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Abstract

Breast cancer is a common malignancy and a leading cause of cancer-related deaths
in women worldwide. Its early diagnosis can significantly reduce morbidity and mor-
tality rates in women. To this end, histopathological diagnosis is usually followed as
a gold standard approach. However, this process is tedious, labor-intensive, and may
be subject to inter-reader variability. Accordingly, an automatic diagnostic system can
assist in improving the quality of diagnosis. The key intent of this thesis is to design,
optimize, and validate end-to-end systems based on deep learning for the effective and
efficient diagnosis of breast malignancy using histopathology images.

In our first contribution, we conducted a systematic review of state-of-the-art su-
pervised machine and deep learning approaches in the detection, segmentation, and
classification of breast lesions using widely used medical imaging modalities including
mammography, sonography, magnetic resonance imaging, and histopathology during
the years 2016 and 2022. It is inferred that convolutional neural networks are progres-
sively being exploited in computer-aided diagnosis of breast cancer. Furthermore, it is
deduced that mammography and magnetic resonance imaging were mostly utilized in
detection and segmentation tasks, followed by sonography. Whereas, mammography
and histopathology were predominantly used in classification tasks.

In our second contribution, we accomplished the first case study related to the bi-
nary classification of breast cancer. In this study, we presented an ensemble deep learn-
ing approach for the definite classification of non-carcinoma and carcinoma histopathol-
ogy images using our collected dataset. We trained four different models based on
pre-trained VGG16 and VGG19 architectures. Initially, we followed 5-fold cross-
validation operations on all the individual models, namely, fully-trained VGG16, fine-
tuned VGG16, fully-trained VGG19, and fine-tuned VGG19 models. Then, we fol-
lowed an ensemble strategy by taking the average of predicted probabilities and found
that the ensemble of fine-tuned VGG16 and fine-tuned VGG19 performed competitive
classification performance, especially on the carcinoma class. The ensemble of fine-
tuned VGG16 and VGG19 models offered sensitivity of 97.73% for the carcinoma
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class. Moreover, it offered accuracy of 95.29% and F1-score of 95.29%. These ex-
perimental results demonstrated that our proposed deep learning approach is effective
for the automatic classification of complex-natured histopathology images of breast
cancer, more specifically for carcinoma images.

In our third and final contribution, we accomplished the second case study related to
the multiclass classification of breast cancer. In this study, we presented a deep learn-
ing approach to automatically classify hematoxylin-eosin-stained microscopy images
into normal tissues, benign lesions, in situ carcinoma, and invasive carcinoma using
our collected dataset. The proposed model exploited six intermediate layers of the
Xception network to retrieve robust and abstract features from input images. First,
we optimized the proposed model on the original (unnormalized) dataset using 5-fold
cross-validation. Then, we investigated its performance on four normalized datasets
resulting from Reinhard, Ruifrok, Macenko, and Vahadane stain normalization. For
original images, the proposed framework yielded accuracy of 98.00% along with Co-
hen’s kappa score of 0.969. Furthermore, it achieved an average AUC-ROC score of
0.998 as well as a mean AUC-PR value of 0.995. Specifically, for in situ carcinoma
and invasive carcinoma, it offered sensitivity of 96.00% and 99.00%, respectively.
For normalized images, the proposed architecture performed better for Macenko nor-
malization compared to the other three techniques. In this case, the proposed model
achieved accuracy of 97.79% together with Cohen’s kappa score of 0.965. In addi-
tion, it attained an average AUC-ROC score of 0.997 and a mean AUC-PR value of
0.991. Especially, for in situ carcinoma and invasive carcinoma, it offered sensitiv-
ity of 96.00% and 99.00%, respectively. These results demonstrate that our proposed
model outperformed the baseline AlexNet as well as state-of-the-art VGG16, VGG19,
Inception-v3, and Xception models with their default settings. Furthermore, it can be
inferred that although stain normalization techniques offered competitive performance,
they could not surpass the results of the original dataset.

This thesis is accomplished with three journal articles whereas the fourth one is
under review. Similarly, two papers are presented and published at the international
conferences. Moreover, an international research stay was successfully performed at
the Université Laval in Canada.

Keywords: Artificial intelligence, biomedical engineering, biomedical image pro-
cessing, breast cancer diagnosis, deep learning, histopathology.
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Chapter 1

Introduction

According to Global Cancer Statistics 2020, breast cancer is the most common ma-
lignancy and the leading cause of cancer mortality in women worldwide [17]. It was
diagnosed in 20.26 million women, accounting for 11.7% of all cancer cases in 2020.
Moreover, it caused 0.96 million deaths in women, representing 6.9% of all cancer
deaths in 2020 [17]. These statistics indicate that it is one of the deadliest cancers af-
fecting the women’s population worldwide. Therefore, the premature understanding
of the underlying pathophysiology of breast cancer is crucial to reduce morbidity and
mortality among women.

To that end, the pathological study is followed as a benchmark to comprehend the
pathophysiology of breast tumors. In this method, tissue samples are collected and
mounted on glass slides, and subsequently stained these slides for a better portrayal
of tumoral characteristics. Afterward, pathologists proceed with the microscopic ex-
amination of these slides to conclude a possible diagnosis of breast tissues. Neverthe-
less, the manual interpretation of histopathology images can be a tedious and time-
consuming process. Moreover, morphological criteria followed during the manual
analysis depend mainly on the domain experience of engaged pathologists. For in-
stance, a study revealed that the overall concordance rate of diagnostic interpretation
among participating pathologists was around 75% [18]. Therefore, computer-assisted
diagnostic systems could help in improving the overall diagnostic process of breast
malignancy.

During the last decade, deep learning (DL) models have made remarkable progress
in computer vision, specifically in medical image processing, due to their abilities to
automatically learn complicated and advanced features from images [19, 20]. It en-
couraged various researchers to exploit DL models for breast cancer diagnosis using
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medical images. The current thesis designed, optimized, and validated novel end-to-
end systems based on DL approaches to effectively and efficiently diagnose breast
lesions using microscopy images. The research presented in this thesis could help clin-
icians diagnose breast tissues as non-carcinoma and carcinoma. Furthermore, it could
assist clinicians in diagnosing breast lesions as normal, benign, in situ carcinoma, and
invasive carcinoma.

1.1 Research hypothesis and objectives

The analysis of the problem outlined in the previous section leads to the following
hypothesis.

• Optimized deep learning frameworks can effectively and efficiently diagnose
breast cancer as non-carcinoma and carcinoma as well as normal, benign,
in situ carcinoma, and invasive carcinoma using histopathology images.

Considering the aforementioned hypothesis, the current thesis leverages supervised
DL architectures to effectively diagnose breast malignancy using microscopy images.
To achieve this, the four objectives listed below need to be fulfilled.

• Objective 1: To collect and annotate a dataset containing whole slide images
retrieved from eighty female patients suffering from breast cancer.

• Objective 2: To define the state-of-the-art developments in the supervised ma-
chine and deep learning for breast cancer diagnosis using widely followed med-
ical imaging modalities.

• Objective 3: To design, optimize, and validate a supervised DL framework
aimed at effective binary classification of breast cancer using our collected
dataset. This objective encompasses the first case study in this thesis.

• Objective 4: To design, optimize, and validate a supervised DL framework in-
tended at effective multiclass classification of breast cancer as normal, benign,
in situ carcinoma, and invasive carcinoma using our collected dataset. This ob-
jective comprehends the second case study in this thesis.
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1.2 Scientific and social impact

This section aims to highlight the scientific as well as social impact of the research
works presented in the thesis.

The contributions that emerged from this thesis have started showing its scientific
significance. In terms of scientific impact, publication in upper-quartile peer-reviewed
journals is an important measure of the quality of any scientific work. The present the-
sis is accomplished with three journal articles whereas the fourth one is under review.
Similarly, two papers have been presented and published at the international confer-
ences. Furthermore, an international research stay was successfully performed at the
Université Laval in Canada. After successful publications, the citation is one of the
standard indicators for evaluating the quality of research works. The research articles
published during the development of this thesis accumulated more than 250 citations
until June 2023. Moreover, one of our published articles was recently highlighted by a
prestigious Biomedical Engineering Community of the Nature Portfolio which can be
accessed here: https://bioengineeringcommunity.nature.com/posts/connecting-ai-pathology-using-tiatoolbox. These
statistics indicate that scientific contributions achieved with this thesis are being vali-
dated by the research community worldwide.

In terms of social impact, our propounded models could assist clinicians during the
diagnostic process of breast tissues. It is worth mentioning that the manual diagnostic
decisions during the microscopic analysis sometimes might be difficult due to intra-
class variation and inter-class consistency within the histopathology images of breast
cancer. To that end, the propounded end-to-end systems are effective and may assist
in reducing the bias caused by human errors. Furthermore, the proposed systems are
comparably efficient and may decrease the time required in the diagnostic process.
Finally, it could help to reduce cancer-related mortality rates among female patients
worldwide.

1.3 Research methodology

This section explains the research methodology followed in each of the two studies
presented in this thesis, as displayed in Figure 1.1. It should be noted that although
both studies are related to breast cancer diagnosis, each study case has a comparably
different background, as well as different materials and methods.

• State-of-the-art: The main objective of this step is to analyze and understand
the current state-of-the-art machine and deep learning techniques involved in
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Scientific Publications
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Figure 1.1 The research methodology followed in each of the two studies presented in
this thesis.

breast cancer diagnosis. The knowledge procured during this stage will lead to
the formulation of the hypothesis and, subsequently, to the comparison with the
obtained results.

• Design and development: After literature analysis and processing of knowledge
secured in the previous phase, this stage involves the design and development of
different elements of the proposed system.

• Experiment and evaluation: At this stage, numerous metrics are defined for
the evaluation of the propounded system. The designed system is redesigned
based on its performance on the validation data.

• Results and discussion: This step aims to compare as well as discuss the ac-
quired results with state-of-the-art studies, which leads to the final assessment
of the established hypothesis.

1.4 Thesis organization

This section describes the complete structure of this thesis. Chapter 1 introduces the
significance of the thesis as well as the methodology followed for its accomplishment.
Chapters 2 presents relevant literature on breast cancer diagnosis. Chapter 3 and 4
comprehend themain contributions and each contains a separate case studywith its own
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1.4 Thesis organization

materials, methods, results, discussions, and conclusions. Finally, Chapter 5 highlights
conclusive remarks together with future recommendations. A brief description of each
chapter is presented below.

• Chapter 1 - Introduction: Chapter 1 introduces the significance of this thesis
and the methodology followed for its accomplishment. It starts by introducing
the research hypothesis together with the objectives to be fulfilled during the
development of this thesis. It then explains the research methodology followed
to fulfill the stated objectives. Finally, it highlights the structure of this thesis.

• Chapter 2 - Literature review: Chapter 2 discusses relevant approaches used
in the computed-assisted diagnosis of breast malignancy. This chapter analyzes
142 supervisedmachine and deep learning studies in the detection, segmentation,
and classification of breast cancer during the years 2016 to 2022.

• Chapter 3 - Study I: Binary classification of BreastCancer: Chapter 3 presents
the first case study of the thesis in which we designed, optimized, and validated
an end-to-end system based on an ensemble of deep CNN models to classify
breast lesions into non-carcinoma and carcinoma.

• Chapter 4 - Study II: Multiclass classification of Breast Cancer: Chapter 4
introduces the second case study of the thesis in which we designed, optimized,
and validated an end-to-end system based on multilevel features of CNNmodels
to classify breast lesions into normal, benign, in situ carcinoma, and invasive
carcinoma.

• Chapter 5 - Conclusion: Chapter 5 outlines conclusions extracted from the final
evaluation of the research work. It also discusses how the objectives set in Chap-
ter 1 were successfully accomplished. Furthermore, it summarizes the scientific
contributions and international collaboration carried out during the development
of this thesis. Finally, it highlights the limitations and future recommendations
of the thesis.
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Chapter 2

Literature Review

2.1 Introduction

The anatomy of a female breast is composed of milk-producing lobules, milk-carrying
ducts, adipose tissues, fibrous tissues, blood vessels, and lymph vessels [21]. The
lobules are also known as glandular tissues and adipose tissues are often called fatty
tissues. The complete structure of a female breast is illustrated in Figure 2.1 [1]. Breast
malignancy usually occurs due to abnormalities in epithelial tissues of the breast and
may infect the nearby stroma, ducts, and lobules [21, 22]. The emanated tumors can be
benign or malignant. Benign tumors are non-cancerous and arise from small structural
changes in the breast, whereas malignant tumors are cancerous and are divided into
in situ and invasive carcinomas [21, 22]. In situ carcinoma predominates within ducts
and does not spread to adjacent tissues [21, 22]. However, invasive cancer can invade
nearby areas through the immune system or systemic circulation [21, 22]. Its early
diagnosis can reduce morbidity and mortality in women worldwide.

To that end, the breast cancer diagnosis usually begins with radiology imaging
exams including mammography [23], sonography [23], magnetic resonance imaging
(MRI) [23], followed by histopathology imaging [22]. Expert radiologists and pathol-
ogists analyze these images for possible diagnosis of breast malignancy. However, the
traditional manual approach may lead to biased results due to domain expertise. For
radiology imaging like mammography, sonography, and MRI, the American College
of Radiology developed the Breast Imaging Reporting and Data System (BI-RADS)
aimed to standardize the clinical assessment of breast malignancy [24]. The BI-RADS
lexicon guidelines help radiologists grade breast tissues according to predefined cate-
gories and thus improve consistency. However, this process could be subjective due
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Figure 2.1 The anatomical structure of a female breast [1].

to inter-observer variability. Similarly, for histopathology images, pathologists fol-
low numerous morphological criteria to distinguish breast lesions. Nevertheless, the
criteria used in the manual interpretation of histology images could be subjective and
may be prone to error. This led to the diagnostic agreement among pathologists being
around 75% [18]. In addition, there still exists a shortage of human experts to provide
timely diagnosis and refer patients to the appropriate clinical care.

To this end, computer-aided detection and diagnosis (CAD) systems are usually
followed as a second opinion with an aim to assist in the diagnostic process. The CAD
systems can be classified as computer-aided detection (CADe) and computer-aided di-
agnosis (CADx) systems [25]. The CADe systems help to detect and locate breast le-
sions in medical images. Whereas the CADx systems assist to categorize and diagnose
breast tumors, for instance, benign and malignant [25]. The CADe and CADx systems
may vary from traditional machine learning (ML) techniques to novel deep learning
(ML) models. Nevertheless, ML CAD systems mainly rely on feature engineering
which may lead to biased results. Therefore, DL models have been increasingly used
in radiology and histopathology images to effectively improve the diagnostic process
of breast malignancy. A generalized CAD framework is portrayed in Figure 2.2 [2]. It
should be noted that we considered CADe systems from input images to region of in-
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Figure 2.2 The complete process of computer-aided breast cancer diagnosis [2].

terest (ROI) extraction using ML and DL detection and segmentation models. Wheres,
we considered CADx systems from input images to lesion diagnosis using ML and DL
classification frameworks [25].

The rationale of the current systematic review is to address the following research
questions (RQs). It should be noted that we selected published studies from January
2016 to December 2022 due to the rise of DL frameworks during the last decade [26].

• RQ1: Which imaging modalities have been followed the most in the detection,
segmentation, and classification of breast cancer?

• RQ2: How many datasets have been publicly released related to breast cancer
diagnosis using mammography, sonography, MRI, and histopathology?

• RQ3: Which ML and DL models (CADe systems) are mostly followed in the
detection and segmentation of breast cancer?

• RQ4: Which ML and DL models (CADx systems) are mostly followed in the
classification of breast cancer?

The remaining sections of this systematic review article are organized as follows.
Section 2.2 highlights the radiology imaging modalities followed by histopathology
imaging. Section 2.3 explained the databases searched using specific terms, inclusion
criteria, and exclusion criteria of studies analyzed within the current systematic review.
Section 2.4 outlined ML and DL methodologies in the detection, segmentation, and
classification of breast malignancy. Section 2.5 discussed the summary of research
carried out during the years 2016 and 2022 using supervised ML and DL models in
the detection, segmentation, and classification of breast cancer. Finally, section 2.6
outlined the conclusion, consideration, and future direction.
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2.2 Medical imaging in breast cancer diagnosis

In this section, we provided answers to the research questions, RQ1 and RQ2. To that
end, we discussed widely used medical imaging modalities including mammography,
sonography, magnetic resonance imaging, and histopathology imaging in the detec-
tion, segmentation, and diagnosis of breast cancer, as well as their associated datasets
available from January 2016 to December 2022, in the succeeding subsections.

2.2.1 Mammography

Mammography is specialized medical imaging that uses low-dose (20-32 peak kilo-
voltage) X-rays to create radiographic images (mammograms) of the breast and is con-
ventionally compressed in two different planes, called mediolateral oblique (MLO)
and craniocaudal (CC) views [27]. Being the simplest form, screen-film mammog-
raphy is used as a gold standard for screening and diagnosis of breast malignancy
[27]. However, due to its technical and practical advantages, full-field digital mam-
mography is increasingly adopted for breast cancer screening and diagnosis world-
wide [28]. Screening mammograms aim to detect tumors at an earlier stage before the
symptoms appear, whereas diagnostic mammograms are utilized in case of irregular
symptoms [29]. The main focus during mammogram analysis involves the presence of
smaller white spots called calcifications and larger abnormal areas known as masses
[30]. However, the standard two-dimensional (2D) mammogram may lead to tissue
overlap due to the projection of three-dimensional (3D) breast structures on 2D images
[27, 31]. Consequently, advanced digital mammography approaches such as contrast-
enhanced spectral mammography (CESM) and digital breast tomosynthesis (DBT) are
increasingly used in breast imaging [27, 31]. The CESM leverages a dual-energy tech-
nique for image acquisition following the injection of an iodinated contrast medium.
Specifically, it reveals the angiogenesis patterns of tumors using contrast media and
provides a 2D contrast enhancement map of breast tissues [27, 31]. Whereas, the DBT
is a 3D mammogram that acquires multiple images of the compressed breast at differ-
ent narrow angles, which are then reconstructed into a stack of thin slices. This allows a
comprehensive assessment of suspicious lesions that may be difficult to visualize dur-
ing routine mammography [27, 31]. These novel methods have better sensitivity than
conventional mammography for screening and diagnostic purposes. Further details
about these procedures can be found in [27, 31].

To sum up, each category of this modality is widely used for the screening and
detection of breast cancer. Nevertheless, it has limited detecting capabilities in some
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Normal Benign Malignant

Figure 2.3 An example of normal, benign, and malignant mammograms [3].

cases, for instance, dense glandular breasts of young women [27, 31]. An example of
normal, benign, and malignant mammograms are depicted in Figure 2.3. Similarly,
the strengths and limitations of mammography are given in Table 2.1. Whereas, its
publicly available datasets are provided in Table 2.2.

2.2.2 Sonography

Sonography is an ultrasound imaging that utilizes high-frequency (3-12 megahertz)
sound waves to acquire images (sonograms) of breast tissues and is often used as a
complementary screening tool along with mammography [27]. It can assess the mor-
phology, orientation, internal structures, and margins of lesions from multiple planes.
Evaluation of these features helps to differentiate benign and malignant tumors, es-
pecially in dense fibroglandular breasts where mammography may not be effective
[27, 32]. Ultrasound is available in classic 2D grayscale as well as advanced color
formats such as elastography. In clinical practices, malignant tumors are considered
rigid compared to benign lesions [31]. Elastography uses this principle to measure tis-
sue elasticity and can be conducted in two ways: strain elastography (SE) and shear
wave elastography (SWE) [32]. The SE evaluates variations in tissue texture due to
a freehand transducer pressure on the region of interest. This creates a colored map
called elastogram which is then superimposed on the grayscale 2D ultrasound [27, 32].
Whereas, SWE leverages shear waves (10-200 hertz) which are induced by the acous-
tic radiation force and propagate transversely through tissues. These waves can pass
through stiff lesions faster than soft tissues and are calculated as Young’s modulus in
kilopascals. This produces a colored image depicting elasticity in kilopascals, which is
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Normal Benign Malignant

Figure 2.4 An example of normal, benign, and malignant sonograms [4].

directly proportional to the speed of shear waves. Similar to SE, the resultant colored
map of tissue elasticity is then overlaid on the grayscale 2D ultrasound in the region of
interest [27, 32]. It should be noted that SWE depicts quantitative measurements of tis-
sue elasticity, unlike SE, which shows relative elasticity before and after compression.
Other than SE and SWE, other popular techniques include Nakagami imaging [33],
color doppler [27, 32], power doppler [27, 32], automatic breast ultrasound (ABUS)
[27, 32], contrast-enhanced ultrasound (CEUS) [27, 32], and 3D ultrasound [27, 32].
Further details of these approaches can be found in [27, 31, 32]. These novel sonogra-
phy approaches have increased the diagnostic accuracy of breast malignancy compared
to grayscale ultrasound imaging [31, 33, 34].

To conclude, it is an interactive, dynamic, safe, painless, and real-time scanning
modality. Furthermore, it does not use radiation compared to mammograms and can
be used for pregnant women. Nonetheless, it yielded comparably complex-natured
and may also suffer from inter-observer variability. Also, there is no strong evidence
to use it for routine screening and thus cannot be employed in the early detection of
breast cancer [27, 31]. An example of normal, benign, and malignant sonograms are
portrayed in Figure 2.4. Likewise, the advantages and disadvantages of sonography
are given in Table 2.1. Whereas, its publicly available datasets are provided in Table
2.2.

