0.88 for all 40 masses used in the study. The
GMM method also showed 95% agreement with mas volumes estimated from pathology.
Rodriguez-Ruiz et al. [107] presented a segmentation method of pectoral muscle for DBT
images. The authors proposed a U-Net model capable of segmenting the pectoral muscle
from a plane of the DBT image, using 136 distinct image to train the model. All images
were acquired by a single system, where each image possessed different BIRADs densities
and pathological findings. Once trained, the model was evaluated on 36 DBT images, and
results were presented as Dice Coefficient (DC) of 0.977. When tested on images acquired
by a different system, the model showed a DC between 0.947 and 0.970.

Fan et al. [78] presented an in-depth analysis of their mass detection and segmentation
method in DBT images using 2D and 3D M-RCNN models. Their model was trained and
tested on 201 and 163 distinct DBT samples, respectively. This study shows several dis-
tinct results based on clinicopathological characteristics, such as patient age, tumor his-
tological type, breast density, and tumor maximum diameter. It also reports an average
precision of 0.934, false negative rate (FNR) of 0.053, and FP of 0.8 for their 3D M-RCNN
method with an inference time of only 100 milliseconds per image, and an average pre-
cision of 0.730, FNR of 0.260, and FP of 1.3 for their 2D M-RCNN method with an in-
ference time of 195 milliseconds per image. This study presented an important aspect of
ML research in medical imaging by correlating the model’s performance to specific clini-
copathological characteristics, showcasing their models’ trade-offs between different pa-
tients. However, the test dataset used by the authors contained only 163 distinct images,
a relatively small samples size in general, and even more so when performing subgroup
analysis based on the different clinicopathological characteristics. An evaluation of the
presented method should be per-formed on a larger, more varied dataset to truly validate
the author’s results. Nevertheless, the structured analysis of the clinicopathological char-
acteristics sub-groups described in Fan et al.’s work set an important precedent on how
to evaluate medical imaging ML models.

2.5.3.4 Segmentation in Breast Ultrasound Images

Zeebaree et al. presented a segmentation method for breast US images using a region
growing and Neural Networks [111]. The dataset used in this study was composed of 250
unique ultrasound images, out of which 150 were of benign and 100 were of malignant
tumors. During model training, the authors used 500 sample regions from 25 training
images. The proposed method outperformed other methods such as Otsu thresholding
and k-means clustering by over 10%. However, as stated by the authors, the model per-
forms poorly when exposed to a variety of different tumor sizes and shapes, where using
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a larger dataset, with higher variability of images can mitigate the problem.

Xu et al. proposed a CNN based model capable of segmenting breast US images into skin,
fibroglandular tissue, fatty tissue, and tumor mass [112]. The authors presented exten-
sive model performance metrics including accuracy, precision, recall, Fi-score, Jaccard
similarity index (JSI) and modified Hausdorff distance (MHD) for varying input sizes
of 48x48, 64x64, 96x96, 108x108, and 128x128. The best results were from input size
128x128 which included fi-score of 0.84, JSI of 85.1%, and MHD of 59.03. Xu et al. pre-
sented a fully automatic segmentation method that outperformed other studies by 10%.
This study also provided an in-depth evaluation of the model, providing several important
metrics that should be present in any segmentation study.

2.5.3.5 Segmentation in Histology Images

In this study, Rajpoot et al. [108] proposed a hybrid magnitude-phase (HyMaP) unsu-
pervised segmentation method for histology images. This work builds upon 35 images
taken from distinct breast cancer biopsy slides with a resolution of 2048x2048 pixels.
The segmentation of the Hypo-Cellular Stroma and the Hyper-Cellular Stroma were per-
formed in parallel, where from the former Gabor Texture features were extracted, and
the latter Phase Gradient texture features were extracted, and each was served as input to
a random projection for ensemble clustering method. The performance results reported
were: precision of 0.93, recall of 0.86, Fi-score of 0.89. This study presented a method
of segmenting tumor areas in HIST images, with improved performance in specific ROIs.
However, the small dataset size of 35 images is insufficient to fully evaluate the model,
and further analysis with a larger dataset is needed.

In the work done by Nguyen et al. [109] the authors proposed an automatic glandular
region segmentation method for HIST images. The proposed method, denominated GCB
method, starts by detecting the nuclei and lumen on the HIST image. Next, the detected
nuclei and lumen are filtered to eliminate non-tumor nuclei and eliminating false lumina
regions using a RandFor model. Finally, the GCB method is applied to segment the desired
area by creating a graph where each nucleus and lumen are the vertex, and the connec-
tions between nucleus-nucleus or nucleus-lumen is an edge. Once the graph is created,
it is partitioned recursively into components, removing possible weak links of the graph.
This method showed a unique approach to segmentation, and also provided a method
of grading the segmented areas by quantifying the number of lumen and nuclei in each
region.

In turn, Hinojosa et al. [110] applied a Stochastic Fractal Search (SFS) method for seg-
mentation of HIST images. The authors implemented the SFS method to 10 distinct
HIST images randomly selected from the UCSB benchmark dataset [113]. Three differ-
ent entropies were considered as the objective function of the multilevel thresholding SFS
method, Kapur, Minimum Cross Entropy (MCE), and Tsallis. The results were compared
with other evolutionary algorithms Artificial Bee Colony and Differential Evolution. To
evaluate the similarity of the output for each method, the authors used peak signal-to-
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noise ratio (PSNR) and structure similarity index (SSIM), which are metrics commonly
used in the literature. The different methods were evaluated on a set of 10 distinct HIST
images, with SFS using MCE objective function provided the best results. However, this
study was evaluated on a small dataset of 10 distinct images and require further evaluation
to validate the method’s ability to generalize for other images.

2.5.4 Overview of Al as an asset for breast cancer diagnosis

Although ML and DL techniques have been extensively used for detection, classification,
and segmentation of breast cancer over the last decade, there are still some critical issues
and challenges to be overcome so that these CAD tools can truly be useful in a clinical set-
ting. As we have seen, the rise of both classical ML and DL application on breast cancer
diagnosis has brought promising results to the field. From the considered studies, 25 used
classical ML methods to tackle their respective diagnostic task, while 24 used DL methods,
as shown Figs. 2.5, 2.6, and 2.7. We can notice a sudden shift in 2018 onwards from using
classical ML to DL methods across all diagnostic tasks, such as Yap et al. [61], Alanazi et
al. [94], Ferreira et al. [85], Ahmad et al. [82], Rodriguez-Ruiz et al. [107], and Cao et al.
[83]. One possible reason for this shift is that other fields of research, which have access to
ample data, have developed novel methods, which were later adapted and translated into
the medical imaging diagnostic setting, where data is much more limited, restricted, and
most often more complex. This complexity of medical imaging data makes the application
of the state-of-the-art detection, classification, and segmentation approaches more chal-
lenging CAD solutions. Another known issue is that the development of novel ML and DL
solutions are usually based on established problem models with a large amount of labeled
data, which is vastly different from the issues present in the medical setting.

2.6 What are the different Machine Learning techniques

used for each task?

In this section, we discuss the third research question (RQ4) proposed in section 2.1,
showcasing the different classical machine learning methods and deep learning methods
used for breast cancer diagnosis, along with the application diagnostic task and imaging
modality considered by the authors.

2.6.1 Machine Learning based CAD systems

This section presents the contributions of researchers to the diagnosis of breast carcinoma
using ML techniques. Several studies have explored the potential of classical ML mod-
els for breast cancer detection and classification. Classical ML algorithms are automatic
learning methods that are efficient and designed to learn from training data. During the
training phase, ML methods analyze the input data, identify patterns, and can perform
inference on novel data. ML methods can be split into two groups, supervised learning
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and unsupervised learning. Supervised learning requires the training dataset to have a
ground-truth label for training, while unsupervised learning can be trained without the
need for a labelled dataset. Supervised ML methods can be further applied as homoge-
neous or heterogeneous ensemble techniques. The combination of one ML method as a
backbone and multiple configurations, such as boosting techniques, are considered ho-
mogenous ensemble techniques, whereas the combination of two or more ML methods
as the backbone is considered a heterogeneous ensemble technique. For breast cancer
diagnosis, we found the following major machine learning algorithms in the literature:

2.6.1.1 Decision Tree (DT)

The Decision Tree (DT) is based on classification and regression models. In the model
structure, each internal node corresponds to a particular feature. These models are highly
interpretable and explainable and are extremely useful for exploring the relationship be-
tween features and target outputs. The DT model has been widely used for breast cancer
classification tasks in MRI and US imaging [75; 100].

2.6.1.2 Naive Bayes (NB)

The Naive Bayes (NB) model assumes that all input features are conditionally independent
given the class label. During training, the model calculates the prior probabilities of each
class and the conditional probabilities of each feature given to the class. During inference,
it computes the probability of each class, given the observed features, and assigns the label
with the highest probability. The NB model is highly interpretable and is often used for
classification tasks including breast cancer classification in HIST images [89].

2.6.1.3 Support Vector Machine (SVM)

Support Vector Machine (SVM) is a powerful supervised learning algorithm that is widely
used for both classification and regression problems in several areas. The SVM model de-
termines the optimal hyperplane that best separates the data points of different classes. In
the scenario of nonlinearly separable data, the SVM can use a kernel function to transform
the feature space into a higher-dimensional space. It is one of the most popular machine
learning techniques used for breast cancer detection and classification in MG, MRI, US,
and HIST images [52; 75; 99; 100; 81; 101].

2.6.1.4 Random Forest (RanFor)

The Random Forest algorithm (RanFor) is a supervised learning ensemble model that
can be applied to both classification and regression. It combines the predictions of mul-
tiple decision trees to obtain more accurate and robust results. Each decision tree was
constructed by randomly selecting a subset of features and data samples to ensure diver-
sity among the trees. During prediction, RanFor aggregates individual tree predictions
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by voting for classification tasks. It is a foundational building block of classical ensemble
machine learning methods and has been widely used for breast cancer classification tasks
in the US, MG, and HIST images [99; 89; 100; 88].

2.6.1.5 C-Means algorithm

The Fuzzy C-means algorithm identifies clusters based on feature similarity. In C-means
algorithms, each data point is considered an individual cluster, and clusters that consist
of data points with similar features are grouped together. This algorithm is widely used
for medical imaging segmentation including breast cancer segmentation in DBT images
[74]

2.6.1.6 Gaussian mixture model

The Gaussian Mixture Model (GMM) is a probabilistic classical machine learning model
and is one of the most popular unsupervised learning techniques. The model assumes
that data are generated from a mixture of several Gaussian distributions, each represent-
ing a different cluster. GMM iteratively estimates the parameters of the Gaussian distri-
butions, such as the mean value and covariance matrices, to maximize the likelihood of
the observed data. During clustering, the GMM assigns data points to the Gaussian com-
ponents based on their probability of belonging to each cluster. This model can capture
complex and overlapping distributions, thus making it a soft clustering technique. This
aspect is important for medical imaging applications, in which different tissues might have
overlapping pixel intensity values. GMM has been used for breast cancer segmentation in
DBT images [106].

2.6.2 Deep Learning based CAD systems

Deep-learning-based CAD systems are composed of highly complex and extensive algo-
rithms with multiple layers. These DL algorithms are trained on a large amount of la-
belled data, where the model identifies and extracts the most relevant features from the
input data to optimize its cost function and achieve its target goal. In the case of breast
cancer imaging diagnosis, training DL models requires a large number of expertly anno-
tated diagnostic images, making this a challenging task. Many researchers have applied
DL models originally designed for other applications in various breast cancer diagnostic
tasks (detection, segmentation, classification) as well as developed novel DL model ar-
chitectures specifically for medical imaging applications. Many of these DL architectures
serve as building blocks, and more recent studies have shown the effect of combining as-
pects of different architectures to achieve performance improvement. The major deep
learning algorithms found in the literature are as follows:
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2.6.2.1 Multilayer Perceptron (MLP)

Multilayer perceptron (MLP) is a fundamental deep learning architecture and one of the
simplest forms of artificial neural networks. It consists of multiple layers of intercon-
nected neurons, starting with an input layer, followed by a series of hidden layers, and
ending in an output layer. Each layer of the MLP receives its input from the previous layer,
which consists of a weight and bias for each input, and passes its output result through
an activation function onto the next layer. This multi-hidden layer architecture allows the
network to learn and model complex patterns and relationships in the data, and automati-
cally selects features to achieve its target goal. During training, the MLP adjusts its weights
through backpropagation to minimize the error between the predicted and ground-truth
outputs, thereby optimizing its cost function. Compared to more recent architectures,
MLP is technically simple, but this architecture has proven to be effective in breast cancer
diagnosis in MRI applications [87] and has served as a foundational building block for
more sophisticated neural network architectures developed in recent years.

2.6.2.2 Convolutional Neural Networks

A Convolutional Neural Network (CNN) is a powerful and widely used machine learning
architecture designed specifically for image processing tasks. CNNs automatically extract
intricate patterns and features from raw pixel data such as pixel intensity and image tex-
tures while preserving special relationships. What differentiates the CNN from previous
architectures is the use of convolutional kernels in its layers, which slide over the input
image and create feature maps based on extracted features. To mitigate the increase in
spatial dimensions, feature maps are downsampled through pooling layers while preserv-
ing the essential information. CNNs have become widely popular in several breast cancer
diagnostic tasks [79; 81; 102; 82; 112; 78; 94; 84] owing to their ability to accept images as
inputs. CNNs have also served as a building block for more sophisticated DL architectures
such as UNet [61], LeNet [61], and RCNN [78]

2.6.2.3 LeNet

LeNet is a foundational deep learning architecture composed of convolutional layers. A
more recent implementation of LeNet is GoogLeNet, also known as the inception network,
which consists of inception modules capable of efficiently extracting multi-scale features
from images. The inception modules apply multiple kernel sizes and pooling operations
in parallel, extracting both local and global image information from the input. Although
GoogleNet was initially designed for natural image applications, it has since been suc-
cessfully applied to the medical imaging domain [81; 61]. The development of GooglLeNet
has played an important role in the development of subsequent, more recent deep learning
models such as ResNet.
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2.6.2.4 ResNet

The Residual Network (ResNet) architecture addresses the problem of vanishing gradi-
ents in very deep neural networks by introducing residual blocks containing skip con-
nections between layers, thereby allowing the network to learn residual mappings from
previous layers. Learning the residual information between the input and output of a layer
permits the creation of truly deep neural networks with several layers while maintaining
efficient training and avoiding the degradation problems often encountered in traditional
network architectures. This has led to ResNet becoming a cornerstone architecture for
various computer vision tasks, including breast cancer diagnosis [85; 82; 102; 86]. The
groundbreaking concept of skip connections has led to the development of even more
powerful machine-learning architectures, such as UNet [61] and FASTER-RCNN [93].

2.6.2.5 UNet

UNet is a deep learning architecture that was originally designed for biomedical image
segmentation but has since been widely used for applications in various fields. The U-Net
architecture comprises an encoding pathway and a decoding pathway connected through
skip connections, forming a U-shaped network. The encoding pathway captures the fea-
tures of the input image through convolutional and pooling layers and progressively re-
duces the spatial dimensions. Once the data has been reduced to its lowest spatial di-
mension, the decoding pathway then performs upsampling and concatenates the feature
maps from the corresponding encoder layers through skip connections, allowing precise
localization of the segmented objects. U-Net’s ability to handle limited training data and
its success in accurately segmenting objects with irregular shapes and varying sizes have
made it a popular choice for breast cancer segmentation [61; 107; 92; 91]

2.6.2.6 Faster-RCNN

The Region-based Convolutional Neural Network (Faster-RCNN) improves on previous
CNN-based deep learning models by integrating a Region Proposal Network (RPN) into
the architecture. A faster R-CNN consists of a shared convolutional backbone respon-
sible for feature extraction and an RPN that generates region proposals from these fea-
tures. RPN proposes potential object regions, and a subsequent detection network clas-
sifies these regions. Faster R-CNN has become one of the fundamental architectures for
various object detection applications, including breast cancer detection in ultrasound im-

ages [93].

2.6.2.7 Cascaded UNet

The Cascaded UNet (CASUNet) architecture comprises a series of sequentially deeper
UNet subnetworks with cascading adjacent outputs. This allowed CasUNet to extract
higher-level semantic features. This DL architecture was proposed as a breast cancer mass
segmentation method for mammographic images [83].
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2.6.2.8 FCN-AlexNet

The FCN-AlexNet architecture combines a Fully Convolutional Network (FCN) with the
AlexNet architecture, is widely used for semantic segmentation tasks, and can classify
each pixel in an image into predefined classes. FCN-AlexNet replaces the fully connected
layers of the original AlexNet with convolutional layers, removing the size restrictions of
the input images, resulting in a dense pixel-wise prediction. FCN-AlexNet uses skip con-
nections to capture both low-level and high-level contextual information. This architec-
ture has been proven to be effective for breast cancer diagnosis using ultrasound images
[61].

2.6.2.9 M-RCNN

Mask R-CNN (M-RCNN) builds upon the Faster-RCNN framework and extends it to in-
clude pixel-level segmentation. M-RCNN introduces an additional branch to the Faster-
RCNN model that generates segmentation masks for each region proposal, enabling the
accurate segmentation of individual objects within an image, combining region proposal
generation, object detection, and instance segmentation in a unified framework. M-RCNN
uses a Fully Convolutional Network (FCN) to predict masks for each detected object, al-
lowing precise delineation of object boundaries and has proven to be highly effective for
instance segmentation in a wide range of applications, including breast cancer segmenta-
tion in DBT images [78].

2.6.3 Overview of Al in breast cancer diagnosis

Over the recent years, there has been an incredible amount of research dedicated to ML
and DL method applied to breast cancer diagnosis across the different imaging modalities.
Mammography is one of the most popular imaging modalities in breast cancer diagnostic
research. From all the selected studies, seven used MG images as input data. Out of these
seven studies, three focused on the task of detecting breast cancer using distinct methods
[39; 38; 76], two focused on breast cancer classification [52; 88], and two studies pre-
sented results on segmentation [83; 84]. In regards to detection, the study by Zhang et al.
[39], microcalcifications in MG images are automatically detected using Support Vector
Machines (SVM). Becker et al. [38] evaluated the diagnostic accuracy of a commercial
multipurpose DL-based software when applied to breast cancer detection in MG images.
Rodriguez-Ruiz et al. [76] performed breast cancer detection in MG images using a Deep
Neural Networks (DNN) based CAD system. As for classification, Ramos-Pollan et al. [52]
proposed a model for classification of breast cancer masses in MG images using SVM. In
the study by Darweesh et al. [88], the authors presented a hierarchical method for breast
cancer classification in MG images using a Random Forest (RandFor) model. Finally, for
segmentation, Cao et al. [83] proposed a DL convolutional model for segmenting breast
cancer masses. The study by Salama et al. [84] presented a CNN based method to segment
breast cancer in digitized MG images. As the studies in this section show, there has been
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a wide interest in the development of Al-based CAD methods for breast cancer diagnosis,
including the use of ML and DL techniques. The main objective of these methods has been
to provide additional information to healthcare professionals to perform a more accurate
diagnosis through automated breast cancer detection, classification, and segmentation. A
variety of different approaches have been proposed over the past decade for each of the
diagnostic tasks, ranging from classical Al approaches such as SVM [39] and ACO [77] to
DL models ResNet50 [82] and U-Net [107]. This field of research has shown consistent,
gradual improvement in performance of each given task, as we have shown in Section 2.6.
However, with the rise of DL. models, comes the need for large, clean, accessible, represen-
tative datasets for training, as we discussed in Section 2.3. Another challenge in medical
Al is the evaluation and benchmarking of the developed models, where the correct use of
evaluation metrics are essential for model validation, and will be discussed in Section 2.7.

2.7 What are the most common evaluation metrics used?

This section reviews the most common metrics used in the evaluation of ML methods
applied to breast cancer imaging tasks. Considering the variety of tasks, such as clas-
sification, detection, and segmentation, there are several metrics that can be applied to
evaluate a model’s performance. Accuracy, precision, recall, specificity, false positive rate
(FPR), and F1 score are the most common metrics for measuring the performance of clas-
sification methods and are calculated based on the quantification of true positive (TP),
true negative (TN), false positive (FP), false negative (FN) samples in the dataset. Recall
can also be referred to as sensitivity, or true positive rate (TPR). These metrics are given

by:
Accuracy = IP+TN (2.1)
YSTP+TIN+FP+FN
. TP
Precision = TP+ FP (2.2)
TP
Recall = TPLFN (2.3)
e TN
Speci ficity = TN+ FP (2.4)

Pl 2 X Precision x Recall

(2.5)

Precision + Recall
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P

FPR=tp 7N

(2.6)

These metrics are also used to evaluate the performance of detection methods, in addition
to IoU of the bounding boxes created by the detection model. IoU, also referred in some
studies as the JSI, is one of the principal metrics used to measure the performance of
segmentation methods, considering the relation between TP, FP, and FN, and is described
by:

B TP
TP+ FP+FN

IoU (2.7)
Segmentation methods are also evaluated by the Dice coefficient, such as the work pre-
sented by Rodriguez-Ruiz et al. [107], which is given by:

2xTP

Dice — .
e = o TP Fp i PN 2P

where in IoU and Dice coefficient TP, TN, FP and FN are pixel-wise measurements.
When comparing the similarity between images, such as when comparing segmentation
results, it is also possible to use PSNR and SSIM:

PSNR = 20log,, < (2.9)

25
RMSE

pr,pr, + C1)(201,1, + C2)
(47, +ni, +Ci)(0F +o07 +Co)

SSIM (14, 1) = (2.10)

where yi1,, 07, and pp,, o, are the mean and standard deviation of the ground-truth and
segmented images, I, and I, respectively; o7, 7, is the covariance of I, and I,; C; and Cs
are stability constants in case u%g + p7, ~ 0; RSME is given by

(2.11)
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RSME = (

where n x m is the resolution of both ground-truth and segmented images, I, and .
Another way to evaluate the performance of a segmentation method is through the MHD,
as shown by Xu et al. [112]. In their study, MHD was used to compare the distances
between two sets of pixels A and B (images), and can be defined as:

MHD = max{rgleazc{gréig{d(a, b)}},lgleaé({%ig{d(a, b}t (2.12)

where d(a, b) is the Euclidean distance between the pixels ¢ and b. A lower MHD value
indicates a smaller distance between the two sets of pixels, and therefore a better perfor-
mance.

The AUC is the area under the Receiver Operating Characteristic (ROC) curve, which
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graphically plots the TPR versus the FPR. The AUC represents the probability a classi-
fier will correctly classify a binary instance, when using normalized units, and is given by
the following integral:

AUC = / TPR(T)FPR (T)dT (2.13)

where T is the varying parameter.

In some cases, such as in Hassanien et al. [75] a variation of a commonly used metric
is applied. The authors used a metric denominated as accuracy rate to evaluate the seg-
mentation model, which represents the accuracy of a segmented area for a specific class
in relation to the area in the ground-truth mask, defined as:

yny

AR v

(2.14)

where Y and Y are the segmented area and ground-truth mask, respectively.

In the work by Pohlman et al. [106] on segmentation of DBT images, specific methods had
to be considered to account for the discrepancy in the annotations from two distinct ex-
perts as ground-truth. The authors used a probability-weighted Percentage Area Overlap
(PAO), where the overlap in which both annotations agree possessed double the weight of
areas where the annotations disagreed, as per the following formula:

2I+SNA+5NA,

PAO = —
U+2I+2(A10A2)+2(SQA10A2)

(2.15)

withU = SUA; UAs and I = SN A; N Ay, and where A; is the first annotation, A,
is the second annotation, S is the predicted segmented area, A; and A, are the areas not
annotated by the experts.

2.7.1 Overview of Evaluation Metrics

Model evaluation is the final step in the development process of novel ML and DL meth-
ods. Evaluating models requires choosing an adequate evaluation metric. However, as
seen above, the evaluation of a model can sometimes done using an inadequate metric,
or even a subjective approach. This is especially true for the breast cancer segmentation
studies reviewed. Typical detection and classification metrics (accuracy, precision, re-
call, AUC) do not reflect the real performance of segmentation models, whereas IoU or
Dice are much better options for this type of model. Still, in the medical imaging set-
ting, evaluation of results with traditional metrics may not necessarily reflect the desired
clinical application. It is more important to guarantee a model’s robustness, even if this
means overestimating a segmentation, than minimizing the evaluation metric and un-
derestimate the segmentation of a cancerous mass. Therefore, it is important to use the
adequate evaluation metrics, but also important to keep in mind the clinical application
when developing and evaluating a model.
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Figure 2.8: Number of reported images used per study. * Indicates studies that used a
custom dataset in part or in full. ** indicates studies that performed data augmentation.

2.8 What are the current key challenges in breast cancer

diagnostic research?

In order to perform an in-depth analysis of the different datasets and ML models found
in the literature, the key challenges that currently exist in this field of research were iden-
tified and are discussed in this section.

The biggest challenge in medical imaging diagnostic research is the availability of large
amounts of data, which is also the case for the subarea of breast cancer diagnostics. The
lack of available data reflects the time and effort required by experts to annotate a dataset.
This is particularly true in the case of segmentation datasets. Most of the reviewed studies
used custom privately acquired datasets, as shown in Fig. 2.8, which makes it difficult
to compare the results from models trained on different datasets. There is also a lack of
clear benchmarks for different imaging modalities and diagnostic tasks. As can also be
observed in Fig. 2.8 the total number of reported images used for many of the studies
was relatively low, and studies that reported using a greater number of images performed
data augmentation, such as the case of Han et al. [81]. Ahmad et al. [82] and Adoui et
al. [91], or combined a publicly available dataset with additional custom data, such as
Rodriguez-Ruiz et al. [107], Samala et al. [84], and Yep at al. [93].

Services such as The Cancer Imaging Archive (TCIA) [65] help researchers by hosting
a large anonymized publicly available archive of different medical images of cancer from
several anatomical regions, including the breast. In this review, the two most cited datasets,
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DDSM [48] and MIAS [53], with 55890 and 322 images, respectively, provide researchers
with MG images and a ground-truth segmentation mask and ROI, respectively. One solu-
tion for the small size of available data is the implementation of data augmentation tech-
niques, as seen in some of the reviewed studies and exemplified by Han et al. [81]. Ahmad
et al. [82] in Fig. 2.8, the dataset size can be significantly increased. The task of breast
cancer detection showed a variety of ML methods ranging from SVM to CNNs. The stud-
ies in this task consistently reported recall as an evaluation metric of their models, and
some authors have also reported precision and AUC. Breast cancer classification was the
task with the greatest number of published studies. The studies regarding the breast can-
cer classification task were also consistent with the method of evaluation, where nearly
all the authors presented results of the model’s accuracy, and nearly half of the authors
presented AUC. However, most studies have used a relatively small dataset with limited
image variability. This can lead to a significantly inferior model performance outside the
experimental settings. An exception was the study conducted by Han et al. [81] which re-
ported using 7408 distinct images in addition to performing data augmentation, resulting
in a total of 967113 usable images. Finally, for the segmentation task, less than half of the
authors reported metrics that are relevant to evaluating segmentation performance, such
as PAO, Dice Coefficient, IoU, or JSI. Some of the other reported metrics, such as accuracy
or f-1 score are ambiguous for this task and do not effectively reflect the performance of the
evaluated method. In some cases, a purely visual comparison of the results is presented,
making the validation of the method subjective. The reason for the choice in evaluation
metrics is not apparent; however, we hope that with this review, researchers can better
select an adequate method of evaluation of their breast cancer diagnosis-related studies.