2.2.3 Magnetic Resonance Imaging

Magnetic resonance imaging (MRI) uses a strong homogeneous magnetic field of at
least 1.5 Tesla and radiofrequency (RF) waves generated by dedicated breast coils to
acquire highly detailed 2D images of breast tissues [35]. These cross-sectional 2D
images or slices can be stacked to generate a comprehensive 3D model of the area of
interest. The MRI is usually followed as a supplemental tool with mammography and
sonography in the diagnosis of breast lesions [35]. It can be utilized when the results
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of mammography or sonography are not clear, especially in the case of dense breasts
[35]. Moreover, it can be used as a screening tool for women at higher hereditary risk
for the development of breast cancer [35]. The MRI leverages the magnetic properties
of hydrogen atoms (protons) of a human body to produce diagnostics images. In this
process, threemain components are involved: a primarymagnet, gradient coils, and RF
coils [36, 37]. The primary magnet is used to create a strong static magnetic field. Sim-
ilarly, gradient coils can produce three secondary fields over the primary field which in
turn allows selection of slices in the axial, sagittal, and coronal planes. Moreover, RF
coils are responsible for sending RF signals into breast tissues as well as receiving echo
signals from breast tissues as MRI images [36, 37]. When a human body is placed in
the primary magnet, hydrogen protons align either parallel or antiparallel to the applied
field, resulting in a magnetic vector (longitudinal magnetization). The RF pulses are
then transmitted to disturb the alignment of spinning protons or precession, deflecting
the magnetization vector (decreasing the longitudinal magnetization). At this stage,
hydrogen protons become synchronized and result in a net magnetization vector at the
right angle of the main field, called transverse magnetization. When the source of ra-
dio waves is turned off, it brings back the magnetizing vector to its original position,
and thus an MRI image is retrieved [36, 37]. There are two ways to measure the time
required for protons to relax completely. The first T1-relaxation is the time it takes for
a magnetic vector to return to its resting state. Whereas, the second is T2-relaxation,
which is the time it takes for the axial spin to return to its resting state [36, 37]. To
enhance the quality of conventional grayscale MRI, dynamic contrast-enhanced MRI
(DCE-MRI) is followed which leverages gadolinium-based contrast media to detect
breast cancers via tumor angiogenesis [35, 38]. Its basic protocol consists of a sin-
gle precontrast T1-weighted acquisition and multiple postcontrast T1-weighted acqui-
sitions to record the kinetic behavior of the contrast media accumulated in a tumor
[35, 38]. Nonetheless, DCE-MRI offers limited specificity due to overlapping mor-
phological and kinetic features of benign andmalignant lesions, leading to unnecessary
breast biopsies [39]. To improve specificity, other MRI techniques such as diffusion
weighted imaging (DWI) [27, 40], magnetic resonance spectroscopy (MRS) [27, 40]
and magnetic resonance elastography (MRE) [27, 40] have been explored, with DWI
being themost robustmethod [41]. Furthermore, multiparametric breastMRI protocols
are increasingly being performed, in which non-contrast T2-weighted and DWI acqui-
sitions are also performed besides the native T1-weighted acquisition, as discussed in
[35, 40, 41].
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Normal Benign Malignant

Figure 2.5 An example of normal, benign, and malignant MRI [5].

In summary, the MRI offers the highest sensitivity in the detection of breast lesions
compared to mammography and sonography. Also, it does not use radiation and thus
can be used in women at higher risk. However, MRI is comparably expensive and
also takes a considerable time to perform. Therefore, it may not be feasible for breast
screening in a large population. Furthermore, it may lead to “false positive” results
which in turn require unnecessary biopsies [27, 31]. An example of normal, benign,
and malignant MRI images are illustrated in Figure 2.5. Similarly, the pros and cons
of MRI are given in Table 2.1. Whereas, its publicly available datasets are provided in
Table 2.2.

2.2.4 Histopathology

Histopathology is a procedure in which tissue samples are collected and mounted on
glass slides, and subsequently stained these slides for a better portrayal of morpholog-
ical and immunophenotypical characteristics of breast tumors [42]. After that, pathol-
ogists proceed with the microscopic examination of these slides to conclude a possible
diagnosis of breast cancer [42]. The complete steps of the histopathological procedure
have been discussed in [8, 43]. This process is also called biopsy in medical terminol-
ogy. The digitized image generated from each slide is called a whole slide image (WSI)
whereas an image extracted from a specific region within WSI is called a microscopy
image [8, 43]. Pathologists evaluate and annotate regions of interest within a stained
WSI at different zoom levels under themicroscope. It should be noted that hematoxylin
and eosin (H&E) stain usually helps pathologists to visualize breast tissues in an ef-
fective way. In histopathology image analysis, pathologists mainly examine cellular
findings compared to radiology image analysis where radiologists typically focus on
structural elements of a breast [44].
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Normal Benign In situ carcinoma Invasive carcinoma

Figure 2.6 An example of normal, benign, in situ carcinoma, and invasive carcinoma
microscopy images [6].

Table 2.1 The advantages and disadvantages of mammography, sonography, magnetic reso-
nance imaging, and histopathology imaging in breast cancer.

Imaging modality Strengths Limitations

Mammography
Non-invasive, efficient, and cost-effective
method [45]

Exposure to potentially harmful radiation [46]

Routinely used for breast cancer screening
[47]

Limited application in dense breasts [45]

Can detect breast cancer at an early stage [46] May require additional diagnostic tests [47]

Sonography
Non-invasive and real-time approach [45] Inherent artifacts and speckle noise [47]
Recommended for routine checkups during
pregnancy [45]

Unclear tumor contour due to shadowing ef-
fect [45, 47]

No potentially harmful ionizing radiation [46] Comparatively poor image quality [45]

MRI
Non-invasive method for high risk patients
[45]

Comparatively expensive [46]

Identify suspicious areas more accurately [46] Not recommended during pregnancy [45]
No potentially harmful ionizing radiation [45] May create allergy due to contrast media [45]

Histopathology
Can diagnose various types of cancers [45] An invasive approach [45]
Highly accurate methodology [45] High expertise is required to analyze mi-

croscopy images [45]
Provide comprehensive analysis of tissues
[45]

Extensive care is needed during a biopsy pro-
cedure [45, 47]

To summarize, it is considered a gold-standard approach for the diagnosis of breast
cancer. It has the potential to characterize different types of breast tumors that might
not be possible with radiology imaging such as mammography, sonography, and MRI.
However, morphological criteria used by pathologists to delineate different breast le-
sions could be subjective and may lead to biased results [8, 43]. An example of normal,
benign, in situ carcinoma, and invasive carcinoma microscopy images are outlined in
Figure 2.6. Likewise, the strengths and limitations of histopathology are given in Table
2.1. Whereas, its publicly available datasets are provided in Table 2.2.
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Table 2.2 The list of published datasets related to mammography, sonography, magnetic reso-
nance imaging, and histopathology imaging in breast cancer.

Imaging modality Dataset Number of
images/cases

Year Link

Mammography

MIAS [3] 322 1994 https://www.repository.cam.ac.uk/handle/1810/
250394

Mini-MIAS [3] 322 1994 http://peipa.essex.ac.uk/info/mias.html
DDSM [48] 2620 2001 http://www.eng.usf.edu/cvprg/mammography/

database.html
Mammographic
mass [49]

961 2007 http://archive.ics.uci.edu/ml/datasets/
Mammographic+Mass

BCDR [50] FM: 1010,
DM: 724

2012 https://www.bcdr.eu/

INBreast [51] 410 2012 http://medicalresearch.inescporto.pt/
breastresearch/GetINbreastDatabase.html

CBIS-DDSM
[52]

6671 2017 https://wiki.cancerimagingarchive.net/pages/
viewpage.action?pageId=22516629

OPTIMAM
[53]

172282 2020 https://medphys.royalsurrey.nhs.uk/omidb/

CDD-CESM
[54]

2006 2022 https://wiki.cancerimagingarchive.net/pages/
viewpage.action?pageId=109379611

Sonography

OASBUD [55] 100 2017 http://bluebox.ippt.gov.pl/~hpiotrzk/index.html
UDIAT [56] 163 2017 http://www2.docm.mmu.ac.uk/STAFF/m.yap/

dataset.php
BUSI [4] 780 2020 https://scholar.cu.edu.eg/?q=afahmy/pages/

dataset
BUSIS [57] 562 2022 http://cvprip.cs.usu.edu/busbench

MRI

RIDER [58] 10 2008 https://wiki.cancerimagingarchive.net/display/
Public/RIDER+Breast+MRI

TCGA-BRCA
[59]

84 2016 https://wiki.cancerimagingarchive.net/pages/
viewpage.action?pageId=19039112

Duke MRI [60] 922 2018 https://wiki.cancerimagingarchive.net/pages/
viewpage.action?pageId=70226903

Histopathology

WDBC [61] 569 1995 https://archive-beta.ics.uci.edu/dataset/17/
breast+cancer+wisconsin+diagnostic

TCGA-BRCA
[62]

1062 2013 https://portal.gdc.cancer.gov/projects/
TCGA-BRCA

MGH-BIDMC
[63]

167 2014 https://datadryad.org/stash/dataset/doi:
10.5061/dryad.pv85m

BCBH [64] 249 2015 https://rdm.inesctec.pt/dataset/nis-2017-003
BreakHis [65] 7909 2015 https://web.inf.ufpr.br/vri/databases/

breast-cancer-histopathological-database-breakhis
CAMELYON17
(train) [66]

500 2017 https://camelyon17.grand-challenge.org

HASHI [67] 389 2018 https://datadryad.org/stash/dataset/doi:
10.5061/dryad.1g2nt41

PUIH [68] 3771 2018 http://ear.ict.ac.cn/?page_id=1616
BACH (train)
[69]

Part A: 400,
Part B: 30

2019 https://iciar2018-challenge.grand-challenge.org

BRACS [70] WSI: 547,
ROI: 4539

2022 https://www.bracs.icar.cnr.it/

2.3 Data collection

We conducted the current systematic review in accordance with the PRISMA statement
[7], as illustrated in Figure 2.7 and explained in the following subsections.
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2.3.1 Searched databases

We performed a literature search using the web of science by considering widely used
publishers including ACM Digital Library, Elsevier, Hindawi, IEEE, Oxford Univer-
sity Press, MDPI, Nature Portfolio, Public Library of Science, Springer Nature, and
Wiley Online Library.

2.3.2 Search terms

We used the search terms such as “breast cancer machine learning”, “breast cancer
deep learning”, “breast carcinoma machine learning”, “breast carcinoma deep learn-
ing”, “breast malignancy machine learning”, and “breast malignancy deep learning”.
We further refined our search using different filters as follows: We first selected publi-
cation years from 2016-2022 together with document type as an article or proceeding
paper. We then chose topics of breast cancer scanning, computer vision and graphics,
artificial intelligence, and machine learning along with different categories including
engineering electrical electronic, engineering biomedical, computer science informa-
tion systems, computer science interdisciplinary applications, computer science arti-
ficial intelligence, computer science theory methods, telecommunications, radiology
nuclear medicine medical imaging, imaging science photographic technology, medi-
cal informatics, and mathematical computational biology. This search yielded a total
of 1945 papers. The duplicated and retracted publications were then eliminated using
the Zotero software [71], retaining 1470 papers.

2.3.3 Inclusion criteria

Titles and abstracts contain crucial information to be considered to select papers meet-
ing desired criteria. To that end, we searched for supervisedML andDLmethodologies
using mammography, sonography, MRI, and histopathology imaging for the detection,
segmentation, and classification of breast cancer. We organized the bibliography using
the Zotero software [71]. These criteria reduced the number of relevant papers to 552
for full-text reading. Whereas, the finalized 142 papers analyzed in this systematic re-
view are portrayed in Figure 2.8. Additionally, these studies are depicted in Figure 2.9
and illustrated in Figure 2.10.
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Figure 2.7 The completed flow diagram of systematic review based on PRISMA state-
ment [7].

2.3.4 Exclusion criteria

We excluded papers not relevant to the detection, segmentation, and diagnosis of breast
cancer using mammography, sonography, MRI, and histopathology. Moreover, we
eliminated articles that generalized datasets; for instance, papers that used datasets
relating to breast cancer as well as lung cancer, prostate cancer, and colorectal cancer.
Similarly, we removed articles that were ambiguous about datasets, for instance, works
that did not cite the dataset. Furthermore, we precluded articles that utilized artificial
intelligence approaches other than the supervisedML andDLmodels. Additionally, we
excluded those focused on BI-RADS classification. We also excluded those focused
on the molecular classification of breast cancer. Lastly, we excluded the ones used for
the proliferation and prognosis of breast malignancy.
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Figure 2.8 The distribution of articles analyzed per year.
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Figure 2.9 The pie chart of articles analyzed per modality.

2.4 Machine and deep learning approaches

This section briefly discussed supervised ML and DL models used in radiology and
histopathology imaging for computer-aided breast cancer diagnosis.
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Figure 2.10 The map of articles analyzed per country.

2.4.1 Machine learning techniques

The term ML was defined as a sub-field of artificial intelligence by Arthur Samuel
in 1959 [72]. A typical supervised ML approach includes preprocessing, lesion de-
tection and segmentation, feature extraction, and lesion classification, as shown in
Figure 2.2. A variety of ML methods have been proposed to detect, segment, and
classify breast malignancy. The detection task is performed usually by scanning the
whole image using a multiscale sliding window strategy [73]. Similarly, the clas-
sical segmentation task is typically performed using threshold-based segmentation,
region-based segmentation, and edge-based segmentation methods [74]. Numerous
features such as geometric (shape and margin), intensity or density (first-order ra-
diomics), and texture (second-order radiomics) characteristics are then extracted from
segmented areas. The geometric features include shape features, Zernike moments,
and Fourier descriptors [75]. Similarly, intensity or density features include mean,
variance, median, standard deviation, skewness, kurtosis, entropy, correlation, en-
ergy, uniformity, homogeneity, and smoothness among others [75]. Likewise, tex-
ture features include gray-level co-occurrence matrix (GLCM), gray-level run length
matrix (GLRLM), gray-level size zone matrix (GLSZM), neighborhood gray-tone dif-
ference matrix (NGTDM), local binary pattern (LBP), scale-invariant feature extrac-
tion (SIFT), local quantization, threshold adjacent statistics (TAS), and parameter-free
threshold adjacent statistics (PFTAS) among others [65, 75]. Finally, these features
are used to train supervised ML classifiers. Some examples of widely followed super-
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visedML classifiers include decision tree (DT) [76], random forest (RF) [77], k-nearest
neighbor (KNN) [78], Naive Bayes (NB) [79], and support vectormachine (SVM) [80].
Moreover, the ensemble ML techniques include adaptive boosting (AdaBoost) classi-
fier [81] and gradient boosting machine (GBM) [82] along with its effective variants
like extreme gradient boosting (XGBoost), categorical boosting (CatBoost), and light
GBM (LightGBM) classifiers. Further details on the above-mentioned traditional ML
methodologies can be found in their respective papers.

However, traditional ML approaches mainly rely on feature selection which might
lead to biased results. To that end, the DL models are progressively being followed in
the automatic diagnosis of breast cancer.

2.4.2 Deep learning models

Recently, DL models have made remarkable advances in computer vision, particularly
in biomedical image processing, because of their capability to automatically learn ad-
vanced characteristics from input images [19]. Particularly, convolutional neural net-
works (CNNs) are widely used in image-related tasks due to their ability to effectively
share parameters across different layers within a DLmodel [83]. Consequently, various
CNN-based architectures have been proposed during the past few years for the detec-
tion, segmentation, and classification of breast lesions. For lesion detection, the state-
of-the-art DL frameworks mainly exploited region-based CNN (R-CNN) [84], Fast R-
CNN [85], Faster R-CNNwith region proposal network (RPN) [86], and you look once
(YOLO) [87] architectures. Similarly, for lesion segmentation, the novel DL frame-
works mostly employed fully convolutional network (FCN) [88], U-Net [89], SegNet
[90], Mask R-CNN [91], DeepLab [92], and V-Net [93] architectures. Finally, for
lesion classification, the cutting-edge DL frameworks commonly leveraged AlexNet
[14], VGGNet [9], Inception [94], ResNet [95], Xception [16], DenseNet [96], and Ef-
ficientNet [97] architectures. Further details on the aforementioned models using deep
CNN can be found in their respective papers.

2.4.3 Performance evaluation

The classification performance of state-of-the-art ML and DL models is mainly eval-
uated on the elements of the confusion matrix, also called contingency table [43, 6].
The table is comprised of four terms, namely, True Positive (TP), False Positive (FP),
False Negative (FN), and True Negative (TN). In the context of breast cancer, the TP
refers to images correctly predicted as cancerous and the FP represents non-cancerous
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images mistakenly predicted as cancerous. Whereas the FN represents cancerous im-
ages mistakenly predicted as non-cancerous, and the TN refers to images correctly
predicted as non-cancerous. These four terms lead us to sensitivity or recall, speci-
ficity, positive predictive value (PPV) or precision, negative predictive value (NPV),
accuracy, and F1-measure [98]. Furthermore, the area under the receiver operating
characteristic (ROC) curve is usually utilized to evaluate the performance of classifi-
cation models [99]. Similarly, the mean average precision (mAP) is typically used for
detection tasks. Whereas, the Jaccard index or intersection over union (IoU) and the
Dice similarity coefficient (DSC) are normally followed for segmentation tasks [99].
The above-mentioned terminologies are mathematically defined as follows.

• Sensitivity: The sensitivity, also called recall or true positive rate, evaluates the
correctly predicted proportion of actual positive images, as given in equation 4.3.

Sensitivity = 𝑇 𝑃
𝑇 𝑃 + 𝐹𝑁 (2.1)

• Specificity: The specificity, also known as true negative rate, assesses the cor-
rectly predicted proportion of actual negative images, as provided in equation
2.2.

Specificity = 𝑇 𝑁
𝑇 𝑁 + 𝐹𝑃 (2.2)

• PPV: The PPV, also called precision, analyzes the correctly predicted proportion
of total predicted positive images, as given in equation 2.3.

PPV = 𝑇 𝑃
𝑇 𝑃 + 𝐹𝑃 (2.3)

• NPV: TheNPV evaluates the correctly predicted proportion of the total predicted
negative images, as given in equation 2.4.

PPV = 𝑇 𝑁
𝑇 𝑁 + 𝐹𝑁 (2.4)

• Accuracy: The accuracy examines a proportion of correctly predicted images
among the total actual images, as stated in equation 4.4.

Accuracy = 𝑇 𝑃 + 𝐹𝑁
𝑇 𝑃 + 𝑇 𝑁 + 𝐹𝑃 + 𝐹𝑁 (2.5)

• F1-measure: The F1-measure, also called F1-score, estimates a harmonic aver-
age between recall and precision, as given in equation 2.6.
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F1-measure = 2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 (2.6)

• ROC Curve: The ROC curve illustrates a relationship between true positive rate
(TPR) and false positive rate (FPR) at different threshold values. The TPR is also
known as sensitivity or recall, whereas FPR is equal to 1-specificity. The ROC
curve shows that increasing TPR results in rising the FPR and vice versa. The
TPR and FPR can be mathematically calculated using equations 4.3 and 4.6,
respectively. The AUC is the area under the ROC curve and is a single-value
metric.

FPR = 𝐹𝑃
𝐹𝑃 + 𝑇 𝑁 (2.7)

• PR Curve: The PR curve depicts an inverse relationship between precision and
recall at different thresholds. A PR curve illustrates that a higher precision value
results in a lower recall score and vice versa. The precision and recall can be
mathematically computed using equations 4.3 and 2.3, respectively. The AP is
the area under the PR curve, and mAP is the average of AP over all the classes.
The mAP can be mathematically computed using the equation 2.8, where N is
the total number of classes.

mAP = 1
𝑁

𝑁
∑
𝑖=1

𝐴𝑃𝑖 (2.8)

• IoU: The IoU, also known as the Jaccard index, is an F-measure based metric
that assesses the degree to which the predicted mask matches the ground truth,
as given in equation 2.9.

IoU = 𝑇 𝑃
𝑇 𝑃 + 𝐹𝑃 + 𝐹𝑁 (2.9)

• DSC: The DSC is also an F-measure based metric that estimates the extent to
which a predicted mask matches the ground truth, as stated in equation 2.10. The
difference between IoU and DSC is that the former penalizes more than the latter
for both under- and over-segmentation [99].

DSC = 2𝑇 𝑃
2𝑇 𝑃 + 𝐹𝑃 + 𝐹𝑁 (2.10)
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2.5 Discussion

In this section, we provided answers to the research questions, RQ3 and RQ4. To that
end, we analyzed supervised ML and DL models for the detection, segmentation, and
classification of breast cancer from January 2016 to December 2022, as discussed in
the succeeding subsections.

2.5.1 ML and DL in breast cancer detection and segmentation

In this section, we analyzed supervisedML andDLCADe systems used to detect and/or
segment breast lesions using mammography, sonography, MRI, and histopathology
images.