2.9 Conclusion

This review presents a summarized and updated compendium of different machine learn-
ing techniques, tasks, datasets, and imaging modalities involved in CAD for breast cancer
and radiology. Contrary to other published reviews, which provided a narrower explo-
ration of the topics involving breast cancer imaging, in this review, we presented all the
relevant areas and aspects of machine learning applied to breast cancer diagnostics, where
each method, dataset, and technique was organized based on the different tasks they were
designed to solve by their respective authors. Among the various breast cancer diagnostic
tasks, the application of deep learning methods has increased in recent years. However, it
is important to note that for these methods to outperform previous methods such as SVM,
a large, varied dataset is required. Datasets with extensive, varied data are not easily ac-
cessible and usually require an application process to access a subset of the data, such as
the case with the CSAW [54] and OMI [51] datasets. The final goal of this review is to
provide readers with a guided roadmap that they can use to understand the most suitable
strategies for addressing each of the specific breast cancer imaging tasks, identify which
approach has shown better performance in solving these tasks, and identify the most suit-
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able evaluation metric for each task. We also organized and extensively described the
available breast cancer datasets, outlining the features, dataset size, and possible applica-
tions of each dataset. Despite the seemingly good results for most of the reviewed studies,
it is important to note that several of these studies used small datasets, and most reported
evaluation metrics that did not effectively represent the model’s performance for the task
at hand. We observed that the performance of the SoA is far from a reliable range for use
in clinical settings, and it requires more attention to introduce novel datasets and propose
more robust methods. There are still many limitations that need to be overcome in breast
cancer diagnostic research, in terms of data availability, model validation, and reporting
practices.
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Chapter 3

Generative Adversarial Networks for
Controlled Synthesis of Digital Mammograms

Abstract. Breast cancer is the most common type of cancer among women and its early
detection through screening can safe lives. Machine learning methods have been de-
veloped to assist medical professionals in the diagnosis of breast cancer, but their de-
velopment requires a large number of annotated images. Generative Adversarial Net-
works (GANs) are capable of producing realistic images by learning the distributions of
the datasets they are trained on. In this chapter, we propose a method for generating
synthetic mammogram images using customizable templates and perform a multi-GAN
and multi-resolution study to evaluate the generative capabilities of the GAN models. We
trained the GANs using images from the CBIS-DDSM dataset and evaluated their per-
formance using statistical and feature-based metrics. Our results show that the UNet,
ResUNet, and Attention-UNet models are effective at generating images with similar vi-
sual and topological qualities to real images, and could be useful for data augmentation
in breast cancer detection, classification, and segmentation tasks.

3.1 Introduction

Breast cancer is a leading cause of death in women worldwide [1]. A total of 339,250
new cases of female breast cancer and 43,250 new deaths in the female population due
to breast cancer were estimated for 2022 in the United States alone [2]. Early detection
of breast cancer through screening can greatly improve survival rates [3]. However, large
scale screening is an extensive process and requires a specialized workforce. Computer
Aided Diagnostics (CAD) systems have been developed to assist radiologists in the diag-
nosis process, increasing the efficiency of the screening process. For the past few decades,
the rise of Machine Learning (ML) has greatly leveraged the development of CAD systems.
In recent years, Convolution Neural Networks (CNNs) have greatly contributed to the ad-
vancement of state-of-the-art CAD systems capable of performing breast cancer diagnosis
tasks such as detection, classification, and segmentation [4]. However, the use of ML in
medical imaging diagnostics is still limited by the availability of data required to train ac-
curate ML models. In several medical imaging domains, datasets have limited availability
due to privacy restrictions, the need for expert annotators, and the exclusive ownership of
data across different medical centers. Another common issue in medical imaging data is
class imbalance, where “healthy” images greatly outnumber images with findings, such as
confirmed breast cancer masses. Over the years, researchers have proposed techniques
to combat lack of data, and reduce overfitting of ML, models. One technique used is to use
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data augmentation to increase the size of a dataset. Data augmentation performs affine
transformations on the existing data, such as flipping, resizing, cropping, among others
[5; 6;7; 8; 9].

Another possible approach is to generate synthetic images to increase dataset size. The
use of synthetic images can improve the performance of detection, classification, and seg-
mentation ML methods [10; 11; 12; 13; 14]. Generative Adversarial Networks (GANs)
[15] have the potential to synthesize highly realistic images, and have been used by re-
searchers for data augmentation in several recent domains [16; 17], including medical im-
ages [18; 19; 20]. GANs are a type of ML model that operate by the adversarial positioning
of two CNN models against each other, the Generator Model (Gm) and the Discriminator
Model (Dm). In this medical imaging context, the Gm is tasked with synthesizing images
from an input containing random noise [15] or a template [18]. The Dm is tasked with
identifying if the synthetic images generated by the Gm belong to the model data distri-
bution or the training data distribution. The adversarial interaction between these two
models enables the Dm to estimate the probability that a sample image came from the
training data rather than images generated by Gm [15]. After fully training the GAN, the
resulting Gm can be used for synthetic data generation and has been a topic of research
in many imaging domains [21].

The key contributions of this chapter are as follows:

1. We propose a complete user-controlled pipeline for generating synthetic mammog-
raphy images. The pipeline is composed of a template-creation step, followed by a
synthetic breast cancer mammography image generation step.

2. We compare different Gm architectures in a GAN model to generate controlled, high
quality synthetic breast cancer mammography images that can be used for detection,
classification, and segmentation tasks. This is achieved by providing the model with
an input template that contains a label for breast cancer masses, dense tissue, and
fatty tissue.

3. We evaluate the generated images using several metrics, such as Frechet Inception
Distance (FID) [22] and Kolmogorov-Smirnov (KS) distance. Our results show that
GAN models with Attention-UNet, and ResUNet architectures outperform the other
models, achieving high quality synthetic images with a low FID and KS distance.
Additionally, the UMAP analysis shows that the generated images are topologically
similar to real images. These results demonstrate the potential of using GANs with
U-shaped architectures for data augmentation in breast cancer mammography.

The remainder of this chapter is organized as follows. In Section 3.2, we describe the
methodology used in our study, including the dataset, GAN architecture, and evaluation
metrics. In Section 3.3, we present the results of our experiments, including a comparison
of the different GAN architectures and an analysis of the generated, synthetic images. In
Section 3.4, we discuss the implications of our results and suggest future directions for
research. Finally, in Section 3.5, we provide a conclusion of our study.
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CBIS-
DDSM

Dataset

(d)

Figure 3.1: Histogram segmentation of the different breast tissues: (a) original mam-
mography image from dataset; (b) adaptive histogram thresholding of pixel values from
original image; (c) dense tissue (green) and fatty tissue (orange); (d) manually segmented
breast cancer mass mask from dataset; (e) final template containing all tissue types from
original image.

3.2 Methodology

3.2.1 Mammogram template generation

The models were trained with images from the CBIS-DDSM dataset [23; 24], available at
The Cancer Imaging Archive [25]. This dataset provides a binary mask of the breast cancer
mass for each training image. To generate the individual masks for fatty and dense tis-
sues, the mammography images were subject to adaptive histogram thresholding based
on pixel intensity values [26]. Fig. 3.1 shows an example of the input data and the his-
togram segmentation of the fatty tissue and dense tissue from the original image. Once
all templates were generated, they were paired with their respective original real image in
the training dataset.

3.2.2 Image Preprocessing

Preprocessing the training dataset is an important step before training any image-based
deep learning model, this is especially true for medical images [27; 28]. All original real
images and their respective templates were preprocessed. During the preprocessing stage
all the images are resized to 128 x 128, 256 x 128, 256 x 256, 512 x 256, and 512 x 512 pixels
during their respective model iteration. Some images in the CBIS-DDSM dataset contain
artifacts on the outer edges of the images, so the outer edges of the images were cropped
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(a) (b)

Figure 3.2: Examples of image augmentation performed on the training dataset: (a) origi-
nal real image; (b) resulting image augmentation including translation, rotation, flipping,
scaling, cropping, and obstruction. Same augmentations were applied to the real image’s
corresponding template.

and resized again to their original dimensions using bi-cubic interpolation. Pixel values
of the input original real images were normalized to a [-1,1] scale. In the last stage of pre-
processing, the input original real images and their respective templates were subject to
standard data augmentation techniques, such as shear, mirror flip, random tilt within 15
degrees, random crop, random jitter, gamma adjustment, and partial obstruction. These
data augmentation techniques are essential to increase the number of training samples
and teach the GAN the desired representation of the mammography images. An example
of image augmentation performed on the input image is shown in Fig. 3.2.

3.2.3 Generative Model Backbone

For the Gm part of the GAN model, we considered the UNet[29], Attention-UNet [30],
FCN [31], and ResUNet [32] architectures. The UNet [29] architecture is a fully convo-
lutional network and is composed of two distinct halves, the contracting half, and the
expanding half. In the contracting half the input image is subject to a series of downsam-
pling steps, consisting of 2D convolutional layers each followed by a batch normalization
layer and a leaky rectified linear unit (LeakyReLU) activation function. The downsam-
pling steps reduce the spatial dimensions of the input image while increasing the number
of feature maps, which function to extract features from the input image. The batch nor-
malization layer helps reduce the UNet’s internal covariate shift, stabilizing the training
process, while the LeakyReLU helps to reduce the vanishing gradient problem. After each
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step, the number of feature channels is doubled, starting at 64 and ending at 512. Once the
maximum number of channels is reached, a bridge layer is used to transition the features
from the contracting half to the expanding half. In the expanding half of the UNet, each
upsampling step consists of a 2D convolutional transpose layer with a 0.5 dropout rate,
followed by a batch normalization and a rectified linear unit (ReLU) layer. Each upsam-
pling step halves the number of feature channels, staring at 512 and ending at 64. Also,
each upsampling step concatenates its output with the corresponding downsampling step
that matches its number of feature channels through skip connections. At the final layer a
2D convolutional transpose layer with tanh activation is used to map each 64-component
feature vector to the corresponding output image shape. Attention-UNet [30] is a neural
network architecture which contains attention gates (AG) able to identify the input im-
age’s salient features. This is achieved by incorporating the AG on the ends of the skip
connections of the UNet architecture. The feature information extracted from the coarser
image layers is used by the AG mechanism to remove noisy responses before concatenat-
ing with the finer image layers. With this, the AG filters neuron activations during both
the forward and backward pass, causing the gradients corresponding to background re-
gions to be down weighted during the backward pass. This allows model parameters in
the contracting half of the UNet to be updated based on relevant spatial regions, while
giving less importance to background regions. Attention U-Net has been previously ap-
plied to several other use-cases in medical imaging [33; 34; 35]. The FCN [31] architecture
is, as the name states, a fully convolutional neural network and has been widely applied
to imaging tasks, such as segmentation [36; 37]. Each convolutional layer extracts fea-
tures that are passed through ReLU, and pooling layers. Next, these features are fed into
a fully connected convolutional layer, where the neurons have connections from all the
features in the preceding layer in a 3D arrangement. This allows the network to generate
spatially relevant coarse feature maps. Finally, a 2D convolution transpose layer brings
the coarse feature map to the original image resolution. ResUNet [32] is an architecture
which combines the contracting and expanding aspect of the UNet with modified resid-
ual blocks of convolutional layers [38] to mitigate the vanishing and exploding gradient
problems common to deep neural networks. A residual block is placed after each 2D con-
volutional layer. Each residual block is composed of multiple parallel atrous convolutions
[38; 39; 40] varying in dilation rates. This multi-scale approach increases the receptive
field of each layer, enabling for the extraction of object features at various scales. Finally,
to include background context information, a pyramid scene parsing (PSP) pooling layer
[41] is added at the bridge layer between the contracting and expanding halves of the net-
work, and another PSP pooling layer is added before the final layer.

3.2.4 Different GAN Hyperparameters

Developing a proper GAN model is a combination of model architecture, data quality and
hyperparameters. To successfully train a Gm and Dm, the correct and appropriate param-
eters and hyperparameters to ensure that the desired GAN is not just stable but converges
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in reasonable time. Hence, it becomes necessary to know which parameters need to be
fine-tuned during training. The gradient descent (GD) optimization algorithm chosen for
this study was Adam, with a learning rate of 2e-4 and beta of 0.5 [42]. By optimizing
a min-max loss function of two competing players, namely the Gm and Dm, each they
compete to outperform each other through the following formula

Igin max L(Gm,Dm) = Ey,[logDm(x)] + E.[log(1 — Dm(Gm(2)))] + AL1(Gm) (3.1)
where ) is the trade-off constant. The term L1(Gm) is a L1 loss function used to guarantee
that the images produced by the Gm won’t deviate too much from the original reference
images. The L1 loss function can be denoted as

Li(Gm) = Eyplllr — Gm(2)|[1] (3.2)

During the training process, the Gm will attempt to generate realistic images as to attempt
to fool the Dm into classifying these generated images as real images. The Gm is able to
achieve this by minimizing the min-max loss function. Meanwhile, the Dm is trying to
maximize the Dm(z) for real images and minimize it for generated images. Therefore, the
Dm is trained to maximize the Dm(Gm(z)) component of the loss function. The training
procedure was performed iteratively for each of the components of the GAN. The GAN
architecture and training diagram is shown in Fig. 3.3.