ML and DL in breast cancer detection and segmentation using mammography

Numerous studies proposed supervised ML and DL models to detect and/or segment
breast lesions using mammography, as given in Table 2.3. For instance, Hu et al. [100]
designed a new system for detecting masses in digital mammograms using a visual
saliency model and CNN features. First, a visual saliency model was applied to mam-
mograms to highlight masses. Then, the image was segmented into sub-images using
a sliding window. Next, features were extracted from the sub-images using AlexNet
as a feature extractor followed by the SVM classifier. Finally, a sliding window fu-
sion algorithm was applied to complete the detection. The proposed detection system
achieved a mean sensitivity of 0.940 and an average false positive per image (FPI)
of 3.7 on the DDSM dataset. Taheri et al. [101] presented a new method to classify
mammograms into normal and abnormal classes using SVM classifier. This process
included denoising using an adaptive median filter, removing unwanted objects using
Harris corner detection (HCD), feature extraction, and classification using the SVM.
Three features were used to train the SVM: an intensity value, an auto�correlation
matrix value of detected corners, and the energy. This approach resulted in a recall
of 92.5% and a precision of 96.8% using the DDSM dataset. Kooi et al. [102] com-
pared a deep CNN with a reference CAD system based on manually created features
for detecting malignant lesions. It was found that CNN outperformed the CAD sys-
tem at low sensitivity, whereas at high sensitivity its performance was comparable.
Also, the CNN model along with manually designed features achieved the highest
AUC of 0.941 on a larger private dataset of 63,262 FFDM images. In addition, the
performance of CNN was equivalent to that of experienced radiologists. Mordang et
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Table 2.3 ML and DL in detection and segmentation of breast cancer using mammography
during 2016-2022

Author Year Country Type Dataset Task Technique Optimal Results
Hu et al.
[100]

2016 China Conference DDSM Detection AlexNet and
SVM

Sensitivity: 0.940

Taheri et
al. [101]

2016 USA Conference DDSM Detection SVM Recall: 92.50%, Pre-
cision: 96.80%

Kooi et al.
[102]

2017 Netherlands Journal Private
FFDM

Detection CNN AUC score: 0.941

Mordang
et al. [103]

2017 Netherlands Journal Private
FFDM

Detection LDA, RF, and
SVM

AUC score: 0.937

Al-masni
et al. [104]

2018 Republic
of Korea

Journal DDSM Detection YOLO Accuracy: 99.70%

Ting et al.
[105]

2019 Malaysia Journal Mini-
MIAS

Detection CNNI-BCC
based on CNN

Accuracy: 90.50%,
Sensitivity: 89.47%,
Specificity: 90.71%,
AUC Score: 0.901

Oliveira et
al. [106]

2019 Portugal Conference INbreast Detection and
Segmentation

VGG16 and
ResNet50

Sensitivity: 0.850,
DSC: 0.830

Agarwal et
al. [107]

2020 Spain Journal OMI-DB
and IN-
breast

Detection Faster R-CNN Sensitivity: 0.760,
Specificity: 0.880,
AUC score: 0.870

Al-Antari
et al. [108]

2020 Republic
of Korea

Journal DDSM
and IN-
breast

Detection YOLO,
ResNet50, and
InceptionResNet-
v2

Accuracy: 99.17%

Hassan et
a. [109]

2020 Egypt Journal Private
FFDM,
MIAS,
INbreast,
CBIS-
DDSM

Detection and
Classification

ALexNet and
GoogLeNet

Accuracy: 95.50%

Pérez-
Benito et
al. [110]

2020 Spain Journal Private
FFDM

Segmentation ECNN based on
CNN

DSC FGT: 0.770

Viegas et
al. [111]

2021 Portugal Journal INbreast Detection and
Segmentation

Mask R-CNN Sensitivity: 0.909,
DSC tumor: 0.891

Yan et al.
[112]

2021 France Journal CBIS-
DDSM
and IN-
breast

Detection YOLO-v3 with
VGG16

Sensitivity: 0.960

Hamed
Aly [113]

2021 Egypt Journal INbreast Detection YOLO-v3 Accuracy: 89.40%

Kulkarni
and Ra-
bidas
[114]

2022 India Journal DDSM Detection SqueezeU-Net
based on U-Net

Accuracy: 90.81%,
Sensitivity: 89.83%

Ramesh et
al. [115]

2022 India Journal MIAS Segmentation Modified
GoogLeNet,
SVM, DT, RF,
and NB

Mean IoU: 89.11%,
DSC tumor: 82.15%

Dap and
Jha [116]

2022 India Conference INbreast Segmentation U-Net and
BCDU-Net

Mean IoU: 0.810,
DSC tumor: 0.872

al. [103] proposed a CADe framework aimed to improve the detection of microcalci-
fication lesions by reducing obvious false positives (OFP) using mammograms. The
proposed architecture incorporated three independent-level classifiers to determine the
final suspicious score. The microcalcification classifier is used to calculate the calci-
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fication score at the most basic level. The breast arterial calcification (BAC) classifier
is used to compute the groups of microcalcification at the middle level. The detection
error classifier is used to compute the examination characteristics at the highest level.
Finally, suspicious scores were calculated using the output of these three classifiers.
To categorize malignant and OPFs, the SVM with linear kernel provided the best clas-
sification performance. It yielded an AUC of 0.937 on 80 examinations having 158
groups of malignant microcalcification. Al-masni et al. [104] designed a CAD system
for the simultaneous detection and classification of breast masses in mammograms us-
ing the YOLO network. First, a set of randomly selected 600 images was rotated three
times to create an augmented dataset of 2400 images with an equal proportion of be-
nign and malignant cases. Next, the preprocessing phase included peripheral density
correction and dataset normalization to 0 and 1. After that, the YOLO network was em-
ployed for feature selection, andmasses were subsequently detected using a confidence
score. Lastly, detected masses were classified as benign or malignant using two fully
connected layers. The proposed model YOLO-based CAD system offered a detec-
tion accuracy of 99.70%. In addition, it attained a classification accuracy of 97.00%.
Ting et al. [105] presented a novel framework called CNN improvement for breast
cancer classification (CNNI-BCC) to detect and classify mammographic lesions into
healthy, benign, and malignant. It was composed of feature-wise data augmentation
(FWDA), CNN-based classification (CNNBS), and interactive detection-based lesion
locator (IDBLL). Initially, the original images were labeled and ROI patches were ex-
tracted. During FWDA, each patch was rotated and flipped to generate eight 128×128
pixels image patches. Next, CNNBSwas trained on the augmentedROI patches to clas-
sify them into their respective categories. Finally, the IDBLL was able to detect and
classify breast lesions using the predicted bounding boxes. The proposed CNNI-BCC
network offered accuracy of 90.50%, sensitivity of 89.47%, specificity of 90.71%, and
an AUC of 0.901 on the mini-MIAS dataset. Oliveira et al [106] designed a lightweight
CNN-based framework to detect and segment breast lesions in mammograms. Dur-
ing preprocessing, data augmentation was performed using affine transformations and
cropping. The ResNet50 model was then fine-tuned to generate the region proposals.
Moreover, the VGG16 network was utilized to reduce the false positive (FP) by clas-
sifying region proposals as background and mass. Finally, a graph-based approach
was followed for the contour refinement of lesions. The propounded system was able
to detect masses with sensitivity of 0.850 and to segment with a DSC value of 0.830
using the INbreast dataset. Agarwal et al. [107] proposed an automatic framework
for detecting benign and malignant masses in FFDM images using the Faster R-CNN
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object detection model. It utilized mammograms obtained from different scanners in
the OMI-DB and INbreast datasets. The OMI-DB containing FFDM images acquired
with Hologic and General Electric scanners were utilized in this study called OMI-H
and OMI-G datasets, respectively. During preprocessing, images were downsampled
for computational limitations and normalized for intensity standardization. Initially,
the Faster R-CNN pretrained on natural images was fine-tuned on the OMI-H dataset
to detect masses in whole mammograms. Subsequently, transfer learning was adopted
to fine-tune the Faster R-CNN pretrained on the large OMI-H dataset to detect masses
in smaller OMI-G and INbreast datasets. It yielded sensitivity of 0.760, specificity of
0.880, and an AUC of 0.870 on the OMI-G dataset. Whereas, it obtained an AUC of
0.900 on the INbreast dataset. Al-Antari et al. [108] proposed a CAD system based on
DL to detect (and classify) breast lesions using mammograms. During preprocessing,
images were treated for peripheral density correction and contrast enhancement. Also,
data augmentation was applied by rotating, flipping, and scaling the mammograms.
In the first step, the YOLO detector was practiced to detect breast lesions from whole
mammograms. In the second step, regular CNN, ResNet50, and InceptionResNet-v2
networks were employed to classify FFDM images into benign and malignant. On the
one hand, the YOLO model achieved a detection accuracy of 99.17% and 97.27% us-
ing DDSM and INbreast datasets, respectively. On the other hand, InceptionResNet-v2
outperformed regular CNN and ResNet50 models in the classification task. It yielded
accuracy of 97.50% on the DDSM dataset. Whereas, it attained accuracy of 95.32%
on the INBrest dataset. Hassan et al. [109] designed an automatic CAD system to de-
tect (and classify) breast masses using mammograms. Initially, original images were
processed to produce their enhanced version. Then, the maximally stable extremal re-
gions (MSER) detector was used to detect breast masses in both original and enhanced
images. Next, a feature-matching process was applied between these regions to detect
the mass areas. Following that, patches of detected masses with a size of 200 × 200
pixels were extracted. The MSER achieved an average detection accuracy of 95.50%
using mammograms of four datasets, including a private dataset, DDSM, MIAS, and
INbreast datasets. Finally, mass images were resized to train the pretrained AlexNet
and GoogLeNet models to categorize them as benign or malignant. It was discovered
that the fine-tuned AlexNet achieved a maximum accuracy of 97.89% with an AUC of
98.32% on a private dataset having 95 mammograms. Whereas, it attained accuracy
of 98.53% with an AUC of 98.95% on the MIAS dataset. Pérez-Benito et al. [110]
designed an Entirely CNN (ECNN) model to segment fibroglandular tissue (FGT)
in mammograms. During preprocessing, breast regions were detected, and pectoral
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muscles were excluded. A histogram-based approach was then adopted to normalize
mammograms acquired with eleven distinct devices. To generate the ground truth, two
experienced radiologists segmented breast tissues and FGT in FFDM images using
semiautomatic tools. Lastly, FGT were segmented using the proposed nine-layered
ECNN model. It was discovered that normalizing gray-level values from different ac-
quisition devices improved the performance of the model. This method procured a
mean DSC score of 0.770 to segment FGT using a private dataset of 6680 mammo-
grams obtained from 1785 subjects. Viegas et al. [111] utilized Mask R-CNN to detect
and segment masses in mammography images by considering random and case-wise
partitioning of the dataset. During preprocessing, images were cropped, normalized,
and converted from grayscale to pseudo-color format. The Mask R-CNN was then
trained on pseudo-color mammograms to detect and segment the masses. It was found
that case-wise portioning producedmore reliable results than random partitioning, with
sensitivity of 0.909 for mass detection and a DSC value of 0.891 for mass segmenta-
tion on the INbreast dataset. Yan et al. [112] proposed a multi-task framework based
on YOLO-v3 that considered both the CC and MLO views of mammograms to detect
(and classify) breast masses. It was deduced that the proposed dual-view mass match-
ing methodology outperformed conventional single-view mammograms. It offered a
detection sensitivity of 0.960 and a classification accuracy of 0.879 on the INbreast
dataset. Hamed Aly [113] leveraged YOLO-v3 to detect (and classify) breast masses
using FFDM images. During preprocessing, images were scaled to the range of 0
to 255, followed by their normalization between 0 and 1. Furthermore, images were
resized and augmented during the training process. The proposed model obtained a
detection accuracy of 89.40% and a classification accuracy of 95.50% on the INbreast
dataset. Kulkarni and Rabidas [114] proposed a modified U-Net called SqueezeU-Net
to detect (and classify) benign and malignant calcification lesions using FFDM im-
ages. During preprocessing, images were resized to 128 × 128 pixels, normalized, and
augmented. The U-Net and SqueezeU-Net were then utilized to detect as well as clas-
sify the calcification lesions. It was discovered that the SqueezeU-Net surpassed the
U-Net network. Specifically, for the detection task, it procured accuracy of 90.81%
and sensitivity of 89.83% on the DDSM dataset. Whereas, for the classification task, it
offered accuracy of 97.30% and sensitivity of 97.37% on the same dataset. Ramesh et
al. [115] proposed a DL architecture based on DCNN to segment and classify benign
and malignant lesions using FFDM images. During processing, images were enhanced
using the CLAHEmethod. The propounded model based on modified GoogLeNet was
then trained to segment the suspected regions. After that, twenty-four features related
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Table 2.4 ML and DL in detection and segmentation of breast cancer using sonography during
2016-2022

Author Year Country Type Dataset Task Technique Optimal Results
Almajalid
et al. [117]

2018 USA Conference Private
sonograms

Segmentation Modified U-Net DSC tumore: 0.825

Xu et al.
[118]

2019 China Journal Private
sonograms

Segmentation CNN mean IoU: 85.10%

Zhou et al.
[119]

2021 China Journal Private
ABUS

Detection Faster R-CNN Recall: 95.06%, Pre-
cision: 74.05%

Daoud et
al. [120]

2022 Jordan Journal Private
sonograms
and BUSI

Detection DexiNed edge-
detection model

Recall: 0.900, Pre-
cision: 0.910, F1-
score: 0.900

Micheal et
al. [121]

2022 China Journal Private
sonograms

Segmentation U-Net DSC tumor: 99.62%,
Accuracy: 98.15%

Podda et
al. [122]

2022 Italy Journal BUSI and
OASBUD

Segmentation U-Net, VGG19,
ResNet50,
Inception-v3,
and Xception

Mean IoU: 76.23%,
DSC tumor: 82.60%

to shape and texture were extracted to train SVM, DT, RF, and NB classifiers. For the
segmentation task, it procured a mean IoU of 89.11% and DSC of 82.15% on theMIAS
dataset. Whereas, for classification, it attained accuracy of 99.12% and sensitivity of
99.89% on the same dataset. Dap and Jha [116] exploited the U-Net and BCDU-Net
models to segment breast lesions in FFDM images. During preprocessing, the ROI
images were extracted and resized to 224 × 224 pixels. Furthermore, the images were
augmented using geometric transformations. The U-Net and BCDU-Net were then
employed to segment the breast lesions. It was found that the BCDU-Net outran the
U-Net, yielding a mean IoU of 0.810 and a DSC value of 0.872 on the INbreat dataset.

ML and DL in breast cancer detection and segmentation using sonography

Various studies presented supervised ML and DL frameworks to detect and/or segment
breast malignancy using sonography, as provided in Table 2.4. For example, Almajalid
et al. [117] introduced a novel framework based on the U-Net model to segment benign
and malignant lesions using sonograms. During preprocessing, noise speckles were
reduced using the speckle reducing anisotropic diffusion (SRAD) method, followed
by contrast enhancement using histogram equalization. Moreover, data augmentation
was performed by applying geometric transformations. The modified U-Net obtained
a DSC of 0.825 on a private dataset with 221 sonogram images. Xu et al. [118] de-
signed a newCNN-basedmodel to segment the FGT, mass, skin, and fatty tissues in 3D
breast ultrasound images. Initially, manual segmentation and labeling were performed
by experienced radiologists to generate the ground truth for training purposes. The
designed model was composed of two modules called CNN-I and CNN-II. The CNN-I
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took normalized slices of 128 × 128 pixels to perform pixel labeling in three orthogo-
nal ultrasound image planes. For each plan, it generated four outputs that corresponded
to the aforementioned four functional tissues. Next, CNN-II took these twelve values
from three plans to segment the FGT, mass, skin, and fatty tissues. It yielded a mean
IoU score of 85.50% on a private dataset of 3D sonograms from 21 subjects. Zhou
et al. [119] proposed a 3D multi-view approach based on improved Faster R-CNN to
detect tumors in ABUS volumes. Initially, an improved Faster R-CNN was empoyed
to get 2D bounding boxes in each of axial, coronal and sagittal planes. A multi-view
position analysis scheme was then introduced to final 3D bounding boxes. This frame-
work achieved recall of 95.06% and precision of 74.05% on a private dataset having 75
ABUS volumes from 75 patients. Daoud et al. [120] proposed a DL framework to de-
tect benign andmalignant tumors in sonograms. During preprocessing, grayscale sono-
grams were first transformed to RGB images. Four different object-detection models
were then employed to localize the ROI areas having tumors. Also, images were pro-
cessed using the DexiNed edge-detection model to generate the edge map. The ROI
areas together with edge maps were combined to select the ROI in sonograms. The
proposed strategy achieved a recall of 0.900, precision of 0.910, and F1-score of 0.900
on a private dataset having 380 sonograms. Whereas, it offered a recall of 0.890, preci-
sion of 0.900, and F1-score of 0.88 on the BUSI dataset. Micheal et al. [121] utilized a
modified U-Net model to segment benign and malignant lesions in sonograms. During
preprocessing, ground truth ROI images were obtained using a binarization method
based on marks drawn by an experienced radiologist. The proposed U-Net architec-
ture was then trained on these images. It obtained a DSC of 99.62% and accuracy of
98.15% on a private dataset containing 620 sonograms. Podda et al. [122] designed a
novel DL pipeline based on an ensemble of DCNN models to segment (and delineate)
normal, benign, and malignant tissues using sonograms. An ensemble of U-Net with
a backbone incorporating customized CNN, Inception modules with traditional CNN,
VGG19, ResNet50, and DenseNet121 was used for segmentation. Whereas, an en-
semble of ResNet50, Inception-v3, Xception, InceptionResNet-v2, and DenseNet201
was adopted for classification. For the segmentation task, it attained a mean IoU of
76.23% and DSC of 82.60% on the BUSI dataset. Whereas, for the classification task,
it yielded accuracy of 91.14% on the same dataset.

ML and DL in breast cancer detection and segmentation using MRI imaging

Several studies introduced supervised ML and DL architectures to detect and/or seg-
ment using MRI, as given in Table 2.5. Dalmis et al. [123] suggested a new method to
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Table 2.5 ML and DL in detection and segmentation of breast cancer using MRI during 2016-
2022

Author Year Country Type Dataset Task Technique Optimal Results
Dalmis et
al. [123]

2017 Netherlands Journal Private
DCE-MRI

Segmentation U-Net DSC breast: 0.944,
DSC FGT: 0.850

Benjelloun
et al. [124]

2018 Belgium Conference Private
DCE-MRI

Segmentation U-Net Mean IoU: 76.14%

Zhang et
al. [125]

2019 USA Journal Private
precon-
trast MRI

Segmentation U-Net DSC breast: 0.860,
DSC FGT: 0.830

El Adoui
et al. [126]

2019 Belgium Journal Private
DCE-MRI

Segmentation U-Net and Seg-
Net

Mean IoU: 74.14%

Jiao et al.
[127]

2020 China Journal Private
DCE-MRI

Segmentation
and detection

U-Net++ for
breast seg-
mentation and
Faster R-CNN
for mass detec-
tion

DSC breast: 0.951,
Sensitivity: 0.874

Ayatollahi
et al. [128]

2021 Iran Journal Private
Ultrafast
DCE-MRI

Detection Modified Reti-
naNet

Sensitivity: 0.950

Galli et al.
[129]

2021 Italy Journal Private
DCE-MRI

Segmentation U-Net DSC tumor: 70.37%

Zhang et
al. [130]

2021 USA Journal Private
DCE-MRI

Segmentation U-Net DSC breast: 0.970,
DSC FGT: 0.950

Huo et al.
[131]

2021 China Journal Private
DCE-MRI

Segmentation nnU-Net DSC breast: 0.968,
DSC FGT: 0.877

Guo et al.
[132]

2022 China Journal Private
MRI

Segmentation CNN with SVM DSC tumor: 0.930

automatically segment FGT of the breast in DCE-MRI images using the U-Net model.
Two different approaches were followed to obtain three-class labels in DCE-MRI im-
ages, namely, nonbreast tissues, fat tissue inside the breast, and FGT inside the breast.
In the first approach, two successive 2-class U-Nets were applied, the first was respon-
sible for breast segmentation, and the second was for FGT segmentation within the
obtained breast mask. In the second approach, the same task was performed using a
single 3-class U-Net framework. For breast segmentation, the average DSC values re-
sulting from a 3-class U-Net and 2-class U-Nets were 0.933 and 0.944, respectively.
Furthermore, for FGT segmentation, the average DSC values resulting from 3-class
and 2-class U-Nets were 0.850 and 0.811, respectively. These results were achieved
on a private dataset of 66 DCE-MRI images. Benjelloun et al. [124] leveraged the U-
Net architecture to automatically segment breast cancer tissues in DCE-MRI images.
During preprocessing, images were first pretreated for bias field correction. Subse-
quently, ground truth segmentation was obtained for each MRI image with the help of
an experienced radiologist by considering only the ROI of having a tumor. The pro-
posed network achieved a mean IoU of 76.14% using a private dataset of 96 volumes
of DCE-MRI images with 5452 slices.Whereas, for the classification task, it offered
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accuracy of 88.60%, sensitivity of 95.30%, and AUC of 93.60%. Zhang et al. [125]
leveraged U-Net to segment the FGT in precontrast breast MRI images. The goal of
this work was to obtain three-class labels, which included nonbreast tissues, fat tissue
within the breast, and FGT within the breast. The ground truth was initially generated
using a template-based segmentation method. The first U-Net was then employed to
separate the breast tissues from the entire image. The second U-Net, on the other hand,
was utilized to segment the fat tissues and FGT within the obtained breast mask. The
presented architecture yielded a mean DSC of 0.86 (±0.05) for breast segmentation
and 0.83 (±0.06) for FGT segmentation on a private dataset having precontrast MRI
images of 314 patients. El Adoui et al. [126] proposed two approaches for segmenting
breast tumors in DCE-MRI images based on SegNet and U-Net. During preprocess-
ing, images were first pretreated for bias field correction. Following that, ground truth
segmentation was obtained for eachMRI image with the help of an experienced radiol-
ogist by considering only the ROI of having a tumor. Furthermore, data augmentation
was performed by scaling, flipping, and rotating the data. Next, two architectures were
trained to segment the breast tumors based on SegNet and U-Net. This methodology
yielded mean IoU scores of 68.88% and 76.14% using SegNet and U-Net, respectively,
on a private dataset having 86 DCE-MRI volumes from 43 patients. Jiao et al. [127]
proposed a framework based on deep CNNs to automatically segment breast regions
and detect breast masses using DCE-MRI images. For the segmentation task, breast re-
gion labels were createdwhichwere then used to train theU-Net++model. It assisted in
removing interference from organs outside the breast area. Next, for the detection task,
preprocessed images from the segmentation task were employed to train the Faster R-
CNN to identify the locations of breast masses. For breast segmentation, the U-Net++
yielded a DSC of 0.951 and IoU of 0.908. Whereas, for mass detection, the Faster
R-CNN offered sensitivity of 0.874 on a private dataset containing DCE-MRI images
of 75 patients. Ayatollahi et al. [128] introduced a CADe model based on modified
RetinaNet to detect benign and malignant lesions in ultrafast DCE-MRI images. Dur-
ing preprocessing, T1 weighted images were subjected to motion correction, temporal
normalization, and cropping of the breast tissues. The proposed CADe framework
yielded sensitivity of 0.950 on a private dataset having 572 lesions from 462 patients.
Galli et al. [129] developed a DL pipeline based on the U-Net model to segment lesions
in breast MRI images. The complete pipeline was composed of breast masking, mo-
tion correction, slice extraction, and lesion segmentation. Initially, a fully automated
algorithm based on multiplanar 2D U-net was employed to extract the breast masks.
Then, a 3D nonrigid intensity-based registration was used to reduce misalignment be-
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Table 2.6 ML and DL in detection and segmentation of breast cancer using histopathology
during 2016-2022

Author Year Country Type Dataset Task Technique Optimal Results
Ni et al.
[133]

2019 China Conference Private
WSI

Segmentation WSI-Net based
on CNN and RF

Mean IoU: 71.84%

Patil et al.
[134]

2020 USA Conference HASHI Segmentation RUBIC-Net
based on U-Net

Mean IoU: 87.60%,
DSC tumor: 89.45%

Li and Lu
[135]

2021 China Conference Camelyon17 Segmentation U-Net DSC tumor: 0.846

Lu et
al.[136]

2022 China Journal Camelyon17 Detection and
Segmentation

YOLO-v4 and
GCPANet

Recall: 0.680, F1-
score: 0.787, DSC
tumor: 0.852

tween a slice acquired at different times. Next, slice images were extracted using three
temporal acquisitions: pre-contrast, two minutes after contrast agent injection, and six
minutes following contrast contrast administration. Finally, the U-Net model was uti-
lized to segment breast lesions. The propounded pipeline procured a DSC value of
70.37% on a private containing bilateral DCE-MRI images from 33 patients. Zhang et
al. [130] exploited U-Net architecture with and without transfer learning to segment
FGT in DCE-MRI images. Initially, the first U-Net was applied to segment breast tis-
sues from the entire image. The second U-Net was then used to delineate FGT from
fat tissues within the obtained breast mask. It was found that the U-Net benefited from
transfer learning procured means DSC values of 0.970 and 0.950 for breast and FGT,
respectively, on a private dataset containing 166 fat-sat and 286 non-fat-sat DCE-MRI
studies. Huo et al. [131] employed nnU-Net to segment FGT in DCE-MRI images.
During preprocessing, the pre-contrast T1-weighted images were normalized between
0 and 255. Two separate nnU-Net models were used to segment breast and FGT tis-
sues. The proposed framework based on nnU-Net attained an average DSC of 0.968
for breast segmentation and a mean DSC of 0.877 for FGT segmentation on a private
dataset having 100 DCE-MRI cases. Guo et al. [132] suggested a CNN-SVMmodel to
segment tumors in MRI images. During preprocessing, two experienced radiologists
manually annotated the tumor and nontumor regions. The CNN and SVMwere trained
in parallel for accurate segmentation. The proposed CNN-SVM acquired a DSC value
of 0.930 on a private dataset with 272 MRI cases.

ML and DL in breast cancer detection and segmentation using histopathology

Many studies developed supervisedML andDLmodels to detect and/or segment breast
lesions using histopathology, as provided in Table 2.6. Ni et al. [133] proposed WSI-
Net, a novel network for automatically segmenting (and classifying) breast WSI im-
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ages. The WSI-Net is composed of a baseline semantic segmentation model called
DeepLab and an extra classification branch. During preprocessing, each WSI was bi-
narized using the Otsu thresholding to remove non-tissue areas. Next, every WSI was
divided into overlapped patches, which were fed into WSI-Net to perform pixel-wise
prediction. The lower layer of DeepLabwas used to identify and discard non-malignant
patches, whereas the remaining potentially cancerous ones were forwarded to its higher
layer to perform pixel-wise segmentation. The DeepLabmodel produced segmentation
outputs of one-eighth of the input patches, which were then aggregated using majority
voting to get a segmentation map for each WSI. Finally, eighteen morphological fea-
tures were extracted from the segmented map of each WSI to train the RF classifier.
The WSI-Net achieved a mean IoU of 71.84% and accuracy of 87.00% on a private
dataset of 300 breast WSIs. Patil et al. [134] proposed a modified version of U-Net
called RUBIC-Net to segment breast lesions using downsampled WSIs of breast can-
cer. It leveraged the pretrained ResNet152 network as a counterpart to the encoder
and decoder in the U-Net model. Furthermore, dilated convolutions were used to ef-
fectively capture ROI features. During preprocessing, WSIs were downsampled to
320 × 320 pixels and subsequently normalized between 0 and 1. Likewise, the binary
masks were scaled and normalized. The designed network was then trained on low-
resolution WSIs to produce binary masks for breast lesions. The proposed RUBIC-
Net outperformed U-Net and achieved an IoU of 87.60% and DSC of 89.45% on the
HASHI dataset. Li and Lu [135] integrated the MobileNet-v2, ResNet101, and U-Net
models to segment lesions in breast WSIs. During preprocessing, the Otsu algorithm
was adopted to remove background areas. The MobileNet-v2 was then employed to
filter out non-cancerous tissues. Next, the ResNet101 network was used to classify
normal and malignant lesions, leading to a heatmap of cancerous tissues. Finally, U-
Net was employed to segment cancerous regions within WSIs. The proposed approach
using the U-Net model attained a DSC of 0.846 to segment tumor areas. Lu et al.[136]
proposed an innovative DL framework to detect and segment breast lesions inWSI im-
ages. The recognition module based on the YOLO-v4 was used to quickly recognize
the main lesions. Whereas the segmentation module based on the global context-aware
progressive aggregation network (GCPANet) was employed to perform fine segmen-
tation of the lesion regions. For the detection, the propounded approach attained sensi-
tivity of 0.680 and an F1-score of 0.787 on the Camelyon17 dataset. Whereas, for the
segmentation, it yielded a DSC value of 0.852 on the Camelyon17 dataset.
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2.5.2 ML and DL in breast cancer classification

In this section, we analyzed ML and DL CADx systems used to classify breast lesions
using mammography, sonography, MRI, and histopathology imaging.

ML and DL in breast cancer classification using mammography

Table 2.7 ML and DL in breast cancer classification using mammography during 2016-2022

Author Year Country Type Dataset Task Technique Optimal Results
Arevalo et
al. [137]

2016 Colombia Journal BCDR-
FM

Classification CNN AUC score: 0.826

Jiao et al.
[138]

2016 China Journal DDSM Classification CNN and SVM Accuracy: 96.7%

Kashyap
et al. [139]

2017 India Conference mini-
MIAS

Classification SVM Accuracy: 94.21%

Guan et al.
[140]

2017 USA Conference MIAS and
DDSM

Classification VGG16 with
transfer learn-
ing

Accuracy: 0.950,
AUC score: 0.971

Sonar et al.
[141]

2017 India Conference MIAS and
DDSM

Classification Hybrid SVM-
KNN

Accuracy: 100%

Hepsağ et
al. [142]

2017 Turkey Conference mini-
MIAS and
BCDR

Classification CNN Accuracy: 0.8800,
Precision: 0.8600,
Recall: 0.9000,
F1-score: 0.8800

Antropava
et al. [143]

2017 USA Journal Private
FFDM

Classification VGG19 with
SVM

AUC score: 0.862

Yeh and
Chan
[144]

2018 Taiwan Conference Private
DBT

Classification LeNet Accuracy: 87.12%,
Precision: 87.27%,
Recall: 87.09%

Chougrad
et al. [145]

2018 Morocco Journal DDSM,
BCDR,
INbreast,
MIAS

Classification VGG16,
ResNet50,
Inception-
v3 transfer
learning

Accuracy: 98.23%,
AUC score: 0.990

Gao et al.
[146]

2018 USA Journal Private
CESM
and IN-
Brest

Classification ResNet50 with
GBT

Accuracy: 0.890,
AUC score: 0.910

Hagos et
al. [147]

2018 Netherlands Conference Private
FFDM

Classification VGGNet AUC score: 0.933

Mohamed
et al. [148]

2018 USA Journal Private
FFDM

Classification AlexNet AUC score: 0.970

Li et al.
[149]

2019 China Journal Private
FFDM

Classification DenseNet and
DenseNetII

Accuracy: 94.55%,
Sensitivity: 95.60%,
Specificity: 95.36%

Laghmati
et al. [150]

2019 Morocco Conference Mammographic
mass

Classification ANN, KNN,
DT, and SVM

Accuracy: 0.840,
Sensitivity: 0.860,
Specificity: 0.820

Tsochatzidis
et al. [151]

2019 Greece Journal CBIS-
DDSM

Classification AlexNet, VGG,
GoogLeNet,
and ResNet

Accuracy: 0.804
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Table 2.7 continued from previous page
Author Year Country Type Dataset Task Technique Optimal Results
Benzebouchi
et al. [152]

2019 Algeria Conference DDSM Classification CNN Accuracy: 97.89%,
Sensitivity: 98.90%,
Specificity: 96.90%,
AUC score: 98.20%

Li et al.
[153]

2020 China Journal Private
FFDM
and DBT

Classification VGG16 Accuracy: 95.10%,
Sensitivity: 70.80%,
Specificity: 98.90%,
AUC score: 0.910

Wessels
and Haar
[154]

2020 South
Africa

Conference MIAS and
DDSM

Classification CNN mini VG-
GNet and mini
GoogLeNet

Accuracy: 66.16%,
Precision: 67.63%,
Recall: 66.84%,
AUC score: 0.850

Saranyaraj
et al. [155]

2020 India Journal DDSM Classification CNN based on
LeNet

Accuracy: 96.23%,
AUC score: 0.9842

Ragab et
al. [156]

2021 Egypt Journal CBIS-
DDSM
and MIAS

Classification ALexNet,
GoogLeNet,
ResNet18,
ResNet50 and
ResNet101

Accuracy: 97.90%,
Sensitivity: 0.980,
Specificity: 0.980,
AUC score: 1.000

Heidari et
al. [157]

2021 USA Journal Private
FFDM

Classification SVM with RPA Accuracy: 75.2%,
AUC score: 0.840

Malebary
et al. [158]

2021 KSA Journal DDSM
and MIAS

Classification CNN and
LSTM

Accuracy: 0.960,
Sensitivity: 0.970,
Specificity: 0.980,
F1 score: 0.970

Lee et al.
[159]

2021 USA Journal CBIS-
DDSM

Classification CNN AUC score: 0.860

Tsochatzidis
et al. [160]

2021 Greece Journal CBIS-
DDSM

Classification ResNet50 with
U-Net

Accuracy: 0.776,
AUC score: 0.862

El Houby
et al. [161]

2021 Egypt Journal MIAS,
DDSM,
and IN-
breast

Classification CNN Accuracy: 96.52%,
Sensitivity: 96.55%,
Specificity: 96.49%,
AUC score: 0.980

Song et al.
[162]

2021 China Journal Private
CESM

Classification Res2Net50 Accuracy: 96.60%,
Sensitivity: 96.40%,
Specificity: 96.40%,
AUC score: 0.966

Al-
Fahaidy et
al. [163]

2022 Yemen Journal MIAS Classification SVM Accuracy: 87.10%,
Sensitivity: 90.00%

Samee et
al. [164]

2022 KSA Journal INbreast
and Mini-
MIAS

Classification SVM, KNN,
NB, and ensem-
ble classifiers

Accuracy: 98.62%,
Sensitivity: 98.28%

Marathe et
al. [165]

2022 USA Journal Private
FFDM

Classification LightGBM Accuracy: 0.530,
Sensitivity: 1.000,
AUC score: 0.730

Singh et al.
[166]

2022 India Journal INbreast Classification KNN, SVM,
DT, NB, RF,
and ET

Accuracy: 90.40%,
Sensitivity: 92.00%

Karthiga
et al. [167]

2022 India Journal INbreast,
DDSM,
and MIAS

Classification AlexNet,
VGG16, and
VGG19

Accuracy: 96.53%
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Table 2.7 continued from previous page
Author Year Country Type Dataset Task Technique Optimal Results
Hekal et
al. [168]

2022 Egypt Journal CBIS-
DDSM

Classification AlexNet,
ResNet50,
ResNet101, and
DenseNet201

Accuracy: 94.00%,
Sensitivity: 92.00%

Alshammari
et al. [169]

2022 KSA Journal Private
FFDM

Classification SVM, NB, DT,
DA, and KNN

Accuracy: 100.00%

Song et al.
[170]

2022 China Journal Private
CESM
and CDD-
CESM

Classification MDIB model
based on
ResNet18 and
MLP

Accuracy: 97.18%,
Sensitivity: 94.86%,
AUC score: 0.973

Numerous studies proposed supervised ML and DL models to classify breast le-
sions usingmammography, as given in Table 2.7. Arevalo et al. [137] designed a CNN-
based architecture for the classification of film mammograms. The proposed CNN
model outperformed hand�crafted features given by radiologists. Besides, the stan-
dalone model gained area under the ROC curve (AUC) of 0.822 and outperforms the
histogram of oriented gradients (HOG) and histogram of gradient divergence (HGD)
descriptors. Also, the combination of handcrafted and learned descriptors obtained
an AUC of 0.826 on the BCDR-FM dataset. Jiao et al. [138] employed CNN to ex-
tract middle- and high-level features from mammograms, followed by two SVM clas-
sifiers. The outputs of two SVMmodels trained on different features were analyzed to
find the consistency and inconsistency between their results. All consistent outcomes
were considered correct. In inconsistent cases, gray information were used to calcu-
late their benign and malignant classes. This method achieved accuracy of 96.7% on
the DDSM dataset. Kashyap et al. [139] proposed a novel approach to classify mam-
mograms by considering breast density. The images were enhanced using a fractional
order differential-based filter, followed by their segmentation with the c-means clus-
tering algorithm. Subsequently, the LBP and dominant rotated local binary pattern
(DRLBP) features were extracted to train SVM with different functions. The SVM
with DRLBP and RBF kernel functions offered the highest accuracy of 94.21% on
the mini-MIAS dataset. Guan et al. [140] leveraged the VGG16 with feature extrac-
tion and fine-tuning strategies to classify mammograms. Following the preprocessing,
one ROI was extracted from each mass-containing image. The grayscale mass im-
ages were subsequently converted to RGB images to train a newly developed CNN
network, VGG16 as a feature extractor, and VGG16 as a fine-tuned model. It was
inferred that VGG16 with feature extraction yielded accuracy of 0.906 on the MIAS
dataset, whereas it achieved accuracy of 0.950 on the DDSM dataset. Sonar et al. [141]
proposed amodified hybrid SVM-KNNmodel to classify breast mammograms into be-
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nign and malignant. The preprocessing included noise removal, artifact elimination,
and image enhancement. Next, the ROI images were extracted using c-means cluster-
ing and active contour techniques. Following that, the GLCM texture features were
extracted and utilized to train the suggested hybrid SVM-KNN supervised classifier.
This framework reached accuracy of 100% on the DDSM dataset. Hepsağ [142] de-
veloped a CNNmodel for the classification of mammography masses and calcification
lesions separately. The preprocessing methods involved in this study were cropping,
augmentation, and balancing the datasets. The designed model yielded accuracy of
0.87, precision of 0.78, recall of 0.90, and F1-score of 0.84 on the mass images of the
mini-MIAS dataset. Similarly, it attained accuracy of 0.88, precision of 0.86, recall
of 0.90, and F1-score of 0.88 using the mass images of the BCDR dataset. Antropava
et al. [143] combined CNN features with handcrafted features, followed by SVM, to
classify breast lesions of breast FFDM images. The grayscale ROI images obtained
from the FFDM dataset were initially converted to RGB images by duplicating them
across three channels. These ROI images were then fed into the VGG19 model, which
generated five feature vectors that were then concatenated into a single feature vec-
tor. The fusion of CNN-based features and handcrafted features offered an AUC of
0.862 on 739 ROI images extracted from a private FFDM dataset of 245 breast le-
sions. Yeh and Chan [144] compared CNN-based CAD with feature-based CAD for
breast cancer classification using DBT images. For both systems, the image process-
ing step included noise removal, intensity conversion, morphological treatment, and
ROI extraction. The CNN-based CAD achieved accuracy of 87.12% (±0.035) com-
pared to a feature-based CAD with accuracy of 74.85% (±0.122) on a private dataset
having DBT images of 20 practical cases. Chougrad et al. [145] developed a CAD
system by exploring transfer learning of CNN models to classify mammography mass
lesions. During preprocessing, fixed-size ROI patches were extracted followed by their
global contrast normalization. Three state-of-the-art CNN models including VGG16,
ResNet50, and Inception-v3 were fine-tuned to achieve optimal classification perfor-
mance. The fine-tuned Inception-v3 outperformed the other two networks on all of
the DDSM, BCDR, and INbreast datasets. Moreover, the inception-v3 model was
fine-tuned on a larger dataset comprised of the above-mentioned three datasets and
achieved accuracy of 98.23% with an AUC of 0.99 on the independent MIAS dataset.
Gao et al. [146] suggested a shallow-deep CNN model using ResNet50 along with a
gradient boosting tree to classify breast tumors into benign and malignant using CESM
images. The shallow-deep CNN was employed to render the recombined images from
low-energy images of the CESM.Whereas, the deep-CNNwas utilized to extract novel
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features from the low-energy and recombined images. During preprocessing, lesions
were manually identified and tumor images were normalized between 0 and 1. These
images were then resized to 224 × 224 pixels to train the designed framework. The
proposed approach achieved accuracy of 0.85 with an AUC of 0.84 using only the
low-energy images of the private CESM dataset. Whereas it provided accuracy of
0.89 with an AUC of 0.91 using both the low energy and recombined images of the
private dataset of 49 CESM cases. Hagos et al. [147] proposed a novel CNN-based
model using symmetry information to classify breast mammographic masses. The sus-
picious mass candidates were first detected automatically by analyzing local lines and
gradient orientation features. Following that, images were resized to 300 × 300 pixels,
and data augmentation was performed. The suggested symmetry model outperformed
a baseline model similar to the VGG network. The designed system attained an AUC
of 0.933 on a private dataset of 28,294 FFDM images. Mohamed et al. [148] employed
an improved AlexNet network to categorize breast density using FFDM images. Dur-
ing preprocessing, histogram equalization was used to calibrate the contrast intensity
of images, followed by normalization of the dataset. The modified AlexNet frame-
work consisted of five convolutional layers, three maximum pooling layers, and three
fully connected layers with a final two-way softmax function. In the first model, the
two outputs corresponded to the categories of scattered density and heterogeneously
density. Whereas, the two outputs of the second model denoted non-dense (fatty and
scattered density) and dense (heterogeneous and extreme density) classes. The second
model outperformed the first one, achieving anAUC of 0.97 for theMLO view on a pri-
vate dataset of 15,415 FFDM images. Li et al. [149] designed an improved DenseNet
model, known as DenseNet-II, to classify benign andmalignant mammography images
in an effective way. During preprocessing, images were normalized with zero-mean
and unit standard deviation. Besides, images were enhanced using affine transforma-
tions and random cropping. The DenseNet-II model has an Inception module, three
dense blocks, and transitional layers. It was found that the DenseNet-II framework
with a few parameters outperformed AlexNet, VGG19, GoogLeNet, and DenseNet
networks by achieving accuracy of 94.55%, sensitivity of 95.60%, and specificity of
95.36% on a private dataset having 2042 FFDM cases. Laghmati et al. [150] lever-
aged numerous ML techniques including ANN, KNN, DT, and SVM to classify breast
mammographic masses as benign or malignant. Five attributes were considered at the
input of each classifier to predict the severity of each breast mass. It was found that the
ANN outperformed the others with accuracy of 0.84, sensitivity of 0.86, and specificity
of 0.82 on the mammographic mass dataset. Tsochatzidis et al. [151] investigated the
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effect of weight initialization on the performance of deep CNN models in classify-
ing mammographic mass lesions. During preprocessing, mass images were extracted
from the original mammograms. A total of eight deep CNN models were trained from
scratch with random weights and fine-tuned with pretrained weights. It was found that
models initialed with pretrained weights outperformed the networks initialized with
random weights. Among the pretrained models, ResNet50 architecture yielded a high-
est accuracy of 0.804 on the CBIS-DDSM dataset. The proposed network achieved a
segmentation DSC of 0.830 and a detection sensitivity of 0.850 on the INbreast dataset.
Benzebouchi et al. [152] proposed a CNN-based architecture to classify mammogra-
phy mass images as benign or malignant. The segmentation was manually performed
to generate mass images which were employed to train the model. The proposed sys-
tem yielded accuracy of 97.89%, sensitivity of 98.90%, specificity of 96.90%, and an
AUC of 98.20% on the DDSM dataset. Li et al. [153] evaluated numerous deep CNN
models to distinguish normal, benign, and malignant breast tissues using FFDM and
DBT. During preprocessing, two experienced radiologists extracted 2D ROI patches
from FFDMs as well as 2D and 3D ROI patches from DBT images. The data was
augmented by rotating, flipping, and scaling the images. Four different studies were
assessed with and without transfer learning using the VGG16 network. In addition, the
combined effect of FFDM and DBT was explored in these four studies. It was con-
cluded that transfer learning benefited mass classification for both the FFDM and DBT.
Furthermore, it was found that combining FFDM and DBT improved classification ac-
curacy. For malignant masses, the best model achieved accuracy of 95.10%, sensitivity
of 70.80%, specificity of 98.90%, and an AUC of 0.910 using a private dataset con-
taining 1854 2D and 3D ROI patches from FFDM and DBT images. Wessels and Haar
[154] designed a CAD system based on deep CNN to categorize normal, benign, and
malignant breast tissues using FFDM. During preprocessing, images were downsam-
pled to 128×128 pixels, followed by their normalization. Two deep CNN architectures
including mini VGGNet and mini GoogLeNet were leveraged to classify breast tissues
into normal, benign, and malignant classes. It was noticed that the mini GoogLeNet
provided a higher accuracy of 66.16%, a precision of 67.63%, a recall of 66.84%, and
an AUC of 0.850 on the DDSM dataset. Saranyaraj et al. [155] developed a DCNN to
classify mammograms as normal, benign, or malignant. During preprocessing, images
were cropped to 200 × 200 pixels and de-noised to preserve the edge information. The
proposed five-layered DCNNwas trained by employing different sets of hyperparame-
ters. It was found that the performance of the DCNN was sensitive to the choice of hy-
perparameters. The optimizedDCNNacquired accuracy of 96.23% alongwith anAUC