3.2.5 Training environment/setup

To carry out our experimentation, we used the Google cloud Virtual Machine, with two
NVIDIA Tesla T4000 GPUs with 8GB RAM, Intel Xeon CPU 3.5GHz, 32GB RAM. Models
were written with the Keras Application Programming Interface (API) of the TensorFlow
machine learning framework. The adversarial training of the models were carried out for
up to 15000 steps, with model checkpoints every 15 steps and for the best performing
performing iteration of the models.

3.2.6 Evaluation Metrics

The evaluation of the GAN models was carried out using relevant image analysis met-
rics. These quantitative and qualitative metrics are grouped into feature-based, reference-
based, and nonreference-based metrics. The metrics are applied to the images generated
by the Gm after achieving optimal training through early stopping. These evaluation met-
rics provide a numerical score to support the quality of generated images. In this study,
the following quantitative techniques have been applied for evaluating the quality of im-
ages synthesized by the Gm: Geometry Score (GS) [43] and Frechet Inception Distance
(FID) [22] as feature-based metrics; Structural Similarity Index (SSIM) [44; 45; 46; 471,
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Figure 3.3: GAN architecture used for training the generative models (Gm) and discrim-
inator models (Dm). (a) original real image. (b) input tissue template. (c) generated
image.
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Fature-based Similarity index (FSIM) [48], Information theoretic-based Statistic Simi-
larity Measure (ISSM) [49], Universal Image Quality index (UIQ) [50], are the reference-
based metrics used in this study to evaluate the quality of a synthesized image against the
real image.

3.2.6.1 The Fréchet Inception Distance (FID)

The FID metric provides a solution for evaluating the quality of generated images [51].
FID compares the feature distribution of a set of generated images with a set of original
real images. This is achieved by embedding a set of real images and generated images in
the final average pooling layer of an Inception V3 network [52] pre-trained on ImageNet
[53]. The embedded sets are assumed to be multivariate Gaussian distributions with the
average and covariance of each utilized to calculate the Fréchet distance, also known as
the Wasserstein-2 distance [54], between both. The formula for FID can be defined as:

FID = ||z — pyll3 + Tr(cov, 4 cov, — 2(covgcovy)?)  (3.3)

where (4, cov,) and (p,, cov,) are the mean and covariance of the real and generated fea-
ture distributions, respectively. The FID metric is computed on a learned feature space
through the Inception V3 network, and even though it has shown to correlate well to hu-
man visual perception [55], more recent studies have shown that the metric is still sus-
ceptible to bias [56; 57], and cannot differentiate between a well performing network and
overfit network [58].

3.2.6.2 Geometry Score (GS)

The GS is another feature-based metric useful for comparing the real and synthesized
images of GAN models [43]. The metric computes its values using the variation in the
geometrical properties of the real and synthesized images. The result may be used to
measure the qualitative and quantitative values in evaluating the performance of the GAN
model. The lower the value obtained in computing GS, shown in Eq. below, the better the
performance of the GAN model.

7;71Law_1
GS(X1,X2) = (MRLT(i,1,X1) — MRLT(i,1, X2))* (3.4)
=0

where MRLT is the Mean Relative Living Times of homology [59] and serves as a mea-
sure of confidence in the estimation of the topology of the underlying manifold for the
generated and original real images.
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3.2.6.3 Kolmogorov-Smirnov Test

The two sample KS test is a nonparametric statistical test used to compare two sample
probability distributions and evaluate if they come from the same distribution. Through
the KS statistic, the KS test quantifies the greatest distance between the two considered
distributions, which, in this case are the cumulative probability distribution of pixels val-
ues of the generated images and their corresponding original real images. An example of
this distance can be seen in Fig. 3.8. The two sample KS test can be defined as:

Dgs =37 [Fin(2) — Fom(2)]  (3.5)

where F1,n and F2,m are the cumulative distributions, and n and m are the sizes of the
real and generated samples, respectively.

3.2.6.4 Structural Similarity Index metric (SSIM)

The SSIM is a full reference metric, which focuses on structural differences of strong in-
terdependent pixels that are spatially close. This metric is a weighted combination of the
comparison of luminance, contrast, and structure between two images. The formula for
calculating SSIM is defined as:

(Q#Iuy + Cl)(20-xy + 62) (36)

SSIM (x,y) =
@9) = (212 + or)(oa® T oy + )

where z and y are the two images being compared, ux and uy are the mean value of pixel
intensities, oz? and oy? are the variance of the of pixel intensity values in the sample
windows z and y, respectively. ¢; and ¢, are the stabilizing factors for divisions with weak
denominators, and are defined as:

c1 = (k1L)% co = (koL)* (3.7)

where L is the dynamic range of pixel values in the image, and the constants k; = 0.01
and k; = 0.03.

3.2.6.5 Feature-based similarity index metric (FSIM)

The FSIM metric consists of two similarity components, the phase congruency (PC) [60]
and image gradient magnitude (GM) [61]. The FSIM can be defined as:

Zze&z S1(2) PCr (2)

FSIM =
ZZEQ PCm(Z)

(3.8)
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where x and y are the images being compared, = is a given position in both images, PC,,
is the max value between the PC measurements of the two images, (2 is the spatial domain
of the whole image and Sy, is the overall similarity between the two images. Sy, is defined
as:

Sp(z) (3.9

_ [2PC.(2)PCy(2) + T1 ™ [2G M, (2)GM, (2) + T2’
B ch(z)ch(z)JrTl] [GMZQ(JJ)GMg(z)—i—TQ

where T7 and T are positive constants used to increase the stability of the similarity mea-
sures, and their values depend on the dynamic range of PC/GM values. The default values
suggested in the original paper were T = 0.85 and Ty = 160.

3.2.6.6 Information theoretic-based Statistic Similarity Measure (ISSM)

The ISSM metric is based on the combination of statistical and information theory ap-
proaches. The formula for ISSM is defined as:

C(z,y)EHS(z,y) + (a+0b) + e

ISSM(,y) = C(z,y)EHS(xz,y)a+ EHS(z,y)b+ SSIM(z,y)c+ e

(3.10)

where z and y are the two images being compared, C is the Canny edge detection algorithm
[62], EHS is the Shannon entropy-histogram similarity [63], a, b, and ¢ are constants
added to avoid instability.

3.2.6.7 Universal image quality index (UIQ)

The UIQ metric is a composed of three components: loss of correlation, luminance distor-
tion, and contrast distortion and it ranges in value between [-1, 1] where the higher values
are better. As a product of the three components, the UIQ formula can be defined as:

Ozy 2TY 20,0y

UIQ(z,y) =
Q(z,y) 0,0, T2T2 02 + 05

(3.11)

where z and y are the images being compared, the first component is the linear correlation
coefficient between the two images, the second component is the luminance distortion
which measures the distance between the mean luminance of both images, and the third
component is the contrast distortion and measures the similarity between contrasts of
both images. The product of the three components can be rewritten as the overall formula
for UIQ:

4Umy$_y

UIQ(Jfay) = (034—05)(524—@2) (3.12)
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Figure 3.4: Template generation from the pixel distribution per tissue type: (a) sample
test image used for visualizations, (b) the image’s corresponding pixel distribution per
tissue type and (c) the corresponding template used to generate new images.

where T 7 are the mean pixel intensity values, and o2 05 and o, are defined as:

N
1 .
oy = N1 d (yi—7) (3.14)
i=1

N
Ty = g S~ D7) (315)

3.3 Experiments and Results

3.3.1 Experimental Data

Once fully trained, the Gm part of the GAN was used to perform inference on a test dataset
consisting of 361 input templates that correspond to real mammography images from the
CBIS-DDSM dataset. The previously mentioned evaluation metrics were applied to the
images in the test dataset.

3.3.2 Experimental Results

In the following section we present the experimental results for each of the Gm architec-
tures and image resolutions considered.
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Figure 3.5: Examples of generated images for each of the different generator networks
and resolutions (rescaled for visualization purposes).

Fig. 3.5 shows some samples images generated by each Gm for the different resolutions.
These images were generated using the input template shown in Fig. 3.4c. From this vi-
sual evaluation of the results in Fig. 3.5 it is clear that the FCN Gm showed the lowest
performance, generating noisy images across all resolutions, and generating visual arti-
facts as seen on the top-left of resolution 256x256, and bottom-left of resolution 512x512.
On the other hand, the UNet, ResUNet, and Attention-UNet Gms were able to generate
images that show no visual artifacts. The grayscale intensity is also distinct for each of the
tissue types in the input template.

First, the FID score was used to measure the model’s ability to discern different parts
of the generated images. Across all resolutions, the FID score for UNet, ResUNet, and
Attention-UNet were very close, where ResUNet was the best performer in the resolution
128x128, Attention-UNet was the best performer in the resolution 256x256, and UNet
was the best performer for the resolutions 256x128, 512x256, and 512x512. The mean
FID values for all models and resolutions are shown in Table 3.1.

To further corroborate the results from the FID analysis, we performed a UMap projec-
tion of the InceptionV3 latent space feature embeddings used to calculate the FID. As Fig.
3.6 shows, the FCN generated image embeddings (purple) were distant from the original
image embeddings (blue), while the UNet, ResUNet and Attention-UNet generated image
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Table 3.1: FID score for full images of all models and resolutions trained on the CBIS-
DDSM dataset. Each model generated 361 test images for each resolution. Lower FID
score values are better.

Model 128x128 [256x128 [256X256 [512X256 |512X125
Attention-UNet 1509.29| 448.85| 111.54| 30.64| 17.13
FCN 3340.46| 1235.12| 339.28| 146.83| 62.66
ResUNet 1299.58| 629.25| 144.68| 34.02| 18.59
UNet 1400.04|344.64| 132.019| 29.69| 12.04

Table 3.2: KS statistic (x10°) for all models and resolutions trained on the CBIS-DDSM
dataset. Each model generated 361 test images for each resolution. Lower KS statistic
score values are better.

Model 128x128 [256x128 [256X256 |512X256 |512X125
Attention-UNet 71.79| 150.41 77.71| 52.730| 100.37
FCN 1126.15| 1039.11| 1056.51|1972.83| 486.39
ResUNet 48.33| 71.85| 65.10| 60.68| 60.85
UNet 49.84| 46.13| 42.36| 52.66| 41.35

embeddings (red, green, yellow, respectively) overlapped with each other and the original
image embeddings. This suggests that the projection of generated images with close prox-
imity to the projection of real images possess similar features, and therefore are visually
similar.

Next, we performed Kolmogorov-Smirnov analysis on the generated images from each
model. This metric measures the distance between the empirical distribution of the gen-
erated images and the true distribution of real images. We found that UNet performed the
best across most resolutions, with a mean KS distance of 46.137, 42.368, 52.664, 41.358
for resolutions of 256x128, 256x256, 512x256, and 512x512, respectively. ResUNet out-
performed all other models at resolution 128x128 with a mean KS distance of 48.338 and
showed good performance on all other resolutions with slightly higher mean KS distances
than UNet. Attention-UNet had higher mean KS distances across all resolutions, with ex-
ception of 512x256 where its performance is comparable to UNet. FCN had the highest
mean KS distance across all resolutions. The mean KS distance for all models and resolu-
tions are shown in 3.2. However, it is also important to consider the KS distance variance
across all test samples to understand which of these models really did perform the best,
since the mean KS distance was so similar for some of the models.

Fig. 3.7 shows a ridgeline plot with the distributions of KS distance for each model and
resolution. Higher peaks indicate a higher incidence of samples at that KS distance. This
allows us to compare the performance of the different models, and see how the distribu-
tions of the KS distances vary across the different resolution for each model. Higher peaks
at a lower KS distance show that the model has a higher concentration of cases with a low
distance, indicating better performance. It is clear that the Attention-UNet and ResUNet
models benefit from higher resolutions, as the variance of KS distance distribution be-
comes significantly lower as the resolution becomes larger. The UNet model, however,
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Figure 3.6: Comparison of UMap projection of the InceptionV3 embeddings of images
created using the different generators. Blue points represent the real images, yellow
points represent images generated with Attention-UNet, Green points represent images
generated with ResUNet, red points represent images generated by UNet, and purple
points represent images generated by FCN.
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maintains a consistent variance and mean KS distance across all resolutions. It is impor-
tant to note that the Attention-UNet and ResUNet models showed smaller distribution
tails when compared with UNet, which corroborates with the model ability to understand
and learn the real image distribution and generate fewer outliers. Finally, the FCN model
showed the worst performance, with high variance and mean KS distance, across all res-
olutions.
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Figure 3.7: Kolmogorov-Smirnov statistic (distance) distribution of full image for each
Gm and resolution.
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Figure 3.8: Cumulative pixel probability plot for the real image (red) and generated image
(blue) for sample number 23 (same as 3.4). The KS distance between the two distributions
is represented by the black arrow (a).