39



Chapter 2 Literature Review

of 0.9842 on the DDSM dataset. Ragab et al. [156] leveraged DCNN to classify mam-
mograms into benign and malignant. During preprocessing, images were enhanced
using the CLAHE method, and ROI patches were extracted. Subsequently, features
were extracted using the AlexNet, GoogleNet, ResNet18, ResNet50, and ResNet101
architectures. These features were then fused to train the SVM classifier with different
kernels. It was found that the SVM with quadratic kernel achieved maximum classifi-
cation performance. It attained accuracy of 97.90%, sensitivity of 0.980, specificity of
0.980, and anAUC of 1.00 on the CBIS-DDSMdataset. Similarly, it procured accuracy
of 97.40%, sensitivity of 0.990, specificity of 0.952, and an AUC of 1.00 on the MIAS
dataset. Heidari et al. [157] investigated the effect of feature dimension reduction in
optimizing ML models to classify mammographic lesions into benign and malignant.
During preprocessing, breast masses were segmented and 181 features were extracted.
Numerous feature reduction techniques were employed to train the SVM model. It
was found that the random projection algorithm (RPA) outperformed the others by
achieving accuracy of 75.2% and an AUC of 0.840 on a private dataset of 1487 FFDM
images. Malebary et al. [158] proposed a CAD system based on CNN and LSTM to
classify mammograms into normal, benign, and malignant. During preprocessing, le-
sions were segmented using k-means clustering to generate ROI images. Thereafter,
features extracted with ResNet50 and LSTMwere concatenated to train a CNNmodel.
Lastly, the RF and XGBoost classifiers were followed to finalize the predictions. The
proposed framework acquired accuracy of 0.960, sensitivity of 0.970, specificity of
0.980, and an F1-score of 0.970 on the DDSM dataset. Similarly, it offered accuracy of
0.950, sensitivity of 0.970, specificity of 0.970, and an F1-score of 0.980 on the MIAS
dataset. Lee et al. [159] compared segmentation-free and segmentation-dependent
CAD systems to classify mammograms as benign or malignant. It was noticed that the
segmentation-free CNN outperformed segmentation-dependent models by procuring
an AUC of 0.86 on the CBIS-DDSM dataset. Tsochatzidis et al. [160] integrated seg-
mentation information into CNN to effectively classify breast lesions into benign and
malignant. During preprocessing, ROI images of 1024 × 1024 pixels were extracted
from original mammograms. Segmentation maps were acquired from either ground-
truth or a modified U-Net model to train a modified ResNet50 model. The proposed
strategy obtained accuracy of 0.776 and AUC of 0.862 using ground-truth segmenta-
tion maps, whereas it attained a maximum accuracy of 0.768 and AUC of 0.857 using
a U-Net-based automatic segmentation on the CBIS-DDSM dataset. El Houby et al.
[161] proposed a novel CNN model to classify mammography images into benign and
malignant. During preprocessing, mammograms were denoised with a nonlinear filter,
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enhanced with CLAHE, and ROI images were extracted. Moreover, ROI patches were
resized to 208×208 pixels, and data augmentation was performed. The designed CNN
model yielded accuracy of 96.52% and 95.30%, sensitivity of 96.55% and 98.00%,
specificity of 96.49% and 92.6%, and AUC of 0.980 and 0.974 on the INbreast and
MIAS datasets, respectively. Song et al. [162] proposed a new multiview multimodal
network based on Res2Net50 to classify CESM images as benign or malignant. During
preprocessing, images were denoised, followed by data augmentation and contract nor-
malization. The proposed model was then trained simultaneously on low-energy and
dual-energy subtracted images. It procured accuracy of 96.60%, sensitivity of 96.40%,
specificity of 96.40%, and AUC of 0.966 on a private dataset having 760 CESM im-
ages from 95 patients. Al-Fahaidy et al. [163] proposed anMLmodel to classify breast
masses as benign or malignant using FFDM images. The preprocessing step involved
noise removal with median filtering, artifact suppression, and background separation.
The ROI images of 64 × 64 pixels were then extracted using the seeded region grow-
ing technique. After that, shape-based, first-order, second-order, fractal dimension and
wavelet features were extracted, and 307 effective features were identified using the
sequential forward selection method. The suggested SVM model was trained on these
optimal features which yielded accuracy of 87.10% and sensitivity of 90.00% on the
MIAS dataset. Samee et al. [164] exploited DCCN together with LR and PCA to cat-
egorize FFDM images into benign and malignant. The preprocessing step included
ROI extraction, data augmentation, and generating pseudo-color RGB images. These
mammograms were then fed into the AlexNet, VGG16, and GoogLeNet to extract fea-
tures. Following that, significant features were retrieved with PCA and LR models
to train SVM, KNN, NB, and ensemble classifiers. This methodology attained accu-
racy of 98.62% and sensitivity of 98.28% on the INbreast and accuracy of 98.80% and
sensitivity of 99.62% on the mini-MIAS dataset. Marathe et al. [165] leveraged an
ML approach to distinguish amorphous calcification lesions as benign or malignant.
During preprocessing, three different binary masks were generated from each input
ROI image by employing a multiscale segmentation method. A set of local and global
features were then extracted from these masks. The local features were then grouped
together using the k-means clustering, and concatenatedwith global features to train the
LightGBM classifier. This methodology yielded accuracy of 0.530, sensitivity of 1.00,
and AUC of 0.730 on a private dataset with 276 ROI patches from 248 FFDM images.
Singh et al. [166] developed an improved ML framework to delineate breast masses
into benign and malignant using FFDM images. In the beginning, ROI areas with mass
lesions were extracted. Then, a total of 125 geometric and textural features were re-
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trieved from each ROI image. Next, the twenty most discriminatory features were used
to train six classifiers, which included KNN, SVM, DT, RF, NB, and ET models. The
results revealed that the KNN outperformed other classifiers with accuracy of 90.40%,
sensitivity of 92.00%, and specificity of 88.00% on the INbreast dataset. Karthiga et
al. [167] presented an innovative DCCN model to demarcate benign and malignant
lesions using FFDM images. The preprocessing step involved contrast enhancement
with CLAHE, data augmentation, segmentation with polynomial curve fitting, and ROI
selection. It was found that the propounded framework surpassed fine-tuned AlexNet,
VGG16, and VG19 networks, and yielded accuracy of 95.95% on the MIAS dataset,
99.39% on the DDSM, and 96.53% on the INbreast dataset. Hekal et al. [168] intro-
duced an ensemble system based on DCCN models to classify benign and malignant
lesions using FFDM images. During reprocessing, the extracted ROI images were
converted to the suspected module region (SNR) using the Otsu thresholding method.
The ensemble model comprising AlexNet, ResNet50, ResNet101, and DenseNet201
was then trained on SNR images. After that, the extracted features were fused to train
the SVM classifier. The propound system yielded accuracy of 94.00%, sensitivity of
92.00%, and specificity of 93.00% on the CBIS-DDSM dataset. Alshammari et al.
[169] employed various ML techniques to categorize benign and malignant tumors us-
ing FFDM images. During preprocessing, an experienced radiologist manually labeled
tumor lesions to extract ROI images. Twelve features pertaining to shape, density, and
texture were then retrieved from each ROI region. The SVM, NB, DT, DA, and KNN
classifiers were then trained using two optimal features and an optimization algorithm
It was noticed that optimized SVM and NB surpassed other classifiers, achieving ac-
curacy of 100.0% on a private dataset with 42 FFDM images. Song et al. [170] de-
signed multi-feature deep information bottleneck (MDIB) network to delineate CESM
images to benign and malignant. During preprocessing, images were normalized and
augmented. Initially, the ResNet18 network was trained on multi-view multi-modal
images of the CESM to extract multimodal features. These features were then used to
train MLP to calculate the information bottleneck and mutual information among the
extracted multimodal features. Finally, these features were concatenated to effectively
calculate the breeast malignancy. The proposed MDIB framework attained accuracy
of 97.18%, sensitivity of 94.86%, and AUC of 0.973 on a private dataset containing
760 CESM images from 95 patients.
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Table 2.8 ML and DL in breast cancer classification using sonography during 2016-2022

Author Year Country Type Dataset Task Technique Optimal Results
Shan et al.
[171]

2016 USA Journal Private
sonograms

Classification DT, RF, SVM,
and ANN

Accuracy: 78.50%,
AUC score: 0.830

Singh et al.
[172]

2017 India Journal Private
sonograms

Classification Fusion of
BPANN, SVM
and expert
opinion

Accuracy: 98.96%,
Sensitivity: 99.28%,
Specificity: 98.66%,
AUC score: 98.97%

Antropava
et al. [143]

2017 USA Journal Private
sonograms

Classification VGG19 with
SVM

AUC score: 0.902

Sultan et
al. [173]

2018 USA Journal Private
sonograms

Classification RF classifier Sensitivity: 0.920,
Specificity: 0.950,
AUC score: 0.960

Byra et al.
[174]

2019 USA Journal Private
sono-
grams,
UDIAT,
OASBUD

Classification CNN Accuracy: 0.887,
Sensitivity: 0.848,
Specificity: 0.897,
AUC score: 0.936

Wang et al.
[175]

2020 Canada Journal Private
ABUS

Classification Inception-v3 Accuracy: 0.880,
Sensitivity: 0.886,
AUC score: 0.947

Daoud et
al. [176]

2020 Jordan Journal Private
sono-
grams and
UDIAT

Classification VGG19 with
SVM

Accuracy: 96.1%,
Sensitivity: 95.7%,
Specificity: 96.3%,
AUC score: 0.981

Mishra et
al. [177]

2021 India Journal BUSI Classification LR, DT, SVM,
RF, AdaBoost,
and gradient
boosting

Accuracy: 0.974,
Sensitivity: 0.960,
AUC score: 0.970

Eroğlu et
al. [178]

2021 Turkey Journal BUSI Classification AlexNet,
ResNet50, and
MobileNet-v2

Accuracy: 95.60%,
Sensitivity: 95.60%

Shia and
Chen
[179]

2021 Taiwan Journal Private
sonograms

Classification ResNet101 with
linear SVM

Sensitivity: 94.34%,
Specificity of
93.22%, AUC score:
0.938

Misra et al.
[180]

2022 Republic
of Korea

Journal Private
grayscale
and SE

Classification AlexNet and
ResNet

Accuracy: 90.00%,
Sensitivity: 88.89%,
F1-score: 89.79%

Hoffmann
et al. [181]

2022 Germany Journal Private
grayscale
and SWE

Classification DCNN accuracy: 93.53%,
Sensitivity: 94.42%,
AUC score: 96.55%

Mishra et
al. [182]

2022 India Journal BUSI and
UDIAT

Classification RF, AdaBoost,
gradient boost-
ing, and SVM

Accuracy: 0.974,
Sensitivity: 0.977,
F1-score: 0.970,
AUC score: 0.991

Liu et al.
[183]

2022 China Journal Private
sonograms

Classification ResNet101 with
PCA, NB, and
SVM

Accuracy: 89.17%,
Recall: 86.49%,
AUC score: 0.950

Wang et al.
[184]

2022 China Journal Private
ABUS

Classification ResNet101-v2 Accuracy: 77.50%,
Sensitivity: 85.00%,
AUC score: 0.850

ML and DL in breast cancer classification using sonography

Various studies presented supervised ML and DL frameworks to classify breast lesions
using sonography, as provided in Table 2.8. Shan et al. [171] proposed a methodology
to translate descriptive BI-RADS features of ultrasound imaging into digital features.
The optimum feature sets were then selected from digitized features using a bottom-up
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searching method. Different combinations of digitized features were used to analyze
the classification performance of DT, RF, SVM, and ANN classifiers. The RF model
provided the highest accuracy of 78.50% with an AUC of 0.83 on a private dataset
of 283 sonograms. Singh et al. [172] intended to improve the clinical use of CAD
systems in breast lesion classification using sonography. At first, noise in sonograms
was reduced using wavelet-based filtering, and ROI patches were obtained. Second,
457 features were extracted, from which only the 19 most relevant were selected using
multiple feature selectionmethods. Optimal results were obtained using amulti-criteria
feature selection method. Finally, classification was performed by integrating BPANN,
SVM, and expert opinion. The proposed hybrid method using a multi-criterion feature
selection technique yielded accuracy of 98.96%, sensitivity of 99.28%, specificity of
98.66%, and an AUC of 98.97% on a private dataset of 178 sonograms. Antropava et
al. [143] joined CNN features with handcrafted features, followed by SVM, to classify
breast lesions of breast sonograms. The grayscale ROI images obtained from sono-
grams were first converted to RGB images by duplicating them across three channels.
Then, all the original varying-sized ROI patches were converted to fixed sizes before
feature extraction. The fixed-sized ROI images were then fed into the VGG19 model,
which produced five feature vectors that were then concatenated to get a single feature
vector. The fusion of CNN-based features and handcrafted features yielded an AUC
of 0.902 on 2393 ROI images extracted from a private dataset having 1125 sonogram
lesions. Sultan et al. [173] followed an ML approach to classify breast lesions as be-
nign ormalignant usingmultimodal sonography images. During preprocessing, lesions
were manually traced by an experienced clinician. The grayscale and Doppler features
were then extracted automatically to train the RF classifier. It was concluded that com-
bining Doppler and grayscale morphologic features improved diagnostic performance.
This approach procured the highest sensitivity of 0.920, specificity of 0.950, and AUC
of 0.960 on a private dataset containing grayscale and Doppler images from 160 breast
lesions. Byra et al. [174] developed a framework based on the fine-tuning of VGG19
to classify breast sonography masses into benign and malignant. In the beginning, ROI
patches were extracted by an experienced radiologist. During preprocessing, ROI im-
ages were median filtered, cropped, and resized to the default VGG19 image size of
22 × 224 pixels. Also, data augmentation was applied to improve the training process.
The concept of the matching layer was introduced at the start of the pretrained model to
convert the input grayscale ultrasound images to RGB images. This layer reinforced
the discriminative power of the pretrained VGG19 network and yielded accuracy of
0.887 (±0.028), sensitivity of 0.848 (±0.039), specificity of 0.897 (±0.035), and an
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AUC of 0.936 (±0.019) on a private dataset containing 882 ultrasound masses with
one mass per patient. Wang et al. [175] proposed a multiview CNN model based on
Inception-v3 to classify ABUS images into benign and malignant. The ground truth
of each lesion was annotated by a physician using a bounding box which was further
verified by an experienced radiologist. The lesion patches were cropped from different
slices of each lesion to train the model. As the ABUS images can be visualized in coro-
nal and transverse plans, the proposed multiview Inception-v3 was able to effectively
extractmultiview features from both views. This approach outperformed the traditional
MLmodels as well as single-view CNNs and achieved accuracy of 0.880, sensitivity of
0.886, specificity of 0.876, and an AUC of 0.947 (±0.016) on a private dataset of 316
breast lesions from 263 patients. Daoud et al. [176] combined deep features with hand-
crafted morphological features to effectively classify breast sonograms into benign and
malignant. During preprocessing, ROI images were obtained from the original images
using bounding boxes. The VGG19 was then trained on ROI images to extract deep
features at six different levels. These deep features were combined with handcrafted
texture and morphological features to train the SVM classifier. Furthermore, a feature
selection algorithm was used to choose an optimal combination of deep and hand-
crafted features. It was found that the combination of deep features and handcrafted
morphological features offered promising results with accuracy of 96.1% (±2.2), sen-
sitivity of 95.7% (±4.2), specificity of 96.3% (±3.6), and an AUC of 0.981 on a pri-
vate dataset containing 380 sonograms. Mishra et al. [177] followed the ML approach
to classify breast tumors as benign or malignant using sonograms. Initially, original
sonograms were fused with ground truth to produce masked RGB images. Next, 3810
handcrafted features were extracted, including HOG, Hu moments, shape features, and
texture features. Following that, the recursive feature elimination technique was uti-
lized to select ten prominent features. Lastly, oversampling was performed using the
synthetic minority oversampling technique (SMOTE). It was found that the AdaBoost
classifier outperformed others with accuracy of 0.974, sensitivity of 0.960, and AUC
of 0.970 on the BUSI dataset. Eroğlu et al. [178] proposed a hybrid model based
on DCCN to classify sonograms into normal, benign, and malignant. During prepro-
cessing, data augmentation was applied to normal and malignant images to balance the
dataset. The proposed hybrid model comprised of AlexNet, ResNet50, andMobileNet-
v2 was employed to extract salient features. The most prominent features were then
selected using the minimum redundancy maximum relevance method. This approach
yielded accuracy of 95.60% and sensitivity of 95.60% on the BUSI dataset. Shia and
Chen [179] exploited pretrained ResNet-101 as a feature extractor together with lin-
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ear SVM to classify breast sonograms as benign or malignant. During preprocessing,
images were resized 224 × 224 pixels after the removal of the non-related contents.
In addition, data augmentation was used by applying geometric transformations. The
pretrained ResNet-101 was then utilized to extract prominent features, followed by the
linear SVM to predict the breast malignancy. It was concluded that the proposed ap-
proach offered comparable performances to those reported by three experienced physi-
cians. Specifically, it procured sensitivity of 94.34%, specificity of 93.22%, and AUC
of 0.938 on malignant images of a private dataset containing 2099 breast sonograms
retrieved from 543 patients. Misra et al. [180] developed an ensemble DL architecture
to classify benign and malignant tumors using grayscale B-mode and SE sonograms.
During preprocessing, images were augmented by applying geometric transformations.
The AlexNet and ResNet were then fine-tuned on augmented B-mode and SE images,
and the resulting features were combined to predict the level of malignancy. This ap-
proach yielded an image-level accuracy of 90.00%, sensitivity of 88.89%, specificity
of 91.10%, and F1-score of 89.79% on a private dataset containing 261 B-mode im-
ages and 261 SE images. Hoffmann et al. [181] introduced a DCNN framework to
categorize benign and malignant lesions using sonography images with each having
grayscale and SWE sonograms. During preprocessing, each original sonogram was
cropped into four images, two grayscale and two SWE sonograms. In addition, these
images were resized to 224 × 224 × 3 pixels. Different combinations of sonograms
were used to evaluate the performance of the proposed DCNNmodel. It was found that
combining grayscale and SWE images with the surrounding B-mode image using two
ensembled DCNNmodels achieved the best results, with accuracy of 93.53%, sensitiv-
ity of 94.42%, specificity of 90.75% and an AUC of 96.55% on a private dataset of 746
sonography images. Mishra et al. [182] fused CNN features with radiomic features to
distinguish between benign and malignant tumors using sonograms. A total of 3812 ra-
diomic features were extracted including shape, HOG,GLCM, and LBP features. After
that, relevant features were selected using the recursive feature elimination technique.
The SVM, RF, AdaBoost, and gradient boosting were used to finalize the prediction. It
was concluded that the gradient boosting classifier outperformed others and acquired
accuracy of 0.978, sensitivity of 0.977, F1-score of 0.970, and AUC of 0.991 on the
BUSI dataset. Whereas, it attained accuracy of 0.974, sensitivity of 0.979, F1-score
of 0.972, and AUC of 0.987 on the UDIAT dataset. Liu et al. [183] proposed a new
framework using morphological, textural, and deep features to classify sonograms into
benign and malignant. During preprocessing, two experienced pathologists extracted
ROI images, which were then resized to 256×256 pixels. For morphological features,
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k-means clustering was used to segment regions, and the least correlated features were
then used to train the NB classifier. For textural features, the LBP, HOG, and GLCM
features were extracted, followed by PCA to find the least correlated features. For
deep features, the ResNet101 was used as a feature extractor, followed by PCA to se-
lect the least correlated features. The textural and deep features were then used to train
the SVM classifier. Finally, the results obtained from NB and SVM were averaged
together to calculate the breast malignancy. This methodology procured accuracy of
89.17%, recall of 86.49%, F1-score of 88.28%, and AUC of 0.950 on a private dataset
with 791 FFDM images. Wang et al. [184] propounded an innovative DCNN model
to classify benign and malignant tumors using ABUS volumes. During preprocessing,
lesion volumes were manually marked by three experienced radiologists. The ResNet-
v2 model was then provided with the original ABUS and morphological information
to accurately predict the level of malignancy. It was observed that the ResNet101-v2
achieved a maximum accuracy of 0.775, sensitivity of 0.850, F1-score of 0.820, and
AUC of 0.850 on a private dataset containing 769 ABUS volumes from 743 patients.