In the GS evaluation of the models, we compared the topological properties of the gen-
erated images from each model with the original real image, for all resolutions. This
evaluation was performed on the images of each tissue type separately, as well as for the
full image. In all scenarios, the hyperparameters of the GS algorithm were in accordance
with the author’s [43] recommendations, with y=1/128 and Lo=32. The resulting MRLT
for full image analysis are shown in Fig. 3.9. We can observe that the Attention-UNet,
UNet and ResUNet models produced distributions which are very close to the real image
distributions for lower resolutions, while only UNet and ResUNet were consistent even
at higher resolutions. This can be further verified by the GS results in Table 3.3 where
Attention-UNet, UNet and ResUNet show comparable results at resolutions 128x128 and
256x128, but Attention-UNet performs significantly worse at resolutions 512x256 and
512x512. FCN performs poorly across all resolutions, with the exception of 256x128 and
256x256.

We also computed the Structural Similarity Index (SSI) for the generated images. This
metric measures the similarity between the structure of real and generated images. UNet
had the highest Structural Similarity Index of 0.846 at resolution 512x256, followed by
Attention-UNet with index of 0.809 at resolution 512x512, and ResUNet with index of
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Figure 3.9: Comparison of MRLT of the full generated images and the original real images
for all models (rows) and all resolutions (columns).

Table 3.3: Geometric Scores (210%) from of all models and resolutions trained on the
CBIS-DDSM dataset. Each model generated 361 test images for each resolution. Lower
geometric score values are better.

Model 128x128 [256x128 [256%256 |512X256 [512X125
Attention-UNet 4.47 3.60 1.68 7.20 7.74
FCN 8.43 2.47 1.25| 12.35| 13.12
ResUNet 5.31 2.34 2.89| 2.40 4.63
UNet 3.15 4.29 3.13 4.69| 3.48

87



False-negative Reduction in Mammography Breast Cancer Diagnosis

Table 3.4: SSIM from all models and resolutions trained on the CBIS-DDSM dataset. Each
model generated 361 test images for each resolution. Higher SSIM values are better.

Model 128x128[256x128 [256X256 |512X256 |512X125
Attention-UNet 0.77 0.78 0.79 0.81] 0.81
FCN 0.56 0.67 0.66 0.68 0.73
ResUNet 0.78 0.78 0.77 0.79| 0.80
UNet 0.83| 0.83| 0.83| 0.85 0.83

Table 3.5: FSIM values from of all models and resolutions trained on the CBIS-DDSM
dataset. Each model generated 361 test images for each resolution. Higher FSIM values
are better.

Model 128x128 256128 [256X256 |512X256 |512X125
Attention-UNet 0.66 0.60 0.55 0.52| 0.47
FCN 0.47 0.49 0.43 0.39 0.37
ResUNet 0.67 0.61 0.54 0.51 0.47
UNet 0.56| 0.64 0.57| 0.66| o0.57

0.803 at resolution of 512x512. FCN had the lowest index across all resolutions, with its
best performance being 0.734 at resolution of 512x512. The results of our comparison
show that the UNet model consistently outperformed the others, while the ResUNet and
Attention-UNet models performed similarly across all resolutions. This suggests that the
U-shaped network structure along with the attention mechanism and residual connec-
tions are effective in generating high-quality images. Furthermore, the Attention-UNet
and ResUNet models showed a slight improvement in SSI values as the resolution in-
creased, indicating that these models are able to utilize the additional information in
higher-resolution images. On the other hand, the UNet model did not show a significant
difference in SSI values across the different resolutions. This suggests that the U-shaped
network structure alone does not significantly improve the quality of generated images
based on the larger amount of information available in higher resolutions.

Furthermore, we used the Feature-based Similarity Index (FSI) to evaluate the generated
images. This metric measures the similarity of high-level features, such as textures and
shapes, between real and generated images. The higher the FSI score, the more similar
the two images are, indicating that the model has accurately generated images that look
like real mammogram images. UNet had the highest FSI score for most resolutions, with
ResUNet and Attention-UNet having slightly lower scores. FCN had the lowest FSI score
across all resolutions.

The UNet model performed the best overall, with an average UIQ score of 0.469, 0.386,
0.506 and 0.388 for resolutions 256x128, 256x256, 512x256, 512x512, respectively. The
ResUNet model had the best average UIQ score of 0.480 for resolution 128x128. The
Attention-UNet and ResUNet had similar scores across all other resolutions, with slightly
lower UIQ values than UNet. The FCN model showed relatively lower UIQ values achiev-
ing a UIQ of 0.117 for the 128x128 resolution, 0.168 for the 256x128 resolution, 0.1 for the
256x256 resolution, 0.08 for the 512x256 resolution, and 0.077 for the 512x512 resolution.
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Table 3.6: UIQ values from of all models and resolutions trained on the CBIS-DDSM
dataset. Each model generated 361 test images for each resolution. Higher UIQ values
are better.

Model 128x128 [256x128 [256X256 [512X256 |512X125
Attention-UNet 0.46 0.41 0.34 0.32 0.25
FCN 0.12 0.17 0.10 0.08| 0.08
ResUNet 0.48 0.41 0.33 0.30 0.24
UNet 0.39| 0.47| 0.39| 0.51| 0.39

We also computed the ISSM for the generated images. This metric measures the similarity
of the distributions of real and generated images using information theory. UNet had the
highest ISSM for resolutions 256x128, 512x256 and 512x512. ResUNet performed simi-
larly to UNet, with slightly lower ISSM values, with the exception of resolution 128x128.
Attention-UNet also showed good performance, with slightly lower values than ResUNet,
except for the resolutions 256x256 and 512x256. FCN had the lowest ISSM values across
all resolutions.

Table 3.7: ISSM values (210?) from of all models and resolutions. Each model generated
361 test images for each resolution. Higher ISSM values are better.

Model 128x128| 256x128| 256x256 | 512X256 | 512x125
Attention-UNet 3491.95| 3021.04(3909.70| 3761.38| 2947.21
FCN 1218.58| 1018.66| 739.76| 453.93| 152.12
ResUNet 3786.38| 3241.48| 3460.90| 3430.35|3427.98
UNet 3315.7114966.16| 3318.74/5437-94(3794-71

Due to the large number of evaluation metrics, we present a visual representation of all
evaluation metrics for each Gm architecture and resolution in Fig. 3.10. In the polar
chart representation, it is easy to determine the best performing model based on the area
of the geometric shape. As previously seen across all metrics, the FCN shows the poorest
performance with a very small area. Attention-UNet shows better results in resolution
256x256, and ResUNet shows best results across all other resolutions, while UNet shows
comparable but slightly smaller area across all resolutions. FCN falls behind with the
lower overall performance across all resolutions.

3.4 Discussion

In this study, we compare the performance of four different Gm models - UNet, ResUNet,
Attention-UNet, and FCN - using a variety of image quality metrics. These metrics include
Kolmogorov-Smirnov analysis, Geometry-Score, Frechet-Inception Distance, SSIM, FSIM,
ISSM, and UIQ. All models were trained on images of various resolutions, including 128
X 128, 256 x 128, 256 x 256, 512 x 256, and 512 x 512. The results of this study indi-
cate that UNet generally performed the best among the four Gm models across all reso-
lutions. Attention-UNet and ResUNet performed similarly across all resolutions and had
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Figure 3.10: Polar charts of all evaluation metric results normalized [0,1] for all mod-
els and resolutions. Evaluation metrics that represent distance (lower is better) were in-
verted, as to define the better performing model through the greatest geometric area in
the polar chart.
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Figure 3.11: Examples of controlled generation of mammography images using the
Attention-UNet Gm: (a) is the original image with one breast cancer mass and low breast
density; (b) and (c) are generated images with controlled additions of mass nodules; (d),
(e) and (f) are generated images with increasingly higher breast density.

slightly lower scores than UNet. This indicates that these architectures are able to gen-
erate high quality images. FCN had the lowest scores among the four Gm models. This
is consistent with previous studies which have found that U-shape architecture and skip
connections are beneficial when generating higher quality images compared to other Gm
architectures, such as FCN [64; 65]. Overall, these results suggest that the UNet, Re-
sUNet, and Attention-UNet models are effective at generating images with similar visual
and topological qualities to real images. While the UNet model performed consistently
well across all resolutions, the ResUNet and Attention-UNet models demonstrated im-
proved performance at higher resolutions. Finally, these models combined with the input
template approach can be used to solve the issue of imbalanced classes in the dataset. By
generating sufficient samples with breast cancer mass nodules, or with different breast
densities, we can produce additional unique images for training a classification or segmen-
tation model. We can see an example of generating images with additional mass nodules
of varying sizes and shapes, and different breast density in Fig. 3.11. Future work could
focus on further improving the performance of these models at even higher resolutions,
as well as exploring the use of these models in other medical imaging modalities.
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3.5 Conclusion

Currently the use of DL methods in medical image analysis is greatly impaired by the lim-
ited access to annotated data required to develop such methods. To address this issue,
the present study evaluated a GAN’s ability to perform controlled generation of mam-
mography images. The goal of this study was to compare the performance of four gen-
erative adversarial networks (GANs): UNet, ResUNet, Attention-UNet, and FCN, across
different resolutions (128x128, 256x128, 256x256, 512x256, 512x512). To do this, seven
image quality assessment metrics were used to evaluate the performance of the GAN mod-
els at each resolution. These metrics included Kolmogorov-Smorniv analysis, Geometry-
Score, Frechet-Inception Distance, SSIM, FSIM, ISSM, and UIQ. As a result, we present
data that supports GAN’s effectiveness as a way of generating additional medical imag-
ing data. In particular, the GAN’s ability to solve the class imbalance issue by generating
images with specific breast density, or breast cancer mass, through input templates. The
results showed that UNet performed consistently well across all resolutions, while Re-
sUNet and Attention-UNet demonstrated improved performance at higher resolutions.
The FCN model showed the worst performance, with high variance and mean KS distance
across all resolutions. These findings suggest that UNet, ResUNet, and Attention-UNet
are effective at generating images with similar visual and topological qualities to real im-
ages and could be useful for data augmentation in breast cancer detection, classification,
and segmentation tasks. However, it is important to note that future work involving med-
ical professionals as part of the validation process is extremely important to guarantee
that the generated images are structurally and anatomically sensical, and that the output
is not biased from the training data.
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Chapter 4

On the Impact of Contextual Annotations in
Breast Cancer Segmentation

Abstract. Breast cancer segmentation is an important part of breast cancer screening, di-
agnosis, prognosis, treatment planning, and progression monitoring. Many deep-neural-
network-based solutions have been proposed to address breast cancer segmentation. How-
ever, these approaches lack powerful strategies to incorporate contextual information of
breast cancer masses and the surrounding tissue, which has been proven to be a funda-
mental cue for dealing with local ambiguity. In this paper, we present a machine learning
approach for breast cancer segmentation in mammograms. Our method uses a convo-
lutional neural network (CNN) trained on a large dataset of mammograms to accurately
identify and segment breast cancer in new mammogram images. We compared the perfor-
mances of three different CNN architectures: LinkNet, FPN, and UNet. Our experiments
demonstrated that additional context information is beneficial for breast cancer segmen-
tation of mammograms. The proposed method has the potential to improve the accuracy
and efficiency of breast cancer detection.

4.1 Introduction

Breast cancer is a significant public health concern, with approximately 2 million new
cases diagnosed worldwide each year [1; 2]. It is the most common cancer among women
and the leading cause of cancer death among women in low- and middle-income coun-
tries [3]. Breast cancer screening and early detection are critical in the fight against breast
cancer, greatly improving the chances of successful treatment and survival [4] of patients.
Mammography is the most commonly used modality for breast cancer screening and di-
agnosis [5; 6]. However, interpretation of mammograms can be challenging due to the
inherent variability in breast tissue density, shape, and structure. This can lead to missed
diagnoses (false negatives), which can have serious consequences for the patients. Recent
advances in machine learning (ML), specifically deep learning (DL), have the potential to
improve the sensitivity and efficiency of breast cancer diagnoses [7; 8; 9; 10], ultimately
leading to earlier diagnosis and improved patient outcomes. Context-aware ML mod-
els used for image segmentation take into account the context surrounding each pixel in
an image, such as the relationship between neighboring pixels and the overall context of
the image. The skip connections in these types of models can capture features at differ-
ent levels and integrate them through feature stacking, obtaining both low-level abstract
features as well as higher-level semantic features [11]. To the extent of our knowledge,
currently there is a lack of explicit quantitative analysis showing the impact that addi-
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tional non-target annotations have in the performance of segmentation models in com-
plex scenarios, such as medical imaging, specifically in breast cancer mammography. In
this chapter, we explore the impact of supplementary non-target annotations on tissue-
specific segmentation tasks. We compare the use of three convolutional neural network
(CNN) architectures: LinkNet [12], Feature Pyramid Network (FPN) [13], and UNet [14]
- for breast cancer segmentation in mammogram images with varying degrees of anno-
tations. By comparing the performance of these three models when trained with vary-
ing levels of annotations, we aim to quantify the impact of non-target annotations and to
identify the breast cancer segmentation model architecture that most benefits from this
approach. In addition, the use of supplementary non-target annotations can help miti-
gate the problem of requiring large datasets to train DL segmentation models, which in
turn have the potential to reduce the workload of radiologists and improve breast cancer
screening performance in underserved areas, whose access to health care is limited [15].
Therefore, the main contributions of this chapter are as follows:

1. Use well established segmentation models trained from scratch to reduce unknown
variability in the results.

2. Evaluate the impact of additional non-target annotated data on the model’s training.

3. Showecase and identify how much performance gain can be achieve by including ad-
ditional non-target annotations to the model’s training.

4.2 Methods

In this section, we describe the methods used to evaluate the performance of the ML mod-
els on the task of breast cancer segmentation in mammogram images. To evaluate the
impact of annotated data on the model’s performance, we trained each model under three
different scenarios: (i) fully annotated image, where each type of breast tissue, breast
cancer mass, and background have corresponding annotations; (ii) partially annotated
image, where the whole breast, the breast cancer mass, and the background have anno-
tations; (iii) minimally annotated image, where only the breast cancer mass is annotated,
as shown in Fig. 4.1

In this chapter, we used part of the CBIS-DDSM dataset of mammographic images [16; 17]
available at The Cancer Imaging Archive [18]. The images selected from the CBIS-DDSM
dataset contained at least one breast cancer mass as ground truth annotation. Our dataset
consisted of 1231 training mammogram images, 243 validation images, and 361 test im-
ages. The dataset contains a diverse range of images varying in Breast Imaging Reporting
and Data System (BI-RADS) descriptors for mass shape, descriptors for mass margins,
mass size, pathology (malignant/benign), breast tissue densities (1 - 4), overall BI-RADS
assessment (0 — 5), number of abnormalities present (1 — 6), and rate of the subtlety of the
abnormality (1 - 5). We created three distinct datasets to compare the effect of data an-
notations during model training: fully annotated dataset contains 4 segmentation classes
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(c) (d)

Figure 4.1: (a) Preprocessed input image; (b) first training scenario: fully annotated image
mask with adipose tissue in blue, fibroglandular tissue in green, breast cancer mass in red,
and background in black; (c) second training scenario: partially annotated image mask,
with whole breast in blue, breast cancer mass in red, and background in black; (d) third
training scenario: minimally annotated image mask, with breast cancer mass in red, and
background in black.

(breast cancer mass, adipose tissue, fibroglandular tissue and background), partially an-
notated dataset contains 3 segmentation classes (breast cancer mass, full breast tissue and
background), and minimally annotated dataset contains 2 segmentation classes (breast
cancer mass and background). The annotation of the breast cancer mass for each train-
ing image was provided by the CBIS-DDSM dataset. To generate the annotations for the
adipose, fibroglandular, and full breast tissue, the mammography images were subject to
adaptive histogram thresholding based on pixel intensity values [19].

4.2.1 Preprocessing

Some images in the CBIS-DDSM dataset contain artifacts on the outer edges of the images,
as shown in Fig. 4.2, so the outer edges of the images were cropped and resized again to
their original dimensions using bi-cubic interpolation. Any text indicating if the mammo-
gram was of the right (R), left (1) breast, or craniocaudal (CC) mediolateral oblique (MLO)
view was also removed, as shown in Fig. 4.2. We preprocessed the images and annotation
masks by resizing them to a uniform size, normalizing the pixel values of the input images
to a [-1, 1] scale, and encoding the annotation masks according to the number of desired
segmentation classes. We also applied data augmentation techniques, including horizon-
tal flipping, shear, random jitter, rotation within 15 degrees, cropping, blurring/sharp-
ening, and gamma adjustment to the training set to improve the generalizability of the
trained models, as shown in Fig. 4.3. These data augmentation techniques are essential
to increase the number of training samples to reduce overfitting during training.

4.2.2 Model Selection

We compared the performance of three deep learning models: LinkNet, FPN, and UNet,
for breast cancer segmentation in mammogram images. These models were selected due
to their ability to handle complex images with fine details by generating feature maps
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Figure 4.2: (a) Original dataset image, with unnecessary objects and artifacts marked in
red. (b) Image after preprocessing with only relevant data on the image.

at different resolutions. LinkNet was chosen for its lightweight architecture and ability
to preserve spatial information through skip connections. This model is composed of an
encoder-decoder architecture, where the encoder compresses the input image into a lower
dimensional feature representation, and sequentially, the decoder reconstructs the spatial
image from the feature maps. The skip connections between each of the corresponding
layers from the encoder and decoder help connect the low dimensional feature maps to
the higher dimensional decoder outputs, preserving spatial information that would oth-
erwise be lost during downsampling, and allow for the model to better optimize enabling
a more direct gradient flow during backpropagation [12]. FPN was selected for its feature
pyramid structure, which is a hierarchical structure capable of capturing both low-level
and high-level features by combining high resolution features from the initial layers with
low resolution semantic features from the latter layers. Additionally, at each of the steps
in the feature pyramid, lateral connections combine the extracted feature maps from each
of the layers. Using the feature maps extracted from each of the different levels results in
a multi-scale feature maps that is rich in both semantic and spatial information [13]. Fi-
nally, UNet was chosen for its ability to handle tasks that require high spatial resolution,
which is often necessary for accurate breast cancer segmentation. Similar to LinkNet,
this model is based on an encoder-decoder architecture with skip connections. UNet is
composed entirely of convolutional layers, without any fully connected layer. This model
architecture preserves spatial information through its skip connections, and has shown to
be effective when trained with smaller datasets [14].
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(d) (e) (f)

Figure 4.3: Example of different data augmentation techniques applied to the same im-
age. a) Original Image; b) Horizontal flipping; ¢) Rotation within 15 degrees; d) Rotation
and gamma adjustment; e) Horizontal flipping, random jitter and cropping; f) Horizontal
flipping and shear
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4.2.3 Model Training

We trained our segmentation models using Tensorflow on a Google cloud Virtual Ma-
chine, with two NVIDIA Tesla T4000 GPUs with 8GB RAM, Intel Xeon CPU 3.5GHz,
32GB RAM. For each model, we used the Adam optimizer with an initial learning rate of
3e-4 and a batch size of 8. We trained the models for 300 epochs, monitoring the per-
formance on the validation dataset and saving the model with the best performng loss.
The loss function used was a combination of dice loss derived from the Serensen—Dice
coefficient and binary focal loss in the case of a single class annotations, or dice loss and
categorical focal loss in the cases of multiple class annotations, as described below.

The Serensen—Dice loss is closely related to the Serensen—Dice coefficient, which is a
measure of similarity between two sets. The loss function is designed to maximize the
similarity between the predicted mask and the ground truth mask, and it penalizes false
positives and false negatives, and is as follows:

23Ny + e
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where y; and §; represent the binary values of the ground truth and predicted masks,
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respectively, for the i-th pixel, and N is the total number of pixels in the mask.
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where B is the batch size and N is the total number of pixels in each mask. The Serensen—
Dice loss for each sample in the batch is computed using the same formula as before, and
the losses are then averaged over the entire batch to obtain the final loss.

In the case of single class annotation, the binary focal loss is defined as [20]:

LBinaryFocalLoss (ya g) = _ya(l - g)ﬂ/ log(@) - (1 - y)a?jw IOg(l - Q) (43)

where y and g are the ground truth and the predicted positive class for a given sample,
and v is a tunable parameter that controls the degree of focus on hard-to-classify samples.
When v = 0, the focal loss reduces to the standard binary cross-entropy loss. The term
(1 — §)7 is a modulating factor that down-weights easy examples and up-weights hard
examples. The higher the value of ~, the more the modulating factor will suppress easy
examples and emphasize hard examples. This helps to reduce the impact of the dominant
class (healthy tissue) on the loss function and improves the model’s ability to correctly
classify the minority class (diseased tissue). We selected a value of v+ = 2. The batch
implementation of the binary focal loss is obtained by averaging the individual binary
focal loss of each sample over the number of samples in the batch:
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Similarly, in the case of multiple class annotations, the categorical focal loss is defined as:

LCategoricalFocalLoss (y7 g) = _ya(l - Q)FY log(g) (45)

The batch implementation of the categorical focal loss over a batch of size N and for C
classes, is as follows:

N C
LBatchCategoricalFocal = § E LCategoricalFocal (yz',ja gi,j) (46)
i=1 j=1

where N is the total number of samples in the batch, C is the total number of classes, y; ;
and y; ; are the ground truth and predicted positive of the j-th class for the i-th sample.
Finally, the total loss can be considered as follows:

LTotal = LDice + LFocal (47)

where L., can be either binary focal loss or categorical focal loss, depending on the
number of class annotations.

4.2.4 Model Evaluation

We evaluated the performance of the trained models on the test set using dice coefficient.
This metric measures the ability of a breast cancer segmentation algorithm to correctly
identify true positives (cancerous regions) as positive and healthy tissue as negative. In
the context of breast cancer diagnosis, a false negative is a case where the segmentation al-
gorithm fails to detect a cancerous region that is actually present in the mammogram. This
is particularly important in breast cancer diagnosis, as false negatives can lead to delayed
or missed diagnoses, which can have serious consequences for the patient’s health. By
optimizing for high positive and low false negative segmentation, breast cancer segmen-
tation algorithms can help improve the accuracy and reliability of breast cancer diagnosis,
ultimately leading to better patient outcomes.

4.3 Results

In this section, we present the results of our experiments evaluating the performance of
the FPN, LinkNet, and UNet CNN architectures on the task of breast cancer segmenta-
tion in mammogram images when trained with minimally, partially, and fully annotated
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Table 4.1: Mean Dice coefficient performance difference for all models and resolutions.

Model Resolution min. to part.?jpart. to full.” min. to full.
FPN 128x128 4.2% 2.3% 6.5%
FPN 256x256 0.5% 2.2% 2.6%
FPN 512x512 1.4% 3.6% 5.0%
LinkNet 128x128 5.2% 1.9% 7.1%
LinkNet 256x256 2.6% 1.0% 3.6%
LinkNet 512Xx512 0.5% 5.0% 5.5%
UNet 128x128 4.5% 3.6% 8.1%
UNet 256x256 1.7% 4.2% 5.8%
UNet 512x512 0.8% 0.9% 1.7%

adifference between minimally and partially annotated dataset.
bdifference between partially and fully annotated dataset.
cdifference between minimally and fully annotated dataset.

datasets. Table 4.1 shows the percentage difference in performance of the three CNN ar-
chitectures on the test set, as measured by mean dice coefficient. Table 4.2 shows the
mean dice coefficient performance for each of the models, across all resolutions, for min-
imally, partially and fully annotated training scenarios. All the models showed increased
performance when trained with a dataset containing multiple class annotations. The FPN
model showed an increase of 4.17%, 0.48%, and 1.38% in dice coefficient across resolu-
tions 128x128, 256x256, and 512x512, respectively when comparing the minimally and
partially annotated training datasets. An increase of 2.32%, 2.17%, and 3.65% in dice
across resolutions 128x128, 256x256, and 512x512, respectively was also noticed when
comparing partially and fully annotated training datasets. The LinkNet model showed
an increase of 5.16%, 2.63%, and 0.53% in dice across resolutions 128x128, 256x256,
and 512x512, respectively when comparing the minimally and partially annotated train-
ing datasets. An increase of 1.95%, 0.98%, and 4.94% in dice across resolutions 128x128,
256x256, and 512x512, respectively was also noticed when comparing partially and fully
annotated training datasets. The UNet model showed an increase of 4.49%, 1.67%, and
0.84% in dice coefficient across resolutions 128x128, 256x256, and 512x512, respectively
when comparing the minimally and partially annotated training datasets. An increase of
3.63%, 4.16%, and 0.92% in dice across resolutions 128x128, 256x256, and 512x512, re-
spectively was also noticed when comparing partially and fully annotated training datasets.
For a clearer visualization of these results, we can look at Fig. 4.4 as see that there were
significant performance gains, specially in UNet model. Table 4.3 shows the recall per-
formance for each of the models, across all resolutions, for minimally, partially and fully
annotated training scenarios. Fig. 4.5 shows the percentage difference in recall perfor-
mance for each model and resolution under the different training scenarios. Fig. 4.6 shows
the segmentation results for all three models across all resolutions (right) compared to a
ground truth image from the CBIS-DDSM dataset (left)
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Table 4.2: Mean Dice coefficient performance for all models and resolutions under differ-
ent annotations training scenarios.

Model Annotations |128x128 | 256x256 |512x512
FPN min.? 0.85 0.78 0.75
FPN part.P 0.89 0.78 0.76
FPN full.c 0.91 0.80 0.79
LinkNet min.? 0.84 0.79 0.72
LinkNet part.P 0.89 0.81 0.72
LinkNet full.c 0.91 0.82 0.76
UNet min.? 0.82 0.77 0.76
UNet part.P 0.86 0.79 0.77
UNet full.c 0.89 0.82 0.78

*minimally annotated dataset.
bpartially annotated dataset.
“fully annotated dataset.

Mean Dice Performance Percentage Difference for All Models and Resolutions
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Figure 4.4: Mean Dice coefficient performance percentage difference for all models and
resolutions.

Table 4.3: Recall performance difference for all models and resolutions.