ML and DL in breast cancer classification using MRI imaging

Several studies introduced supervised ML and DL architectures to classify breast le-
sions usingMRI, as given in Table 2.9. Razavi et al. [185] proposed a new criterion for
selecting four sets of vital morphological features. These include three shape descrip-
tors generated by the sphere packing method, namely volume�radius histogram, pack-
ing fraction of enclosing sphere, and graph topological features, whereas the fourth is
the Zernike descriptor. These four methods resulted in a total number of 142 features.
Also, mean decrease in accuracy (MDA) and mean decrease gini (MDG) were applied
to select the top 30 features. The RF classifier outperformed the NB, AdaBoost, and
SVM classifiers, achieving accuracy of 90.56%, a precision of 90.30%, and an AUC of
0.94 on a private dataset consisting of 106 non-mass-like lesions of DCE-MRI images.
Antropava et al. [143] fused CNN features with handcrafted features, followed by
SVM, to classify breast lesions of breast DCE-MRI images. The grayscale ROI images
obtained from DCE-MRI images were first converted to RGB images by duplicating
them across three channels. In this case, one precontrast and two post-contrast slices of
every ROI were combined to get the corresponding RGB image, before feature extrac-
tion. The fixed-size ROI images were then fed into the VGG19model, which produced
five feature vectors that were then concatenated to get a single feature vector. The fu-
sion of CNN-based features and handcrafted features yielded an AUC of 0.892 on 690
ROI patches extracted from a private dataset of 690 DCE-MRI images. Zheng et al.
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Table 2.9 ML and DL in breast cancer classification using MRI during 2016-2022

Author Year Country Type Dataset Task Technique Optimal Results
Razavi et
al. [185]

2016 Germany Conference Private
DCE-MRI

Classification NB, RF, Ad-
aBoost, and
SVM

Accuracy: 90.56%,
Precision: 90.30%,
AUC score: 0.940

Antropava
et al. [143]

2017 USA Journal Private
DCE-MRI

Classification VGG19 with
SVM

AUC score: 0.892

Zheng et
al. [186]

2018 China Conference Private
DCE-MRI

Classification Dense Convo-
lutional LSTM
with ResNet50

Accuracy: 0.847,
Recall: 0.782, Preci-
sion: 0.815

Luo et al.
[187]

2019 Hong
Kong

Conference Private
DCE-MRI

Classification 3D ResNet34 Accuracy: 0.855,
Sensitivity: 0.857,
Specificity: 0.852,
AUC score: 0.902

Ji et al.
[188]

2019 USA Journal Private
DCE-MRI

Classification SVM Sensitivity: 99.50%,
AUC score: 0.890

Haarburger
et al. [189]

2019 Germany Conference Private
DCE-MRI

Classification 3D ResNet18
with multi-scale
curriculum
learning strat-
egy

Accuracy: 0.810,
AUC score: 0.890%

Feng et al.
[190]

2020 China Journal Private
multi-
sequence
MRI

Classification KFLI model
based on
ResNet50 and
LSTM

Accuracy: 85.00%,
Sensitivity: 84.60%,
Specificity: 85.70%,
AUC score:0.890

Thakran et
al. [191]

2021 India Journal Private
multipara-
metric
MRI

Classification NB, RF, and
SVM

Accuracy: 0.940,
Sensitivity: 0.960,
Specificity: 0.920

Fujioka et
al. [192]

2021 Japan Journal Private
DCE-MRI

Classification Xception,
InceptionResNet-
v2, Inception-
v3, DenseNet

Sensitivity: 74.50%,
Specificity: 96.00%,
AUC score: 0.895

Amin et al.
[193]

2022 UAE Journal Private
MRI

Classification SVM and ANN Accuracy: 98.52%,
Sensitivity: 97.00%

Rashid et
al. [194]

2022 Turkey Journal Private
MRI

Classification CNN with SVM Accuracy: 95.28%,
AUC score: 0.974

Gui et al.
[195]

2022 China Journal Private
MRI

Classification AlexNet,
VGG16,
GoogLeNet,
ResNet50, and
DenseNet

Accuracy: 0.925,
Sensitivity: 0.950,
AUC score: 0.958

Tsuchiya
et al. [196]

2022 Japan Journal Private
MRI

Classification SVM, RF, Accuracy: 93.00%,
Sensitivity: 92.00%,
AUC score: 0.970

[186] presented a novel structure termed dense convolutional LSTM to classify smaller
breast lesions using DCE-MRI and DWI images. During preprocessing, two experi-
enced radiologists performed pixel-level labeling task. The DCE-MRI images were
normalized and cropped into 40 × 40 × 40 × 𝑡, where 𝑡 is the time sequence. Whereas,
DWI-MRI images were normalized and cropped into 40 × 40 × 40 at the same loca-
tion. Initially, the LSTM states were instantiated using Apparent Diffusion Coefficient
(ADC) maps generated from DWI images. The proposed dense convolutional LSTM
framework was then exploited to extract time-intensity information from DCE-MRI,
followed by the ResNet50 to predict the malignancy. The proposed approach outran
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the default ResNet50 network and acquired accuracy of 0.847, recall of 0.782, and pre-
cision of 0.815 on a private dataset having 72 DCE-MRI images from 72 patients. Luo
et al. [187] introduced a novel framework based on 3D ResNet34 to classify breast
lesions followed by their localization in DCE-MRI images. During preprocessing, the
3D ResNet34 model was first trained using the proposed Cosine Margin Sigmoid Loss
(CMSL). During the classification task, deep features learned by the 3DResNet34were
embedded into a hyper-sphere to discriminate between benign and malignant classes
in an angular feature space. Whereas, during the localization task, tumors were local-
ized by leveraging correlations among the learned deep features using the COrrelation
Attention Map (COAM). The suggested model guided by CMSL attained accuracy of
0.855, sensitivity of 0.857, specificity of 0.852, and an AUC of 0.902 on a private
dataset containing 10,290 DCE-MRI images from 1715 subjects. Ji et al. [188] in-
vestigated the effectiveness of radiomic features along with SVM to classify mass and
non-mass lesions of DCE-MRI studies into benign and malignant. Breast lesions were
first manually located with the assistance of a skilled radiologist. A computerized ap-
proach was then used to perform three-dimensional tumor segmentation. Following
that, numerous radiomic features were extracted, including size, shape, morphology,
enhancement texture, and enhancement variance. Finally, these features were com-
bined to train the SVM to classify mass and non-mass lesions as benign or malignant.
This technique attained an AUC of 0.890 along with sensitivity of 99.50% on a private
dataset containing 1979 DCE-MRI studies. Haarburger et al. [189] proposed a new
framework using 3D ResNet18 in conjunction with a multiscale curriculum learning
strategy to classify whole breast DCE-MRI images into benign and malignant cate-
gories at a patient level. It should be noted that the 3D ResNet18 does not depend on
lesion segmentation. Also, the multiscale curriculum learning strategy can effectively
train the network on the patch level as well as on the whole breast level. This methodol-
ogy yielded anAUC of 0.89 (±0.01) and accuracy of 0.810 (±0.02) on a private dataset
containing 408 DCE-MRI studies. Feng et al. [190] developed a Knowledge-driven
Feature Learning and Integration (KFLI) framework to classify benign and malignant
breast lesions using multi-sequence MRI images containing DCE-MRI and DWI se-
quences. The two main components of the KFLI included a sequence division module
based on domain knowledge and an adaptive weighting module for feature integra-
tion. The proposed framework leveraged the properties of DCE-MRI and DWI se-
quences. The DCE-MRI sequence was divided into three sub-sequences known as over
appearance (OA), peripheral tissue (PT), and all phases of DCE-MRI (AP-DCE). The
OA and PT sequences contained morphological features, whereas the AP-DCE em-
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bodied hemodynamic information. Similarly, the DWI sequence comprehended data
about water molecule diffusion. The OA, PT, and DWI patches were used to train the
ResNet50 model. On the other hand, the AP-DCE patch with several sequential im-
ages was used to train the ResNet50 followed by the LSTM network. Features learned
from the above-mentioned four types of patches were then integrated using an adaptive
weighting module. The designed KFLI model offered accuracy of 85.00%, sensitiv-
ity of 84.60%, specificity of 85.70%, and an AUC of 0.908 on a private dataset of
100 multi-sequence MRI images from 100 patients. Thakran et al. [191] utilized the
ML approach to categorize breast tumors as benign or malignant in multiparametric
MRI images. During preprocessing, motion correction and automatic segmentation of
tumors were performed. Then, from each multiparametric MRI image, 128 features
were extracted, including 8 quantitative and 120 texture features. Following that, an
optimized feature vector with fifteen quantitative and texture features was computed to
train NB, RF, and SVM classifiers. It was found that SVM outperformed others with
accuracy of 0.940, sensitivity of 0.960, and specificity of 0.920 on a private dataset con-
taining multiparametric MRI images from 60 patients. Fujioka et al. [192] leveraged
DCNN frameworks to classify breast lesions into benign and malignant in DCE-MRI
images. During processing, each maximum intensity projection of the DCE-MRI im-
age was converted into an image of 512 × 512 pixels. These images were then used to
train various DL architectures. It was inferred that the InceptionResNet-v2 surpassed
others by yielding sensitivity of 74.50%, specificity of 96.00%, and AUC of 0.895 on a
private dataset containing 358 DCE-MRI cases. Amin et al. [193] exploited SVM and
ANN together with optimal features to categorize benign and malignant tumors using
MRI images. During preprocessing, a median filter was used to ensure uniformity of
images, followed by the watershed algorithm to segment tumor areas. After that, five
features were extracted to train SVM and ANN models. It was found that the SVM
with linear kernel surpassed the ANN by securing accuracy of 98.52% and sensitivity
of 97% on a private dataset with 56 MRI studies. Rashid et al. [194] explored both
ML and DL models to classify benign and malignant tumors using MRI images. For
the ML approach, seventy-five features were extracted from the selected ROI patches,
including shape and textural radiomic features. Furthermore, for the DL approach, the
proposed CNN-SVM and fine-tuned Inception-v3 models were trained. It was found
that the SVM with a linear kernel trained on 75 radiomic features attained accuracy of
97.06%, whereas the CNN-SVM attained accuracy of 95.28% and AUC of 0.974 on a
private dataset containing 35 MRI cases. Gui et al. [195] leveraged five DCNN mod-
els to classify benign and malignant lesions in MRI images. During preprocessing, an
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experienced radiologist manually performed lesion-level annotation. The slice-level
annotation was then carried out using the region-growing algorithm. These slice-level
images were used to train AlexNet, VGG16, GoogLeNet, ResNet50, and DenseNet
networks. It was concluded that the DenseNet model surpassed others and obtained
accuracy of 0.925, sensitivity of 0.950, and AUC of 0.958 on a private dataset con-
taining 487 lesions from 337 patients. Tsuchiya et al. [196] proposed a hybrid ML
model by leveraging radiomic and radiological features to classify benign and malig-
nant tumors in DCE-MRI images. During preprocessing, ROI areas of tumors were
extracted. Next, a total of 1070 first-order and second-order radiomic features were
retrieved among which 35 were selected using the LASSO technique. Three ML clas-
sifiers including SVM, RF, and XGBoost were trained on these optimal features. The
hybrid model attained a maximum accuracy of 93.00%, sensitivity of 92.00%, and
AUC of 0.970 on a private dataset with 88 MRI studies.

ML and DL in breast cancer classification using histopathology

Table 2.10 ML and DL in breast cancer classification using histopathology during 2016-2022

Author Year Country Type Dataset Task Technique Optimal Results
Modi et al.
[197]

2016 India Conference WDBC Classification BN, NB, and RF Accuracy: 96.84%

Spanhol et
al. [198]

2016 Brazil Conference BreakHis:
Binary

Classification CNN Accuracy: 85.60%

Zhi et al.
[199]

2017 New
Zealand

Conference BreakHis:
Binary

Classification VGG16 transfer
learning

Accuracy: 94.80%

Araújo et
al. [64]

2017 Portugal Journal BCBH Classification CNN with SVM Accuracy: 77.80%

Adeshina
et al. [200]

2018 Nigeria Conference BreakHis:
Multiclass

Classification Deep CNN with
AdaBoost

Accuracy: 91.54%,
Precision: 63.36%,
Recall: 76.67%

Jonnalagedda
et al. [201]

2018 USA Conference BreakHis:
Binary

Classification MVPNet based
on CNN

Accuracy: 92.20%,
Sensitivity: 94.20%,
Specificity: 92.30%

Liu [202] 2018 China Conference WDBC Classification LR classifier Accuracy: 96.50%
Huang
and Chung
[203]

2018 China Conference BCBH and
BACH

Classification ResNet with
MLP

Accuracy: 95.00%

Awan et al.
[204]

2018 UK Conference BACH Classification ResNet50 with
SVM

Accuracy: 90.00%

Chennamsetty
et al. [205]

2018 India Conference BACH Classification ResNet101 and
DenseNet161

Accuracy: 97.50%

Bardou et
al. [206]

2018 China Journal BreakHis:
Multiclass

Classification CNN and SVM Accuracy: 88.23%

Yang et al.
[207]

2019 China Journal BACH Classification EMS-Net based
on ResNet152,
DenseNet161,
and ResNet101

Accuracy: 91.75%
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Table 2.10 continued from previous page
Author Year Country Type Dataset Task Technique Optimal Results
Li et al.
[208]

2019 China Journal BCBH Classification ResNet50 with
SVM

Accuracy: 88.89%

De Matos
et al. [209]

2019 Canada Conference BreakHis:
Binary

Classification Inception-v3
with PCA and
SVM

Accuracy: 91.00%

Abdar et
al. [210]

2020 Canada Journal WDBC Classification Nested Ensem-
ble classifier
based on NB

Accuracy: 98.07%,
Recall: 98.10%, F1-
score: 98.10%

Hajiabadi
et al. [211]

2020 Iran Journal WDBC Classification ANN Accuracy: 0.960

El-Shair et
al. [212]

2020 USA Conference WDBC Classification LR, NB, and
MLP

Accuracy: 0.970,
Recall: 0.920,
F1-score: 0.960

Ray et al.
[213]

2020 USA Conference WDBC Classification LR, NB, and
MLP

Accuracy: 0.975,
Precision: 0.980, Re-
call: 0.950, F1-score:
0.970

Dhahri et
al. [214]

2020 KSA Journal MGH-
BIDMC
and
WDBC

Classification LR, KNN,
Gaussian NB,
extremely
randomized
tree (ET), and
AdaBoost

Accuracy: 96.07%,
Precision: 96.00%,
Recall: 96.00%, F1-
score: 96.00%

Mewada et
al. [215]

2020 KSA Journal BCBH and
BreakHis

Classification CNN with
spectral-spatial
features

Accuracy: 97.45%,
Sensitivity: 96.59%,
Specificity: 97.73%,
AUC score: 99.03%

Assiri et
al. [216]

2020 KSA Journal WDBC Classification LR, SVM, and
MLP

Accuracy: 99.42%,
Precision: 99.40%,
Recall: 994.0%, F1-
score: 99.40%

Saxena et
al. [217]

2020 India Journal BreakHis Classification AlexNet and
ResNet50 with
SVM

Accuracy: 93.92%

Ibraheem
et al. [218]

2021 Egypt Journal BreakHis:
Binary

Classification CNNwith resid-
ual blocks

Accuracy: 97.04%,
Sensitivity: 97.14%

Inan et al.
[219]

2021 Bangladesh Conference WDBC Classification Ensemble
model using
LR, KNN, and
SVM

Accuracy: 98.25%,
Recall: 100%, Preci-
sion: 97.30%

Boumaraf
et al. [220]

2021 China Journal BreakHis:
Multiclass

Classification ResNet18 with
transfer learning

Accuracy: 92.03%,
Recall: 90.28%, F1
measure: 90.77%

Ghosh et
al. [221]

2021 Bangladesh Conference WDBC Classification MLP, CNN,
RNN, LSTM,
and GRU

Accuracy: 99.10%,
Sensitivity: 98.00%

Yari et al.
[222]

2021 Norway Conference BreakHis:
Multiclass

Classification ResNet50 Accuracy: 94.33%

Rashmi et
al. [223]

2021 India Journal Private
and
BreakHis:
Binary

Classification BCHisto-Net
based on CNN

Accuracy: 95.00%,
Cohen’s kappa:
0.890
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Table 2.10 continued from previous page
Author Year Country Type Dataset Task Technique Optimal Results
Hu et al.
[224]

2021 China Journal BreakHis:
Binary

Classification Modified
ResNet34

Accuracy: 94.03%

Mashudi
et al. [225]

2021 Malaysia Conference WDBC Classification KNN, SVM,
RF, Bagging,
and AdaBoost

Accuracy: 98.77%

AlKassar
et al. [226]

2021 Iraq Journal BreakHis:
Multiclass

Classification Xception and
DenseNet

Accuracy: 92.20%

Saleh et al.
[227]

2022 Egypt Journal WDBC Classification An optimized
RNN

Accuracy: 96.74%,
Recall: 96.74%, and
F1-score: 96.80%

Zaalouk
[228]

2022 Egypt Journal BreakHis:
Multiclass

Classification VGG19,
Xception,
DenseNet201,
and ResNet152

Accuracy: 93.32%,
Recall: 92.36%, F1-
score: 92.44%

Madhulika
and Sam-
path [229]

2022 India Conference BreakHis:
Binary

Classification ResNet50 with
linear SVM

Accuracy: 96.92%

Sharma et
al. [230]

2022 India Journal BreakHis:
Multiclass

Classification ResNet50 with
linear SVM

Accuracy: 0.980,
Recall: 0.980,
F1-score: 0.910

Labrada
and
Barkana
[231]

2022 USA Conference BreakHis:
Binary

Classification DT, SVM,
KNN, and NN

Accuracy: 96.90%,
Recall: 97.40%, F1-
score: 97.70%, AUC
score: 98.80%

Abbasniya
et al. [232]

2022 Iran Journal BreakHis:
Binary

Classification Inception-
ResNet-v2
with XGBoost,
CatBoost,
LightBoost

Accuracy: 96.46%,
F1-score score:
97.44%

Aljuaid et
al. [233]

2022 KSA Journal BreakHis:
Multiclass

Classification ResNet18,
Inception-v3,
and ShuffleNet

Accuracy: 97.81%,
Sensitivity: 97.65%,
SpecificitY: 97.31%

Alaoui et
al. [234]

2022 Morocco Conference BreakHis:
Binary

Classification Ensemble of
seven pre-
trained DCNN
models

Accuracy: 93.80%,
Recall: 95.70%, F1-
score score: 93.80%

Nakach et
al. [235]

2022 Morocco Journal BreakHis:
Binary

Classification Inception-v3
with XGBoost

Accuracy: 92.52%,
Recall: 95.36%, F1-
score score: 92.93%

Khan et al.
[236]

2022 Bangladesh Journal BACH
and
BreakHis:
Binary

Classification MultiNet based
on VGG16,
DenseNet201,
and NasNetMo-
bile

Accuracy: 0.980,
Recall: 0.980,
F1-score: 0.980

Xu et al.
[237]

2022 China Journal BreakHis:
Binary

Classification DenseNet201
with RBF SVM

Accuracy: 94.88%,
Recall: 93.97%, F1-
score: 93.38%

Silva and
Cortes
[238]