Model Resolution min. to part.? part. to full.”jmin. to full.c
FPN 128x128 1.20% -1.07% 0.12%
FPN 256x256 1.23% -0.53% 0.70%
FPN 512x512 1.61% -1.32% 0.27%
LinkNet 128x128 2.83% -1.29% 1.50%
LinkNet 256x256 2.30% -0.65% 1.64%
LinkNet 512x512 1.69% -0.95% 0.73%
UNet 128x128 1.22% 0.11% 1.32%
UNet 256x256 2.73% 0.08% 2.81%
UNet 512X512 0.28% -0.20% 0.08%

adifference between minimally and partially annotated dataset.
bdifference between partially and fully annotated dataset.
cdifference between minimally and fully annotated dataset.
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Recall Performance Percentage Difference for All Models and Resolutions
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Figure 4.5: Recall performance percentage difference for all models and resolutions.
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Figure 4.6: Ground truth image (left) and respective mass segmentations results for FPN,
LinkNet, and UNet models across all resolutions.
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4.4 Discussion

Our results demonstrate the increased effectiveness of the FPN, LinkNet, and UNet CNN
architectures for the task of breast cancer segmentation in mammogram images when
trained with supplementary non-target annotations. Treating the anatomical structures
of the breast as additional segmantation tasks effectively turns training into a multi-task
problem. The network must learn to segment not only tumors but also fibroglandular
and adipose tissue. This extra supervision forces the encoder to learn more robust fea-
tures for both target and non-target tissue, acting as a powerful regularizer that improv-
ing generalization to new images. Training with the inclusion of non-target contextual
annotations helps the CNN understand more of the image, reducing overfitting to the tu-
mor class alone. Additionally, learning image features from every tissue type prevents the
model from confusing tumors with other structures, assisting the model in differentiat-
ing normal structures from tumor masses. This can reduce false positives from regions
where pixel intensity values of healthy tissues can be similar to that of diseased tissue,
such as a bright fibroglandular tissue regions. Previously published studies have shown
the importance of ground truth annotation quality and its effects in segmentation per-
formance [21; 22]. The performance increase of these models, as measured by dice coef-
ficient, suggests that supplementary annotations could be used to improve the accuracy
and efficiency of breast cancer diagnosis in clinical practice.

As we can see in Table 4.3, the recall performance across all models showed a signif-
icant increase when comparing the minimally and partially annotated training scenar-
ios, but showed a much smaller increase and even a decrease in recall when comparing
the partially and fully annotated training scenarios (see Fig. 4.5). The UNet architecture
showed greater dice coefficient performance increase when compared to the other models
for lower resolutions. This suggests that the use of skip connections may be particularly
benefit from the use of additional non-target annotations during the training phase. Ad-
ditionally, the UNet architecture was also the only model to show increase in recall when
comparing partially and fully annotated training scenarios.

In future work, we plan to further evaluate the performance of these models on larger
and more diverse datasets, as well as investigate their potential use in other breast cancer
imaging modalities such as ultrasound and magnetic resonance imaging (MRI). We also
plan to explore the use of additional CNN architectures and techniques, such as ensem-
bles and transfer learning, to further improve the accuracy and efficiency of breast cancer
diagnosis.

There are several limitations to our study that should be considered when interpreting
the results. First, our dataset was relatively small, with only 1835 images. While this is
sufficient for demonstrating the feasibility of using CNNs for breast cancer segmentation,
larger and more diverse datasets would be needed to fully evaluate the impact on the per-
formance of these models in clinical practice, especially considering imbalanced datasets.
Second, our dataset consisted only of scanned film mammography images, which are the
most commonly used modalities in breast cancer screening. It is possible that the perfor-
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mance increase of the segmentation models may vary on digital mammography images,
as well as on other modalities, such as ultrasound or MRI.

Third, we did not validate the performance of the models on any external data, such as MG
images from other datasets. This is mainly due to the lack of availability of high quality
MG datasets freely available for research purposes.

Finally, our study did not include a comparison to human performance on the breast can-
cer segmentation task. While previous studies have demonstrated that CNNs can outper-
form human experts in tasks such as image classification and segmentation, it would be
useful to compare the performance of the CNN models to that of human radiologists on a
larger and more diverse dataset under the condition of varying levels of non-target tissue
annotations.

4.5 Conclusion

Our study highlights the impact additional annotations can have on the performance of
context-aware neural networks. In the use-case of breast cancer segmentation, the in-
creased performance even when using partially annotated data compared to minimally
annotated data is significant. Fully annotated training data showed an even greater in-
crease in performance. This shows that a small increase in effort during data prepara-
tion and preprocessing can lead to a positive impact in breast cancer segmentation and
detection. While there are different ways to achieve high dice coefficient and accurately
segment the cancerous regions in breast images, it is crucial to consider simple, yet effec-
tive additional steps in preprocessing that can further assist in increasing model perfor-
mance. In future work, we plan to further evaluate the performance of these models on
larger and more diverse datasets, as well as investigate their potential use in other breast
cancer imaging modalities such as ultrasound and MRI. We also plan to explore the use
of additional CNN architectures and techniques, such as ensembles and transfer learning,
to further improve the accuracy and efficiency of breast cancer diagnosis. In conclusion,
our study demonstrated the effectiveness of including additional non-target annotations
in FPN, LinkNet, and UNet architectures for the task of breast cancer segmentation in
mammogram images. These state-of-the-art models achieved increased dice coefficient
performance when using non-target annotations, highlighting the potential benefit of us-
ing additional non-target annotations when training segmentation models for breast can-
cer diagnosis. The UNet and LinkNet architectures exhibited particularly impressive re-
sults, with dice coefficients increasing as much as 8.12% and 7.11% for lower resolutions,
respectively, while FPN and LinkNet showed an increase of 5.03% and 5.46% for higher
resolutions, respectively. These findings underscore the potential impact that additional
preprocessing and data preparation can have in deep learning techniques to improve the
accuracy and efficiency of breast cancer diagnosis, as well as which aspects of the model’s
architecture can best benefit from the use of additional non-target annotations during
training. Future research should continue to explore the utility of these CNN architec-
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tures and techniques, such as ensembles and transfer learning, on larger and more diverse
datasets and across a variety of imaging modalities. The adoption of these approaches has
the potential to greatly enhance patient outcomes through earlier detection and treatment
of breast cancer. Our study paves the way for the incorporation of cutting-edge artificial
intelligence into clinical practice, ultimately leading to a future with more accurate and
efficient breast cancer diagnosis. Our partially annotated and fully annotated training
approaches can help mitigate the need for large datasets when training DL models, and
potentially reduce the false negative rate of breast cancer screenings through better model
performance, leading to earlier diagnosis of the disease and therefore improving chances
of a successful treatment and improve patient outcomes.
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Chapter 5

Classification of Breast Cancer Through
Segmented Image-based Feature Maps

Abstract. Breast cancer classification and analysis is a complex, yet important, task to be
performed during breast cancer diagnosis. There are several different aspects of the im-
age that need to be analysed and classified in order to perform an adequate diagnosis and
treatment plan for the patient. There are different types of breast tissues (adipose, fibrog-
landular, cancerous mass), different breast densitites to be considered, different BIRADS
grade of the breast cancer, and finally the pathology of the identified mass. In this study
we explore the use of deep neural networks with multi-task modules capable of segment-
ing the different tissues of the breast from mammography images, while also classifying
the important aspects of the breast and of the potential breast cancer mass. We present an
end-to-end pipeline based on a U-shaped convolutional network capable of extracting se-
lective feature-maps to assist the inference modules of the pipeline in performing specific
classification tasks. This approach of convolutional feature masking serves as an atten-
tion mechanism that directs the inference modules of the pipeline to focus on the features
within the specific regions, while ignoring irrelevant information from other areas of the
image.

5.1 Introduction

Breast cancer diagnosis has been a challenging task for several years [1]. Scaling diag-
nosis in order to increase screening efficiency, as well as improving diagnostic accuracy
have been on the forefront of breast cancer research [2]. The application of machine
learning and deep learning techniques in the field of breast cancer diagnosis has been
of increase interest in the past decade [3]. Despite recent advancements in foundational
medical imaging-oriented models, state of the art breast cancer models still struggle with
the large variety of breast cancer types, breast densities, and other aspects of breast cancer
imaging that are important factors when performing a diagnosis. Standard deep neural
networks (DNN) and convolutional neural networks (CNN) cannot properly take into ac-
count all the relevant information that a trained medical professional uses in their diag-
nosis of breast cancer. Automated breast cancer classification of each of the important as-
pects of mammography imaging, such as breast density, BIRADS grade, mass shape, and
if the mass is benign or malignant is an undoubtedly difficult task, as each patient and
imaging equipment can produce extremely varied images. In this chapter, we propose
an end-to-end pipeline for breast segmentation and classification of various attributes
(tissue type, breast density, BIRADS grade, subtlety rating, and mass pathology) using
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segmented image-based feature maps. The pipeline is composed of:

+ A segmentation module that isolates each of the tissue types present in the image
(adipose, fibroglandular, cancer mass);

+ A convolutional feature extraction module that extracts the feature maps for each
tissue type in the input image;

« An inference module that uses the feature maps to classify each of the image at-
tributes;

5.2 Methodology

5.2.1 Dataset, Data Preprocessing and Augmentation

DDSM-mammography is another variation of DDSM dataset. It consists of 55,890 ex-
amples from which 14% are positive cases taken from CBIS-DDSM dataset [4; 5; 6] and
the remaining 86% are negative cases taken from DDSM dataset. During preprocessing
ROIs were extracted from images and resized to 299*299 pixels patches. Different data
augmentation techniques were then applied on extracted positive patches. A major draw-
back seen in this dataset is the distribution of negative and positive class (i.e. the dataset is
highly imbalanced with 86% of negative class examples). The reason behind this distribu-
tion is that the authors want to provide a realistic dataset, in which the number of negative
cases is far more than positive cases. However, to avoid model bias during training, some
strategies were adopted to give more weights to positive classes in the dataset, as well as
data augmentation techniques. Table 5.1 shows the distribution of the different variations
of all the attributes provided in the dataset’s metadata along with the mammography im-
age. A sample of the original mammography images alongside their segmentation mask
for each tissue type is shown in Fig. 5.1.

5.2.2 Model Architecture

The proposed network consists of three main modules: (i) Tissue Segmentation, (ii) Con-
volutional Feature Extraction, and (iii) Classification. The Classification module is com-
posed of separate inference modules, each designed to predict one of the following at-
tributes: breast tissue segmentation mask (adipose, fibroglandular, cancer mass), breast
density (grades 1—4), BIRADS grade (1—5), cancer mass subtlety rating (1—5), and can-
cer mass pathology (benign or malignant). The segmentation output is leveraged by the
inference modules to selectively analyze only the relevant regions of the image.

The core module of the pipeline is based on a U-shaped convolutional network, specifically
the Attention U-Net architecture [7]. The various inference modules consist of separate
convolutional layers that integrate global image-level feature maps with spatially masked
feature maps derived from the segmented regions. These are followed by fully connected
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Table 5.1: Description of breast cancer research datasets.

# Instances

Breast Cancer Diagnostic Feature Class

breast density 1 462
breast density 2 1086
breast density 3 976
breast density 4 440
birads assessment grade o] 192
birads assessment grade 1 1
birads assessment grade 2 559
birads assessment grade 3 368
birads assessment grade 4 1286
birads assessment grade 5 458
abnormality type calcification 4546
abnormality type mass 1318
mass shape architectural distortion 80
mass shape asymmetric breast tissue 20
mass shape focal asymmetric density 19
mass shape irregular 398
mass shape lobulated 316
mass shape lymph node 26
mass shape oval 327
mass shape round 128
pathology benign 1683
pathology malignant 1181
calcification type amorphous 153
calcification type coarse 55
calcification type dystrophic 20
calcification type eggshell 7
calcification type fine linear branching 77
calcification type large rodlike 15
calcification type lucent center 119
calcification type milk of calcium 2
calcification type pleomorphic 693
calcification type punctate 150
calcification type round and regular 126
calcification type skin 11
calcification type vascular 98
calcification distribution clustered 770
calcification distribution diffusely scattered 37
calcification distribution linear 95
calcification distribution regional 100
calcification distribution segmental 168
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Figure 5.1: Original MG image with their respective segmentation masks for each of the
different tissue types (adipose, fibroglandular, cancer mass).

layers tailored to each specific inference task. An example of the BIRADS grade inference
module is illustrated in Fig. 5.2.

The model’s input-output mappings and training objectives, are introduced by the follow-
ing notation for each sample in the dataset:

X, — feature vector of the ith sample

y; — annotation vector for the it sample

{j; — predicted output vector for the it sample

{M;, bt;, bd;, br;, pt;} — attribute set for the i sample, where:

M; — segmentation mask
bt; — breast tissue label
bd; — breast density label
br; — BIRADS grade label
pt; — pathology label

These variables represent the input feature representations, corresponding ground truth
labels, and predicted outputs across the multi-task learning framework. This formalism
enables precise definition of the loss functions, optimization targets, and evaluation met-
rics used in the subsequent sections.

5.2.3 Implicit Definition of Receptive Fields

During the training phase, CNNs can automatically extract a set of image-based features
in accordance with the image annotations. However, identifying which of the extracted
features are relevant is an ongoing challenge, even more so when applied to medical im-
ages such as MG. Naturally, medical images contain different types of healthy tissues and
diseased tissues. Due to the low SNR nature of medical images, amongst other factors,
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Figure 5.2: Workflow of the full breast cancer segmentation, feature extraction, and BI-
RADS classification pipeline. The breast tissues and cancer mass are segmented from
the original MG image before extracting Image-level, object-level, and semantic-level fea-
tures. Finally, BIRADS grade is classified using these features.

features from these different tissues can become entangled with the useful features from
the target tissue and reduce the model’s performance. However, if the model is able to
identify the different types of tissues, it has the potential to automatically discriminate
and extract features that are relevant to each tissue type, respectively. Therefore, to help
the inference model automatically distinguish between the unwanted features and fore-
ground features, in the learning phase, we provide a series of annotated images to the
network that has been composed of two components: A distinct foreground tissue, and
background tissue of a different type, where the former is the segmentation target of the
model, and the latter is contextual information. This way, through several iterations the
model learns the subtle differences between each tissue type present in the MG image.

5.2.4 Multi-task Classification Convolutional Neural Network

Semantic, object, and image-level features from the ROI and the surrounding tissues can
be extracted by a CNN. Semantic and object-level features are in a higher level of the in-
formation hierarchy and can represent intrinsic aspects of the target image [8]. With the
large amount of biological variations present in MG images due to the diverse range of
breast shapes, sizes, densities, as well as the heterogeneity of cancer biology and position-
ing of the breast cancer masses, development of CNN-derived semantic-level descriptors
can only become feasible when using a large training dataset. Using a CNN to extract se-
mantic features is a supervised feature generation method, therefore it is first necessary to
train a CNN model with labeled MG images for each of the different classification targets:
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« Breast tissue (adipose/fibroglandular/cancer) classification;

Breast density (1-4) classification;

BIRADS grade (1-5) classification;

Pathology (benign/malignant) classification;

5.2.4.1 Breast Tissue Inference

Breast tissue classification in MG images is a complex process, as the appearance of dif-
ferent tissues is highly dependent on the environmental context, such as anatomical po-
sitioning and surrounding tissues. Therefore, when deciding on which type of tissue a
specific part of the MG image is classified, the model should use the information from the
ROI as well as the information provided by the surrounding areas.

In order to perform this task, the breast tissue inference module uses the feature maps of
the entire image, along with the feature maps of each individual segmented tissue. This
allows the module to extract information from the image as a whole, and from each in-
dividual tissue. Finally, the extracted information is merged into a single feature vector,
which is passed on to a fully-connected layer for classification. Since this module performs
multi-class classification, the activation function of the fully-connected layer is a softmax
function. The loss function for this module is categorical cross-entropy, as shown in 5.2.5

5.2.4.2 Breast Density Inference

The breast density inference module of the model is trained to identify one of four types of
breast density classes. Breast density estimation is a complex task, as the output depends
not only on the analysis of the individual segmented tissues, but also on the breast image
as a whole, making this task dependant on spatial context. Breast density estimation from
a single ROI would be practically impossible without consideration of the surrounding
tissue. In order to perform this task, the breast density inference module uses the feature
maps of the entire image, along with the feature maps of each individual segmented tissue
with the exception of the cancer mass ROI. This allows the module to extract information
from the image as a whole, and from each individual healthy tissue. Finally, the extracted
information is merged into a single feature vector, which is passed on to a fully-connected
layer for classification. Since this module of the pipeline performs multi-class predictions,
the activation and loss functions are the same as from the breast tissue inference module.

5.2.4.3 BIRADS Inference

The BIRADS inference module uses as input the feature map of the entire image, along
with the feature maps of the cancer mass ROI and all tissues that are directly surround-
ing the cancer mass. This allows the model to learn as much information about the can-
cer mass as possible, and inference the correct BIRADS grade. Since this module of the

120



False-negative Reduction in Mammography Breast Cancer Diagnosis

pipeline performs multi-class predictions, the activation and loss functions are the same
as from the breast tissue inference module.

5.2.4.4 Pathology Inference

The pathology inference module is composed of a binary classification layer, trained to
discern between benign and malignant pathologies. To perform this task, the model anal-
yses only the suspected mass ROI feature map extracted from the main module of the
model, along with the masked tissue segmentation regions. Therefore, only the desired
regions are analyzed.

5.2.5 Weighted Loss Function

The loss function for the classification layers is the cross entropy loss functions. For mod-
ules with binary classification, the loss function can be calculated as:

Ly(y,p) = —(ylog(p) + (1 —y)log(1 - p)) (5.1)

where y=1 if the tissue has positive classification attribute (i.e. benign pathology) and
y=0 otherwise (i.e. malignant pathology), and p is the predicted probability of the tissue
attribute.

For modules with multi-class classification (more than two classes), the loss function can
be calculated as:

M
Ly(y,p) = - Zyo,c IOg(po,c) (5.2)
c=1

where M is the number of classes, and a separate loss is calculated for each class label per
observation and the result if the sum of that individual losses.

5.3 Results and Discussion

A subset of the CBIS-DDSM dataset was excluded from training and used to evaluate the
results of the trained model. To evaluate the performance of the different inference mod-
ules, we selected a subset of images excluded from the training dataset. The evaluation
metrics used were industry-standard accuracy, precision, recall, and fi-score. Table 5.2
shows the summarized results for each of the inference modules, for both approaches (full
image, and segmentation masking). Our results show that there was a significant increase
in performance across all inference modules when using the segmentation task approach,
most notably for the tissue and density inference modules, where there was an increase
of 3.30% and 15.18% in accuracy, respectively. The difference in impact the segmentation
masking approach had on each module varies, due to the nature of the tasks, the number
of classes each module had to consider during classification, as well as the distribution
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Table 5.2: Classification evaluation metrics for the tasks of each specific module.

Method Metric [TissueDensity BIRADS Pathology
Seg. Masking Accuracy| 88.45| 92.78 96.02 80.73
Seg. Masking Precision| 88.50| 91.09 94.27 77.65
Seg. Masking F1-Score | 88.43| 92.66 95.95 80.12
Seg. Masking Recall 88.45| 91.09 94.27 77.65
Full Image Accuracy| 85.15| 77.60 85.79 73.50
Full Image Precision| 85.13| 87.72 87.78 70.19
Full Image F1-Score | 85.10| 79.66 86.07 72.59
Full Image Recall 85.15| 87.72 87.78 70.18

of the classes. BIRADS and pathology classification also showed a significant increase of
10.23% and 7.23% in accuracy, respectively. Many state of the art approaches to BIRADS
grade classification showed similar or worst results when compared to our approach, such
as 94.22% accuracy from Tsai et. al. [9], 85.9% accuracy from Siddeeq et. al.[10], and
83.4% accuracy from Domingues et. al. [11].

5.4 Conclusion

This study described an end-to-end pipeline for breast segmentation and classification of
various attributes. The discussed method is able to jointly extract the segmentation mask
for various healthy and diseased breast tissues while also inferring information about the
tissue type, breast density, BIRADS grade, and mass pathology. The backbone of the end-
to-end pipeline is composed of U-shaped depth-wise convolutional layers, making it ef-
ficient for real time execution and inference, which is a benefit for devices with limited
computational power such as dedicated medical imaging equipment. A primary segmen-
tation module of the pipeline is used to generate masks for each of the tissue types, which
later on are used as part of the input of the inference modules to limit the influence of back-
ground and irrelevant features. Therefore, the inference modules consider only a masked
feature map instead of the complete image feature map, enabling it to ignore the remain-
ing regions that are irrelevant to each specific classification task. This approach showed
promising results when compared to other studies in the literature [9; 10; 11]. However,
it is important to note that our study lacks a wide breadth of data, being restricted to
only the CBIS-DDSM dataset. Therefore, a much wider evaluation of the pipeline, with
datasets containing images of patients from different populations, and collected through
equipment from different vendors, is necessary to assess its real-world efficacy.
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Chapter 6

Conclusions

The increase occurrence of breast cancer cases and the widespread practice of breast can-
cer screening have raised the need for accurate, efficient, and reliable CAD tools to aid
medical professionals. Given wide range of possible combinations regarding breast cancer
type, breast density, and available imaging modality, modern CAD solutions need to be de-
veloped with great attention in order to mitigate model bias and increase trustworthiness.
This can be achieved in several ways, such as model pruning, or the use of large annotated
datasets. However, medical imaging data is often accompanied by a set of restrictions
regarding data imbalance and public availability due to patient privacy concerns. The pri-
mary solution to tackle these challenges is to develop safe, privacy preserving models that
are built on top of federated learning architectures and take advantage of generative net-
works to provide large annotated synthetic training data. To evaluate the impact of these
solutions, in the scopes of breast cancer diagnosis, we first surveyed and collected exist-
ing breast cancer imaging datasets in several imaging modalities, feature selection meth-
ods, state-of-the-art CAD solutions, and evaluation metrics. We were able to identify the
current gaps in the research and propose solutions that solve the data availability issue,
improve segmentation performance for context-aware networks, and accurately classify
segmented breast cancer masses.

6.1 Summary of Contributions

The main contributions of this thesis are as follows.

+ In Chapter 2 we provide an in-depth survey on the machine learning applied to
breast cancer diagnosis, with an emphasis on publicly available datasets, prepro-
cessing methods used in breast cancer imaging diagnosis, current models used for
breast cancer detection, segmentation, and classification, and the metrics used to
evaluate these models. We presented all the relevant areas and aspects of machine
learning applied to breast cancer diagnostics, where each method, dataset, and tech-
nique was organized based on the different tasks they were designed to solve by their
respective authors. We also highlight the factors that make each of the revised tech-
niques stand out, as well as their shortcomings. In the end, we provide the readers
with a guided roadmap of machine learning applied to breast cancer imaging di-
agnosis, with a focus on addressing each of the specific breast cancer imaging tasks
through the best preprocessing approaches, best performing methods, and adequate
evaluation metrics.
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+ In Chapter 3 we discuss how a limited amount of training data is often one of the
primary challenges of medical imaging CAD systems, and we present an adversarial
framework that provides controlled generation of synthetic medical images. This
framework, along with data augmentation techniques, can mitigate the limited data
problem effectively, thus solving the problem of limited data availability, our first
objective in this thesis.

+ In Chapter 4 we aimed to further improving any machine learning method for breast
cancer imaging segmentation. We presented the effects of additional contextual
information in the form of non-target annotations of varying degrees. We used a
CNN-based method trained on a large dataset of mammograms to highlight the im-
pact additional annotations can have on the performance of context-aware neural
networks. In the use-case of breast cancer mass segmentation, the increased perfor-
mance even when using partially annotated data compared to minimally annotated
data is significant. Fully annotated training data showed an even greater increase in
performance, solving our second objective in this thesis of improving breast cancer
mass segmentation. This shows that a small increase in effort during data prepara-
tion and preprocessing can lead to a positive impact in breast cancer segmentation
and detection. While there are different ways to achieve high dice coefficient and
accurately segment the cancerous regions in breast images, it is crucial to consider
simple, yet effective additional steps in preprocessing that can further assist in in-
creasing model performance.

« In Chapter 5 we proposed an end-to-end pipeline that performs breast cancer seg-
mentation, detection and classification. The pipeline is based on the U-shaped con-
volutional neural network architecture capable of extracting selective feature-maps
from segmented images to assist the inference modules of the pipeline in performing
specific classification and detection tasks. Our pipeline is capable of jointly extract-
ing the segmentation mask for various healthy and diseased breast tissues while also
inferring information about the tissue type, breast density, BIRADS grade, and mass
pathology. This approach of convolutional feature masking serves as an attention
mechanism that directs the classification modules of the pipeline to focus on the fea-
tures within the specific regions, while ignoring irrelevant information from other
areas of the image, thus solving our third thesis objective of improving breast cancer
detection and classification in mammography images.

6.2 Future Research Directions

Explainable and trustworthy medical machine learning is still an area of research in its

early stages, and there are several issues to be solved in future works. The following are

some future directions that should be more prominently discussed in the literature.

126



False-negative Reduction in Mammography Breast Cancer Diagnosis

6.2.1 Limited Training, Testing, and Validation Data

The current trend of research has led deep neural networks to require massive amount of
training data to achieve significant performance. However, in all field of study, but more
so in the medical imaging field, data collection, data annotation, and data availability is
time consuming, costly, and under strict patient privacy laws and standards. More re-
cently, generative models have exploded in popularity and shown impressive capabilities
in synthesizing high quality synthetic data in the form of text, audio, images, and even
video. However, for medical imaging applications, the current generative models may
still produce unsatisfactory results, as this application requires a high degree of control-
lability, quality, and explainability. Also, due to the wide variety of breast cancer types,
locations, patient breast density, size, and shape, the small quantity of available train-
ing datasets pose a major challenge. To overcome these challenges, future works may
explore novel generative model architectures that will not rely on large amounts of data
for training through pruning techniques, and take as inputs explainable and controllable
parameters to generate synthetic images with handpicked attributes.

6.2.2 Model Explainability

Currently SotA deep learning models show impressive results across a multitude of tasks.
However, the biggest challenge these models face in the industry or in clinical applications
is the lack of explainability, which leads to untrustworthiness, and a lack of user adop-
tion. In particular, the trustworthiness of CAD systems can be greatly improved when
users are able to highlight the essential information provided as input that led to the re-
sulting predictions. For instance, a breast cancer classification CAD system that estimate
the BIRADS grade of a mammogram should also provide as an output the aspects of the
input image that led to the resulting classification, highlighting that the probability of the
resulting classification is based on the information extracted from the mammogram, and
showcasing the information that led to that conclusion, for example through a heatmap.

6.2.3 Human-in-the-loop Based Learning

In a clinical setting, a CAD system should never replace a medical professional, but in-
stead work as a tool to facilitate the professional’s tasks and provide additional informa-
tion that can assist in the decision-making process. Therefore, the development of CAD
systems that allow for human-in-the-loop training should become more widely adopted
across academia and the industry. This approach allows for the accumulation of useful
information such as medical context, patient history, and the professional recognition of
false negatives, all which may improve the performance of CAD systems.
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Appendix A

Appendix

The python code developed for the purposes of achieving our research objectives and writ-
ing of this thesis and are resulted from this doctoral research program is freely available at
the repository https://github. com/mgrinetl. The research code has not been included
in the main body of the manuscript.
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