2022 Brazil Journal BreakHis:
Binary

Classification ResNet18,
ResNet152, and
GoogLeNet

Accuracy: 0.840,
Recall: 0.860,
F1-score: 0.880
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Many studies developed supervised ML and DL models to classify breast lesions
using histopathology, as provided in Table 2.10. Modi and Ghanchi [197] leveraged
feature selection techniques such as information gain (IG), relief (R), correlation at-
tributes (CA), and correlation-based feature selection (CFS) to compare the classifica-
tion performance of Bayes network (BN), Naïve Bayes (NB) and random forest (RF)
algorithms. It was found that the RFmodel together with CA achieved the highest accu-
racy of 96.84% on the Wisconsin Diagnostic Breast Cancer (WDBC) dataset. Spanhol
et al. [198] proposed a CNN architecture with three convolutional layers and two fully
connected layers for the classification of breast histopathology images into benign and
malignant. During preprocessing, patches of 32 × 32 and 64 × 64 pixels were ex-
tracted from the input images using sliding windows and random extraction methods.
Furthermore, these patches were normalized by subtracting the mean image from each
patch before training the proposed CNN model. The output was calculated by com-
bining patch probabilities with the sum, product, and maximum rules. It was found
that the maximum rule outperformed the sum and product rules by achieving image
level accuracy of 85.60 (±4.8) for 40X on the binary task of the BreakHis dataset. Zhi
et al. [199] designed a custom model comprising six bottom convolutional layers of
the VGG16 network to classify breast histopathology images as benign or malignant.
First, five random patches were extracted from each image of all resolutions in the
BreakHis dataset. The proposed model was then trained three times based on different
patches which resulted in three classifiers. The ensemble of these three classifiers of-
fered accuracy of 93.3% for 40X, 94.6% for 100X, 94.8% for 200X, and 88.40% for
400X on the binary task of the BreakHis dataset. Araújo et al. [64] suggested a novel
CNN framework composed of five convolutional layers and three fully connected lay-
ers to classify breast histopathology images. During preprocessing, each image was di-
vided into 35 patches of 512×512 pixels with 50% overlap, followed by channel-wise
patch normalization. The proposed CNNwas trained on augmented patches to perform
patch-wise classification. Also, deep CNN features were then used to train the SVM
classifier. The image-wise classification was calculated by combining patch probabil-
ities with the sum, maximum, and majority voting rules. This novel architecture at-
tained the highest image accuracy of 85.00% using the majority voting rule. Adeshina
et al. [200] presented a deep CNN architecture together with AdaBoost to classify
breast cancer histopathology images. During preprocessing, images were resized into
400×400×3 pixels, followed by their normalization. The proposed CNN-basedmodel
as a feature extractor in conjunction with the AdaBoost classifier achieved accuracy of
91.54%, a precision of 63.36%, and a recall of 76.67% on the multiclass task of the
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BreakHis dataset. Jonnalagedda et al. [201] designed a CNN-based framework called
multi-viewing path DL neural network (MVPNet), as well as A new data augmentation
method called NuView, for magnification independent classification of breast cancer
histopathology images. The MVPNet simultaneously analyzed local and global fea-
tures of a tissue image using multiple kernels. Whereas the NuView leveraged the
location of tumor areas to generate images of random magnification. This approach
significantly reduced the number of parameters compared to standard transfer learning
models such as the ResNet50 network. The proposed MVPNet together with NuView
augmentation offered accuracy of 92.20% (±1.6), sensitivity of 94.20% (±2.2), and
specificity of 92.30% (±2.4) on the binary task of the BreakHis dataset. Liu [202]
evaluated the effectiveness of features selection on the classification performance of lo-
gistic regression using WDBC dataset. Among the ten features, maximum texture and
maximum perimeter were found to be the most effective. The combination of these two
features achieved a maximum accuracy of 96.5% on the WDBC dataset. Huang and
Chung [203] utilized a proposed deep spatial fusion network composed of an adapted
ResNet and MLP to compute spatial correlations among patches. Every input image
was divided into 12 non-overlapping patches following data augmentation and nor-
malization. A modified ResNet model was initially trained on these patches to obtain
the corresponding discriminatory features in the form of probability maps. The MLP
was then trained on spatially distributed probability maps to calculate class probability
for each input image. The proposed strategy achieved accuracy of 86.1% and 95.00%
on BCBH and BACH datasets, respectively. Awan et al. [204] proposed a context-
aware methodology to classify histopathology images using ResNet50 model together
with the SVM classifier. Each input image was first divided into 12 non-overlapping
patches. The ResNet50 model was then employed to generate an 8192-dimensional
feature vector for each patch. The dimensionality of these 12 features was further
reduced using the PCA technique. For context-based image classification, flattened
features of 2 × 2 overlapping blocks of patches were used to train the SVM classifier.
The proposed approach achieved accuracy of 90.00% on the BACH dataset. Chennam-
setty et al. [205] used an ensemble of a ResNet101 and two DenseNet161 networks to
classify breast histopathology images. During preprocessing, images were downsam-
pled using bilinear interpolation. Moreover, the images were normalized to zero mean
and unit standard deviation, computed from the pretrained ImageNet as well as from
the entire training histology dataset. The ResNet101 and DenseNet161 models were
fine-tuned on the ImageNet normalized dataset. Whereas the other DenseNet161 net-
work was fine-tuned with a normalized dataset from the training histology dataset. An
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ensemble of the above-mentioned three networks on two different normalized datasets
offered accuracy of 97.50% on the BACH dataset. Bardou et al. [206] compared the
performance of an ML model based on handcrafted features with that of a newly de-
signed DL model to automatically classify breast cancer histopathology images. In
the ML approach, handcrafted features were extracted using two coding models called
bag-of-words and locality-constrained linear coding. These features were then used to
train the SVMclassifier. Whereas in theDL approach, a CNNmodel was designedwith
five convolutional layers followed by two fully connected layers. The newly designed
CNN model outperformed the other, achieving accuracy of 88.23% for 40X on the
multiclass task of the BreakHis dataset. Yang et al. [207] proposed a novel framework
for classifying breast histopathology images called Ensemble of MultiScale convolu-
tional neural Network (EMS-Net). The EMS-Net leveraged an ensemble of fine-tuned
DenseNet161, ResNet152, and ResNet101 models. During preprocessing, each image
was converted to multiple scales, and patches of 224 × 224 pixels were extracted at
each scale. Also, patches were normalized to a zero mean and a unit variance, followed
by data augmentation. The proposed EMS-Net was trained on the augmented patches
of multiple scales and achieved accuracy of 91.75% (±2.32) using five-fold cross-
validation on the BACH dataset. Li et al. [208] utilized cell-level and tissue-level
information to train the ResNet50 model as a feature extractor for classifying breast
histopathology images. During preprocessing, H&E stain inconsistency was normal-
ized using Reinhard normalization. Two different patches of sized 128×128 pixels and
512 × 512 pixels were extracted from each input image to preserve the cell-level and
tissue-level features, respectively. Small patches were extracted without overlap and
then clustered by class using the k-means algorithm to select discriminative patches.
Whereas, large patches were extracted with 50% overlap. Both types of patches were
resized to 224×224 pixels before training the ResNet50 model. The extracted features
were used to train the SVMmodel. The proposed strategy achieved accuracy of 88.89%
on the BCBH dataset. De Matos et al. [209] proposed a new framework using transfer
learning with inception-v3 along with PCA and SVM to classify breast histopathol-
ogy images. Each input image was first converted into overlapped patches of size
150 × 150 pixels. Patch features were then extracted with two different strategies. In
the first type, patch-wise deep features were extracted using Inception-v3 as a feature
extractor followed by PCA. In the second type, patch-wise handcrafted features were
extracted using the PFTAS method. These features were independently used to train
the SVMmodel to filter out irrelevant patches by employing tissue structures from an-
other histopathology image dataset. The remaining relevant patches were used to train
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the SVM classifier. It was found that transfer learning with Inception-v3, followed by
PCA, attained a maximum accuracy of 91.00% (±3.00) for 100X on the binary task
of the BreakHis dataset. Abdar et al. [210] developed a novel Nested Ensemble (NE)
framework to classify benign and malignant breast tumors. It employed stacking and
voting (SV) techniques to combine classifiers for ensemble learning. The NE archi-
tecture has two major parts including the Classifier and MetaClassifier. The Classifier
incorporated various ML models. Whereas, the MetaClassifier embodied two or three
different classification algorithms. Four two-layered NE frameworks were designed
with two having two classifiers and two carrying three classifiers in their MetaClas-
sifiers. It was found that the SV-Naïve Bayes-3-MetaClassifier outperformed others
and yielded accuracy of 98.07%, a precision of 98.10%, a recall of 98.10%, and an
F1-score 98.10% of on the WDBC dataset. Hajiabadi et al. [211] introduced an en-
semble loss function to categorize benign andmalignant breast tumors. The new robust
and generalized objective function resulted from the linear combination of Hing, Cor-
rentropy, and Cross-entropy loss functions. The dataset was first normalized between
-1 and 1. The proposed ensemble loss function was then employed to train a simpler
ANN with three hidden layers, KNN, RF, and SVM classifiers. It was found that the
ANN outperformed KNN, RF, and SVM models and attained accuracy of 0.960 on
noisy labels of the WDBC dataset. El-Shair et al. [212] compared the performance
of several ML algorithms, including LR, NB, and MLP, in classifying benign and
malignant breast tumors. The dataset was predominantly normalized between 0 and
1. The features were then ranked using mutual information, and ten optimal features
were selected to train classifiers. It was found that MLP and LR outperformed the NB
and yielded accuracy of 0.970, a precision of 1.00, a recall of 0.920, and an F1-score
of 0.960 on the WDBC dataset. Ray et al. [213] proposed a cloud-based platform
that utilized DT and RF to classify breast tumors into benign and malignant. Dur-
ing preprocessing, the dataset was cleaned by removing missing values, followed by
data normalization between 0 and 1. After that, PCA was employed to select the ten
most crucial features. It was found that RF surpassed DT with accuracy of 0.975, a
precision of 0.980, a recall of 0.950, an F1-score of 0.970, and an AUC of 0.990 on
the WDBC dataset. Dhahri et al. [214] employed five different ML algorithms based
on reduced features to classify benign and malignant breast tumors. The most sig-
nificant features were first selected using the tabu search algorithm. Then, the KNN,
Gaussian NB (GNB), LR, extremely randomized tree (ET), and AdaBoost classifiers
were trained using the reduced features. It was discovered that significant features se-
lected using the tabu search algorithm improved the performance of classifiers. On
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the one hand, the AdaBoost outperformed others by achieving accuracy of 96.07%, a
precision of 96.00%, sensitivity of 96.00%, an F1-score of 96.00%, and an AUC of
95.00% on the MGH-BIDMC dataset. On the other hand, the LR outperformed oth-
ers by obtaining accuracy of 98.00%, a precision of 99.00%, sensitivity of 99.00%,
an F1-score of 99.00%, and an AUC of 98.00% on the WDBC dataset. Mewada et
al. [215] integrated spectral features of multi-resolution wavelet transform with spatial
features of CNN to classify breast histopathology images. During preprocessing, im-
ages were partitioned to patches of 512×512 pixels with 50% overlapping. Also, data
augmentation was performed by applying random rotation and mirroring. The pro-
posed wavelet-CNN-based framework was then trained on augmented patches having
similar labels as the original images. It yielded a maximum accuracy of 97.58% for
40X on the binary task of the BreakHis dataset. Also, it offered accuracy of 97.45%,
sensitivity of 96.59%, specificity of 97.73%, and an AUC of 99.03% on the BCBH
dataset. Assiri et al. [216] presented an ensemble model based on the majority vot-
ing mechanism to classify breast tumors. Initially, the performance of eight cutting-
edge ML classifiers was evaluated using the WDBC dataset. Subsequently, the three
best classifiers including LR, SVM with SGD, and MLP were chosen based on their
F-scores. The classification results of these three classifiers were forwarded to the
ensemble classifier to calculate the final outputs. This framework offered accuracy
of 99.42%, a precision of 99.40%, a recall of 994.0%, and an F1-measure of 99.40%
on the WDBC dataset. Saxena et al. [217] investigated ten state-of-the-art pretrained
CNN architectures as feature extractors for classifying breast histopathology images.
During preprocessing, each input image was divided into six non-overlapped patches
of 224×224 pixels. These patches were then fed into a pretrained deep CNNmodel un-
der the consideration of extracting patch features. Following that, the extracted patch
features were concatenated to generate a feature vector representing an image. Finally,
feature vectors were employed to train the linear SVM classifier to finalize the clas-
sification. The ResNet50 with linear SVM yielded a maximum image-level accuracy
of 90.12% for 200X on the binary task of the BreakHis dataset. Whereas, AlexNet
with linear SVM attained a top patient-level accuracy of 93.92% for 200X on the same
dataset. Ibraheem et al. [218] designed a framework having three parallel CNN with
residual blocks to classify breast histopathology images into benign and malignant.
During preprocessing, original images were resized to 224 × 224 pixels, followed by
data augmentation. This model yielded accuracy of 97.04%, sensitivity of 97.14%,
and specificity of 95.23% for 200X on the binary task of BreakHis dataset. Inan et al.
[219] designed a hybrid model by integrating the probabilities of three ML classifiers
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to classify breast tumors into benign and malignant. During preprocessing, relevant
features were selected using the Kendall rank correlation method. Furthermore, the
dataset was augmented with SMOTE and normalized using robust scaling. The pro-
posed ensemble model incorporated probabilities of individual LR, KNN, and SVM
classifiers, and achieved accuracy of 98.25%, recall of 100%, and precision of 97.30%
on the WDBC dataset. Boumaraf et al. [220] leveraged DCNN with transfer learning
for magnification-independent classification of breast histopathology images. During
preprocessing, images were resized to 224×224 pixels using bilinear interpolation and
normalized with global contrast normalization. In addition, the dataset was augmented
by applying geometric transformations. The proposed framework based on block-wise
fine-tuning of ResNet18 achieved accuracy of 92.03%, recall of 90.28%, precision of
91.38%, and F1 measure of 90.77% on the multiclass task of the BreakHis dataset.
Ghosh et al. [221] performed a comparative analysis of different DL techniques to
classify breast tumors as benign or malignant. During preprocessing, the dataset was
converted into numerical values. Then, seven different DL models including MLP,
CNN, RNN, LSTM, and GRU were trained and compared based on their classifica-
tion performance. It was concluded that LSTM and GRU outperformed others and
attained accuracy of 99.10% and sensitivity of 98.00% on the WDBC dataset. Yari et
al. [222] exploited DCNN with transfer learning for magnification-independent clas-
sification of breast histopathology images. During preprocessing, images were aug-
mented by applying geometric transformations. The ResNet50 network was then used
as a feature extractor which achieved accuracy of 94.33% on the multiclass task of
the BreakHis dataset. Rashmi et al. [223] proposed a new BCHisto-Net framework
to classify breast histopathology images as benign or malignant. It encompassed two
parallel CNN branches with one for extracting regional features and the other for re-
trieving global features. The preprocessing step involved stain normalization and data
augmentation. The local and global features extracted from the proposed BCHisto-Net
were then aggregated to predict the malignancy. The proposed model attained accu-
racy of 95.00% and Cohen’s kappa of 0.89 on a private KMC dataset having 1043
images of 100X resolutions. Moreover, it offered accuracy of 89.00% and Cohen’s
kappa of 0.77 for 100X on the binary task of the BreakHis dataset. Hu et al. [224] pre-
sented a modified ResNet34 to classify breast histopathology images into benign and
malignant. The preprocessing stage involved stain normalization and data augmenta-
tion. The modified ResNet34 network was then trained to estimate the malignancy. It
offered a maximum accuracy of 94.03% for 40X on the binary task of the BreakHis
dataset. Mashudi et al. [225] evaluated severalML techniques to classify breast tumors
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as benign or malignant. During preprocessing, twenty-three prominent features were
selected using the DT algorithm, followed by their normalization between 0 and 1.
These features were then used to train KNN, SVM, and ensemble models such as Bag-
ging, RF, and AdaBoost classifiers. It was found that the AdaBoost ensemble model
outperformed others by obtaining accuracy of 98.77% on theWDBC dataset. AlKassar
et al. [226] employed the Xception and DenseNet networks for efficient classification
of breast histopathology images. During preprocessing, stain normalization was per-
formed. Then, shallow features were extracted using the Xception model whereas deep
features were retrieved with the DenseNet network. Lastly, these features were used
to train an ensemble classifier to maximize the classification performance. This ap-
proach offered accuracy of 92.20% for 40X on the multiclass task of the BreakHis
dataset. Saleh et al. [227] proposed an optimized DL framework based on RNN to
classify breast tumors into benign and malignant. During preprocessing, three feature
selection methodologies including the correlation matrix, univariate feature selection,
and recursive feature elimination were applied to select salient features. Numerous
ML classifiers including DT, RF, NB, KNN, and SVM were then exploited to predict
breast malignancy. It was concluded that the optimized deep RNN using the univariate
feature selection technique outperformed the aforementioned ML classifiers, attaining
accuracy of 96.74%, precision of 96.39%, recall of 96.74%, and F1 value of 96.80% on
theWBDC dataset. Zaalouk et al. [228] leveraged numerous pretrained DCNNmodels
with feature extraction and fine-tuning strategies for magnification-independent clas-
sification of breast cancer histopathology images. During preprocessing, images were
downsampled to 200 × 200 pixels, followed by data augmentation and normalization.
After that, the VGG19, Xception, DenseNet201, InceptionResNet-v2, and ResNet152
networks were investigated using feature extraction and fine-tuning approaches. It was
concluded that the fine-tuned Xception network outperformed others, obtaining accu-
racy of 93.32%, recall of 92.36%, and F1-score of 92.44% on the multiclass task of
the BreakHis dataset. Madhulika and Sampath [229] exploited the ResNet50 network
accompanied with linear SVM to classify breast cancer histopathology images as be-
nign or malignant. During preprocessing, images were downsampled to 224 × 2224
pixels, followed by normalization and data augmentation. The ResNet50 was utilized
to extract vital features, which were then used to train the linear SVM to predict tu-
mor severity. The proposed strategy achieved accuracy of 96.92% on the binary task
of the BreakHis dataset. Sharma et al. et al. [230] proposed a DL framework com-
posed of ResNet50 as a feature extractor together with SVM to categorize breast cancer
histopathology images. During preprocessing, images were downsampled to 175×115
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pixels. The ResNet50 network as a feature extractor was then amalgamated with linear
SVM to predict the tumor class. This approach acquired an average accuracy of 0.980,
recall of 0.980, and F1-score of 0.910 on the multiclass task of the BreakHis dataset.
Labrada and Barkana [231] utilized the ML approach based on nuclei characteristics to
distinguish histopathology images into benign and malignant. During preprocessing,
cell nuclei were segmented using the Otsu method. A total of thirty-three geometric,
directional, and intensity features were then extracted from segmented nuclei to train
the DT, SVM, KNN, and NN classifiers. It was found that the NN exceeded others,
achieving accuracy of 96.90%, recall of 97.40%, AUC of 98.80%, and F1-score of
97.70% for 400X on the binary task of the BreakHis dataset. Abbasniya et al. [232]
employed pretrained DCNN models as feature extractors along with gradient boosting
algorithms to delineate breast cancer histopathology images as benign or malignant. It
should be noted that no comprehensive preprocessing methods were used besides im-
age normalization. The pretrained Inception-ResNet-v2 was then employed to extract
prominent features from images, followed by an ensemble of XGBoost, CatBoost, and
LightGBM classifiers. This methodology attained an average accuracy of 96.46% and
an F1-score of 97.44% on the binary task of the BreakHis dataset. Aljuaid et al. [233]
leveraged pretrained DCNN models as feature extractors to demarcate breast cancer
histopathology images. During preprocessing, images were enhanced using Median
and Gaussian filters. Furthermore, images were resized according to the input of pre-
trained networks, followed by data augmentation. Three models including ResNet18,
Inception-v3, and ShuffleNet were then utilized to predict the level of malignancy. It
was concluded that the ResNet18 surpassed Inception-v3 and ShuffleNet, yielding ac-
curacy of 97.81%, sensitivity of 97.65%, and specificity of 97.31% on the multiclass
task of the BreakHis dataset. Alaoui et al. [234] introduced an ensemble framework
based on seven pretrained DCNNmodels to classify breast histopathology images into
benign andmalignant. During preprocessing, images were enhanced using the CLAHE
method, normalized, and augmented. The VGG16, VGG19, ResNet50, Inception-v3,
Inception-ResNet-v2, Xception, and MobileNet models were then stacked together,
followed by the LR classifier. This methodology attained accuracy of 93.80%, recall
of 95.70%, and F1-score of 93.80% for 40X on the binary task of the BreakHis dataset.
Nakach et al. [235] utilized pretrained DCNN models as feature extractors together
with boosting classifiers to categorize breast histopathology images as benign or malig-
nant. During preprocessing, images were enhanced using the CLAHEmethod, normal-
ized, and augmented using geometric transformations. The DenseNet201, MobileNet-
v2, and Inception-v3 were employed as feature extractors, followed by the AdaBoost,
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GBM, XGBoost, and LightGBM to predict breast malignancy. It was found that the
Inception-v3 in conjunction with the XGBoost carrying 200 trees outran the other two
networks, yielding accuracy of 92.52%, recall of 95.36%, and F1-score of 92.93%
for 40X on the binary task of the BreakHis dataset. Khan et al. [236] presented a
framework called MultiNet framework based on pretrained VGG16, DenseNet201,
and NasNetMobile as feature extractors to classify breast cancer histopathology im-
ages. During preprocessing, images were resized to 224 × 224 pixels, normalized,
and augmented. The features extracted from the aforementioned networks were then
integrated to effectively predict breast malignancy. The proposed MultiNet procured
accuracy of 0.980, a recall of 0.980, and an F1-score of 0.980 on the BACH dataset.
Moreover, it offered accuracy of 0.990, recall of 0.990, and F1-score of 0.990 on the
binary task of the BreakHis dataset. Xu et al. [237] leveraged pretrained DenseNet201
as a feature extractor together with RBF SVM to categorize breast cancer histopathol-
ogy images as benign or malignant. During preprocessing, images were resized and
normalized according to the input of the pretrained model. The DenseNet201 was then
employed as a feature extractor, followed by the RBF SVM to predict breast malig-
nancy. It obtained accuracy of 94.88%, recall of 93.97%, and F1-score of 93.38% on
the binary task of the BreakHis dataset. Silva and Cortes [238] exploited three pre-
trained DCCN frameworks to classify breast cancer histopathology images as benign
or malignant. During preprocessing, images were resized to 224 × 224 pixels, fol-
lowed by normalization and augmentation. The pretrained ResNet18, ResNet152, and
GoogLeNet networks were then used as feature extractors to predict breast malignancy.
It was noted that the ResNet152 achieved a maximum performance with accuracy of
0.84, recall of 0.86, precision of 0.90, and an F1-score of 0.880 on the binary task of
the BreakHis dataset.

2.6 Chapter summary

The present systematic review focused on leveraging supervisedML and DLmodels in
the detection, segmentation, and classification of breast lesions using widely usedmed-
ical imaging modalities including mammography, sonography, MRI, and histopathol-
ogy from January 2016 to December 2022. To that end, we analyzed 142 studies using
supervised ML and DL approaches. It is concluded that mammography and MRI are
mostly followed for the detection and segmentation tasks, followed by sonography.
Whereas, mammography and histopathology are commonly exploited for the classifi-
cation task, followed by sonography andMRI. Similarly, it is inferred that mammogra-
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phy and histopathology have more publicly available datasets compared to sonography
and MRI datasets. It is further deduced that the CNN is progressively being followed
in computer-aided diagnosis of breast malignancy. However, it is still supported by
traditional ML techniques. Besides, it is noticed that most of the articles investigated
the diagnosis of benign and malignant lesions or their sub-classes, whereas, only a few
studies have focused on patient-level diagnosis.

However, several limitations should be considered before interpreting the find-
ings of the current systematic review. Firstly, it did not consider thermography and
tomography techniques such as computerized tomography and positron emission to-
mography due to a comparably low number of published studies or lack of publicly
released datasets. Secondly, it did not include semi-supervised, unsupervised, and self-
supervised ML and DL frameworks. Thirdly, it did not count on attention-based mod-
els, transformer-related architectures, graph-based models, and generative adversarial
networks. Lastly, it did not address breast cancer prognosis, malignancy recurrence in
breast patients treated with neoadjuvant chemotherapy, response to chemotherapy, and
survivability prediction.

In the future, it is recommended to publishmore publicly available annotated datasets,
especially related to MRI and sonography. Similarly, the patient-level approaches
should be endorsed to further improve the diagnostic procedure [220, 233]. Likewise,
we recommend exploring semi-supervised, unsupervised, and self-supervised frame-
works based on the CNN model. Furthermore, the proposed architectures should be
cross-validated to reduce underfitting and overfitting problems, which in turn could
make models more generalized toward unseen test data. Finally, there is a critical need
to build robust and efficient DL models to assist clinicians in diagnosing breast cancer
at an early stage, which could save billions of dollars in healthcare costs [239].
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Chapter 3

Study I: Binary Classification of
Breast Cancer

This chapter elucidates numerous concepts related to the binary classification of breast
cancer using a DL approach. The research findings of this study have been published
in a peer-reviewed journal entitled “Breast cancer histopathology image classification
using an ensemble of deep learning models” [43], as explained in the succeeding sec-
tions.

3.1 Introduction

Cancer is one of the critical public health issues around the world. According to the
Global Burden of Disease (GBD) study, there have been 24.5 million cancer incidence
and 9.6 million cancer deaths worldwide in 2017 [240]. These statistics indicate that
cancer incidence expanded by 33% between 2007 and 2017 worldwide [240]. Specif-
ically, breast cancer is the most common malignancy and the leading cause of cancer-
related mortalities among women worldwide [240, 241]. Thus, premature diagnosis of
this pathology is crucial to preclude its progression and reduce its morbidity rates in
women.

Breast cancer is a heterogeneous disease, composed of numerous entities with dis-
tinctive biological, histological and clinical characteristics [242]. This malignancy
erupts from the growth of abnormal breast cells and might invade the adjacent healthy
tissues [242]. Its clinical screening is initially performed by utilizing radiology images,
for instance, mammography, ultrasound imaging, and Magnetic Resonance Imaging
(MRI) [23, 243]. However, these non-invasive imaging approaches may not be capa-
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Step 01: Tissue Specimen

Step 02: Tissue Slide

One-to-Many One-to-One

Step 03: Whole Slide Image

One-to-Many

Step 04: Annotated Image Patch

Figure 3.1 The complete process of biopsy is depicted in Figure. Steps 01 and 02 are
taken from [8] whereas steps 03 and 04 are retrieved from our own dataset.

ble of determining the cancerous areas efficiently. To this end, the biopsy technique is
usually used to analyze the malignancy in breast cancer tissues more comprehensively.
The process of biopsy includes the collection of tissue samples, mounting them on mi-
croscopic glass slides, and staining these slides for better visualization of nuclei and
cytoplasm [42]. Pathologists then carry out the microscopic analysis of these slides in
order to finalize the diagnosis of breast cancer [42]. The complete process of biopsy
technique is depicted in Figure 3.1, and is comprehensively described in [8].

However, themanual analysis of complex-natured histopathological images is fairly
a time-consuming and tedious process, and could be prone to errors. Also, the mor-
phological criteria used in the classification of these images are somehow subjective,
which leads to the result that an average diagnostic concordance among the pathologists
is approximately 75% [18]. Therefore, the computer-assisted diagnosis [23, 42, 244]
plays a significant role to assist pathologists in analyzing the histopathology images.
Specifically, it improves the diagnostic accuracy of breast cancer by reducing the inter-
pathologist variations in diagnostic decisions [42]. However, the conventional com-
puterized diagnostic approaches, ranging from rule-based systems to machine learning
techniques, may not effectively challenge the intra-class variation and inter-class con-
sistency within the histopathology images of breast cancer [245]. Also, these method-
ologies mainly rely on feature extraction methods like scale-invariant feature transform
[246], speed robust features [247] and local binary patterns [248] which all are based
on supervised information and can be prone to biased results during the classification
of breast cancer histopathology images [245]. Therefore, the need for efficient diag-
nosis leads to an advanced set of computational models based on multiple layers of
nonlinear processing units, called deep learning [19].

Recently, deep learning models [8, 19, 249–251] have made remarkable progress
in computer vision, specifically in biomedical image processing, due to their abili-
ties to automatically learn complicated and advanced features from images, which
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inspired various researchers to leverage these models in the classification of breast
cancer histopathology images [8]. Especially convolutional neural networks (CNNs)
[83] are widely used in image-related tasks due to their abilities to effectively share
parameters across various layers within a deep learning model. Numerous CNN-based
architectures have been proposed during the past few years; however, AlexNet [14]
is considered as of the first deep CNNs to achieve considerable accuracy on the Ima-
geNet Large Scale Visual Recognition Challenge (ILSVRC) during 2012. Thereafter,
VGG architecture [9] introduced the idea of leveraging deeper networks with smaller
convolutional filters, and achieved second place at ILSVRC 2014. The intuition of
multiple stacked smaller convolutional filters can provide an effective receptive field
and is also used in recently proposed pretrained models, including Inception Network
[94] and residual neural network (ResNet) [95]. In this work, we employed two dif-
ferent approaches of VGG architecture for an efficient classification of breast cancer
histopathology by utilizing our own created dataset. The main contributions of this
study are: First, we created a private dataset of whole slide images (WSI) from breast
cancer patients with the help of experienced pathologists. Then, image patches were
extracted from the WSI images, composed of non-carcinoma and carcinoma classes.
Next, we selected and trained different combinations of pretrained VGG16 andVGG19
[9] deep learning architectures (discussed in Section 3.3). Specifically, we evaluated
an individual as well as ensemble performances of fully-trained and fine-tuned VGG16
and VGG19 frameworks [9]. Of note, our main objective is the correct classification
of the carcinoma class on a priority basis and we found that the ensemble of fine-tuned
VGG16 and VGG19 approach [9] provided superior performance in the classification
of non-carcinoma and carcinoma histopathology images of breast cancer.

The remaining sections of this chapter are provided as follows. Section 3.2 presents
related work. Section 3.3 demonstrates the materials and methods used to conduct
this research. Section 3.4 shows experimental setup and Section 3.5 illustrates the
results along with discussion. Finally, Section 3.6 highlights the conclusion and future
direction of this study.

3.2 Related work

With the evolution of machine learning in biomedical engineering, numerous studies
leveraged handcrafted features-based approaches for the classification of histopathol-
ogy images related to breast cancer. For instance, Kowal et al. [252] focused on the
nuclei segmentation and extracted forty-two morphological, topological and texture
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features from the segmented nuclei of 500 fine-needle biopsy images of breast cancer.
Then, these features were utilized to train three different classifiers in order to clas-
sify these images into benign and malignant classes. Similarly, Filipczuk et al. [253]
also showed interest in the segmentation of nuclei and extracted twenty-five shape-
based and texture-based features from the segmented nuclei of 737 cytology images
of breast cancer. Based on these features, four different machine learning classifiers,
namely, KNN (K-nearest neighbor), NB (Naive Bayes), DT (decision tree), and SVM
(support vector machine), were trained for the classification of these cytological im-
ages into benign and malignant cases. Apart from nuclei segmentation [252, 253],
other studies focused on the extraction of global features from the whole images. For
instance, Zhang et al. [254] combined local binary patterns, statistics from the gray
level co-occurrence matrix and the curvelet transform, and designed a cascade random
space ensemble scheme (with rejection options) for an efficient classification of the mi-
croscopic biopsy images of breast cancer. Although the traditional machine learning
approaches have made satisfactory performances in analyzing the histological images
of breast cancer, their performances mainly rely on the selection of features on which
they are trained. Furthermore, they might not be capable of effectively extracting and
organizing the discriminative information from data [255].

In contrast to the traditional machine learning approaches based on handcrafted
features, deep learning models have the ability to yield complicated and high-level
features from images automatically [255]. Consequently, numerous recent studies em-
ployed deep learning approaches, with and without leveraging the pre-trained models,
for the classification of breast cancer histopathology images. Of note, most of these
studies employed BreakHis dataset [65] for the classification task. For instance, Span-
hol et al. [198] employed CNN for the classification of breast cancer histopathology
images and achieved 4 to 6 percentage points higher accuracy on BreakHis dataset [65]
when using a variation of AlexNet [14]. Similarly, Bayramoglu et al. [256] utilized
CNN in order to classify the histopathology images breast cancer irrespectively of their
resolution using BreakHis dataset [65]. Specifically, the authors proposed single-task
and multi-task CNN architectures; whereas the former was capable of predicting ma-
lignancy only and the latter was able to predict malignancy and magnification intensity
of images simultaneously. These studies leveraging BreakHis dataset provided various
state-of-the-art performances; however, they are relying on the same dataset. In this
study, we followed the recent approaches of Araújo et al. [64] and Yan et al. [68] and
presented a dataset for the classification of breast cancer histology images using deep
learning models. However, our dataset contains only non-carcinoma and carcinoma
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classes, unlike [64] and [68] which have four classes in their classification problem.
The explanation of our dataset and proposed methodologies are comprehensively dis-
cussed in the next section 3.3.

3.3 Materials and methods

In this section, we introduced our dataset, followed by its preprocessing methodology
and training, validation, and testing criteria alongwith the augmentation process. Then,
we discussed the layout of the VGG model and finally, we described the architecture
of our proposed ensemble architecture.

3.3.1 Data collection

We collected overall 544 whole slides images (WSI) from 80 patients suffering from
breast cancer in the pathology department of Colsanitas Colombia University, Bogotá,
Colombia. The tumor tissue fragments were fixed in formalin and embedded in paraf-
fin. Subsequently, 4 mm cuts were made that were stained with hematoxylin and eosin
(𝐻&𝐸). For the Immunohistochemistry studies, the paraffin-embedded tissue sec-
tions were treated with xylene to render them diaphanous (the paraffin being removed
later by passing it through decreasing alcohol concentrations until 100% water was
reached). Rehydrated sections were rinsed in phosphate buffered saline (PBS) con-
taining 1% Tween-20. For the detection of proteins, sections were heated in a high
𝑝𝐻 Envision FLEX target retrieval solution at 65 C for 20 min and then incubated for
20 min at room temperature in the same solution. Endogenous peroxidase activity (3%
H2O2) and non-specific binding (33% foetal calf serum) were blocked and the sections
were incubated overnight at 4 C with the following primary antibodies: anti-ER (estro-
gen receptor), anti-PR (progesterone receptor), anti-HER-2 (human epidermal growth
factor receptor-2), anti-myosin, anti-Ki-67 (proliferation-associated biomarker). Next,
an Ultra View universal DAB kit was used following the manufacturer’s recommen-
dations in conjunction with an automated staining procedure.

The tissue sections were then scanned at high resolution (400×) using a Roche iS-
can HT scanner (https://diagnostics.roche.com/global/en/products/instruments/ventana-iscan-ht.html). TheseWSI
images representing multiple cases from every patient were analyzed using H& E, hor-
mone receptors, including 𝐸𝑅, 𝑃𝑅, 𝐻𝐸𝑅2, myosin, and Ki-67. Next, two patholo-
gists examined the digital whole slides of tissue stained with H & E and extracted
845 areas from WSI, among which 408 are non-carcinoma and 437 are carcinoma im-
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Table 3.1 Characteristics of our proposed dataset.

Images Quantity Color Model Staining

Carcinoma 437 RGB H & E
Non-carcinoma 408 RGB H & E
Total 845 RGB H & E

ages.The carcinoma class has images of malignant tumors whereas the non-carcinoma
class contains images of normal tisues as well as benign images of non-tumor glandular
tissues. These areas were photographed at 200× (50 micrometers of resolution) and
exported to png format using Qupath 0.1.2 software [257]. The dimensions of these
images were noted as 1278 × 760 pixels. This dataset is considered to be balanced and
its statistics are represented in Table 3.1. The main objective related to this dataset is
the automatic classification of breast cancer histopathology images, most importantly
the carcinoma images.

3.3.2 Preprocessing

The dataset used in this study contains histopathology images of breast cancer stained
with H & E, which is widely used to assist pathologists during the microscopic assess-
ment of tissue slides. However, it is difficult to maintain the same staining concentra-
tion through all the slides, which results in color differences among the acquired im-
ages. These contrast differences may adversely affect the training process of the CNN
model and thus the color normalization is usually applied. In this study, we followed
the recent studies [64, 68] and employed the approach proposed by [12] for colour
normalization. In this method, images are first converted into optical density (OD) by
using a logarithmic transformation. Next, singular value decomposition (SVD) is ap-
plied to OD tuples to obtain two-dimensional projections with higher variance. Then,
the resulting color space transform is applied to the original images. Finally, the his-
togram of images is stretched in order to cover the lower 90% of data. However, the
classification performance of our proposed model deteriorated upon using the normal-
ized images, which is also comprehensively explained in [258]. Eventually, we omit-
ted the stain normalization process and thus used the original images in this study. The
example of original and normalized carcinoma images are shown in Figure 3.2.
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A B C D

Figure 3.2 The examples of original (A,C) and normalized (B,D) images of carcinoma
and non-carcinoma cases.

Table 3.2 Criteria for the selection of training, validation, and test images.

No. of Images Percentage

Training 540 64%
Validation 135 16%
Test 170 20%
Total 845 100%

3.3.3 Training criteria

For the individual and ensemble models, we selected 80% of images for training and
the remaining 20% for testing purposes with the same percentage of carcinoma and
non-carcinoma images. In this way, 675 images were used for training whereas the
remaining 170 images were kept for testing the model. Following [259], we used 5-
fold cross-validation on training images which means that 540 images were used for
training and 135 images for validation purpose. Again, we have an equal percentage of
non-carcinoma and carcinoma images in training and validation. These statistics about
training, validation, and testing the models are depicted in Table 3.2.

3.3.4 Data augmentation

Image data augmentation is a technique used to expand the dataset by generating mod-
ified images during the training process. By employing the ImageDataGenerator pro-
vided by Keras deep learning library [260], we generate batches of tensor image data
with real-time data augmentation. With this type of data augmentation, we want to
ensure that our network, when trained, sees new variations of our data at each and ev-
ery epoch. Firstly, an input batch of images is presented to the ImageDataGenerator,
which then transforms each image in the batch by a series of random translations, ro-
tations, etc. The rotation which we specified “rotation range = 40” corresponds to a
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Table 3.3 Parameters of data augmentation.

Parameters of Image Augmentation values

Zoom range 0.2
Rotation range 40
Width shift range 0.2
Height shift range 0.2
Horizontal flip True
Fill mode Reflect

random rotation angle between [−40, 40] degrees. We also set the “width and height
shift range = 0.2” which specifies the upper bound of the fraction of the total width by
which the image is to be randomly shifted, either towards the left or right for width or
up or down for height. Of note, the rotation operation may rotate some pixels out of
the image frame and leave behind empty pixels within the frame which must be filled.
We used the “reflect mode” in order to fill these empty pixels. Finally, the randomly
transformed batch is then returned to the calling function. All these parameters along
with their values are shown in Table 3.3.

3.3.5 VGG architecture

Pretrained models usually help in a better initialization and convergence when the
dataset is comparably small as compared to natural image datasets, and this result has
been extensively used in other areas of medical imaging too [68]. To this end, we em-
ployed deep CNN-based pretrainedmodel proposed byVisual Geometry Group (VGG)
of Oxford University [9]. The VGG model is in fact one of the most influential contri-
butions since it reinforced the notion that CNNs have to have a deep network of layers
in order for this hierarchical representation of visual data to work. Although numerous
follow-up works made improvements in VGG architecture; however, we used its early
layouts in this study, called VGG16 and VGG19 architectures. These names are given
because of the fact that VGG16 contains sixteen weight layers whereas VGG19 carries
nineteen weight layers in their basic structures [9].

The complete framework of the VGG16 model is portrayed in Figure 3.3. It is
composed of five convolutional blocks and every block has multiple convolution layers
(with relu activation), together with a max-pooling layer. It strictly uses 3 × 3 filters
with stride and pad of 1, along with 2 × 2 maxpooling layers with stride 2. The basic
architecture of VGG19 is the same as that of VGG16, except three extra convolutional
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Figure 3.3 Representation of fine-tuned VGG16 architecture [9]. In fine-tuned VGG16
and VGG19models, the first block (comprising two convolutional layers and one max-
pooling layer) is frozen whereas the rest of layers are trainable. However, in fully-
trained VGG16 and VGG19 models, all the five blocks are trainable.

layers. We tried four different approaches by using these two pretrained architectures.
For fully-trained VGG16, we employed all the five blocks and replaced the last three
layers by a single dense layer with 256 nodes, as shown in Figure 3.3. The final output
layer is composed of binary cross-entropy loss function which is mathematically shown
in Equation (3.1). Also, for fine-tuned VGG16, we froze the first block (with two
convolutional layers and one max-pooling layer) and used the remaining four blocks
for the training purpose. Again, we used one dense layer of 256 nodes along with the
same loss function of binary cross-entropy. Similarly, for fully-trained VGG19, we
trained all the blocks along with one dense layer of 128 nodes. Also, we froze the first
block and trained the remaining blocks in the fine-tuned VGG19 model along with a
single dense layer of 128 nodes. The final layer in case of VGG19 is also composed
of binary cross-entropy loss function, as shown in Equation (3.1).

𝐵𝑖𝑛𝑎𝑟𝑦 𝑐𝑟𝑜𝑠𝑠 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 = − 1
𝑚

𝑚
∑

𝑖
(𝑦𝑖 ∗ 𝑙𝑜𝑔 (𝑝(𝑦𝑖)) + (1 − 𝑦𝑖) ∗ 𝑙𝑜𝑔(1 − 𝑝(𝑦𝑖)))

(3.1)

3.3.6 Proposed ensemble approach

The architecture of our proposed ensemble approach is illustrated in Figure 3.4. It
is composed of an ensemble of fine-tuned VGG16 and fine-tuned VGG19 models.
First, for both models, training images (80%) are arranged in 5-folds, out of which
four are used for training and one is used for model validation or evaluation. Of note,
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Figure 3.4 The proposed ensemble architecture using the fine-tuned VGG16 and
VGG19 models along with 5-fold cross-validation approach.

these folds are mutually exclusive and have equal percentages of non-carcinoma and
carcinoma images. Also, we used image augmentation during the training process, as
described in Table 3.3. In every fold, we trained each model for 200 epochs; however,
we saved weights of the best model only, based on a minimum value of loss function.
In this way, we saved the weight for 5 folds for both models. Then, the test images
(20%) are utilized in order to make the final prediction in the form of probabilities. The
average probability for every class (non-carcinoma and carcinoma) is derived by taking
the mean of ten probability values, obtained from 5-fold VGG16 and 5-fold VGG19
models (10 folds in total). In this way, we considered the average probability of both
the models in order to classify images into non-carcinoma or carcinoma classes. The
final results of our proposed ensemble deep learning approach are discussed in section
3.5.

3.4 Experimental setup

In this section, we explained the experimental environment, followed by the interpreta-
tion of evaluation metrics in our proposed model, and finally, we elucidated the tuning
of hyperparameters.
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3.4.1 Implementation

We implemented all the experiments related to this article by using Python 3.7.6 along
with TensorFlow 2.1.0 and Keras 2.2.4 installed on a standard PC with dual Nvidia
GeForce GTX 2070 graphical processing unit (GPU) support. Moreover, this PC has
a RAM capacity of 32.0 GB and holds a 3.60 GHz Intel® CoreTM i9-9900K processor
with 16 logical threads as well as 16 MB of cache memory.

3.4.2 Evaluation metrics

The overall performance of our proposed model relies on elements of confusion ma-
trix, also called error matrix or contingency table. This evaluation matrix contains four
terms, namely, True Positive (TP), False Positive (FP), False Negative (FN), and True
Negative (TN). In our problem, TP refers to those images that were correctly classified
as carcinoma and the FP represents the non-carcinoma images mistakenly classified as
carcinoma. Whereas, the FN represents the images belonging to carcinoma class that
were classified as non-carcinoma, and the TN refers to the non-carcinoma images cor-
rectly classified. The classification performance of our proposed model was evaluated
on the testing set using four performance measures based on confusion matrix, namely,
precision, sensitivity (recall), overall accuracy, and F1-score, using python scikit-learn
module. These performance measures can be calculated as follow:

• Precision: It quantifies exactness of a model, and represents the ratio of carci-
noma images accurately classified out of the union of predicted same-class im-
ages.

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇 𝑃
𝑇 𝑃 + 𝐹𝑃 (3.2)

• Sensitivity: Sensitivity, also called “recall” computes completeness of a model.
It represents the ratio of images accurately classified as carcinoma out of the total
number of carcinoma images.

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑇 𝑃
𝑇 𝑃 + 𝐹𝑁 (3.3)

• Accuracy: It evaluates correctness of a model, and is the ratio of the number of
images accurately classified out of the total number of testing images.

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇 𝑃 + 𝐹𝑁
𝑇 𝑃 + 𝑇 𝑁 + 𝐹𝑃 + 𝐹𝑁 (3.4)
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• F1-score: It represents the harmonic average of precision and recall, and is usu-
ally used for the optimization of a model towards either precision or recall.

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 (3.5)

3.4.3 Hyperparameter tuning

Neural networks have a powerful property of learning sophisticated connections be-
tween their inputs and outputs automatically [20]. However, some of these connections
might be the result of sampling noise, so they can prevail during the training process
but could not exist within the real test dataset. This issue may lead to overfitting prob-
lems and thus may degrade the prediction performance of a deep learning model [20].
For this very reason, we followed the tuning process of hyperparameters in order to
get the generalized performance of our proposed model. The methodology used for
the selection of optimal hyperparameters is as follows: First, we selected binary cross-
entropy as a loss function for our binary classification problem. Then, Adam (adaptive
moment estimation) algorithm [261, 262] was used during the training process in or-
der to perform optimization through 200 epochs. At this stage, we tried three different
learning rates (0.001, 0.0001, and 0.00001) and three different batch sizes (16, 32, and
64) while keeping in mind the values used in the recently published study [206, 262].
During the model training, our primary aim was to minimize the generalization gap
between training loss and validation loss, and found that the batch size of 32 worked
well together with the learning rate of 0.0001. Also, we used a dropout of 0.3 in or-
der to prevent the model from overfitting during the training process [263]. Next, we
saved the weights of five best models based on their minimal validation loss by using
a 5-fold cross validation approach. Finally, we employed these weights for the class
prediction on the test dataset. Of note, we used the convolutional filters, pooling fil-
ters, strides, and padding with their default values mentioned in the original VGG16
and VGG19 architectures [9]. All the optimal values of hyperparameters used in this
study are provided in Table 3.4.

3.5 Results and discussion

In this section, we evaluated the performances of our proposed deep learningmodels by
taking into consideration the average predicted probabilities. First, we highlighted the
performancemetrics of individualmodels and thenwe discussed the competitiveness of
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Table 3.4 Hyperparameters used in the individual and an ensemble models.

Hyperparameters VGG16 with Data Augmentation VGG19 with Data Augmentation

Train approach 5-fold cross-validation 5-fold cross-validation
Optimizer Adam Adam
Loss function Binary cross-entropy Binary cross-entropy
Learning rate 0.0001 0.0001
Batch size 32 32
Convolution 3 × 3 with stride 1 3 × 3 with stride 1
Padding Same Same
Pooling 2 × 2 max-pooling with stride 2 2 × 2 max-pooling with stride 2
Epochs 200 200
Drop out 0.3 0.3
Regularizer N/A N/A
Architecture Fully-trained and Fine-tuned Fully-trained and Fine-tuned

our proposed models with recently published studies, especially in terms of carcinoma
classification.

3.5.1 Results of VGG16 architecture

The performance metrics of fully-trained VGG16 architecture on our dataset are shown
in Table 3.5. It can be noticed that these metrics vary across different folds although
using the same test samples. Interestingly, the average recall value (sensitivity) of
carcinoma class is noted as 94.55% (±2.59). Also, the highest accuracy and F1 score
are noted during Fold 1, in contrast to their lowest values during Fold 2. The overall
accuracy of the fully-trained VGG16 model is 91.41 (±3.40) along with the average
F1 score of 91.38 (±3.42). The accuracy curves of this model are depicted in Figure
3.5, whereas its loss curves are displayed in Figure 3.6.

Similar to fully-trained VGG16 architecture, the performance metrics of fine-tuned
VGG16 framework are also presented in Table 3.5. Again, we used the same test set
across all the folds. In this case, the average recall value of carcinoma class can be
noticed as 94.09% (±3.35). Moreover, the highest accuracy and F1 score are found
during Fold 5, whereas their respective lowest values can be seen during Fold 1. Over-
all, the fine-tuned VGG16 models provided an average accuracy of 91.67% (±3.69)
as well as an average F1 score of 91.63% (±3.69). The accuracy curves of this model
are also illustrated in Figure 3.5, whereas its loss curves are presented in Figure 3.6.
Lastly, the training and prediction times of fully-trained and fine-tuned VGG16models
are provided in Table 3.6.
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Table 3.5 Performance metrics of VGG16 architecture on our dataset.

Architecture Folds
Confusion Matrices Performance Evaluation (%) Average (%)

Predict →
Actual ↓ NC C Precision Recall F1 Test Acc. F1

Fold 1 Non-carcinoma 75 7 97.40 91.46 94.34 82 94.71 94.70Carcinoma 2 86 92.47 97.73 95.03 88

Fold 2 Non-carcinoma 65 17 90.28 79.27 84.42 82 85.88 85.80Carcinoma 7 81 82.65 92.05 87.10 88

Fully-Trained Fold 3 Non-carcinoma 73 9 93.59 89.02 91.25 82 91.76 91.75VGG16 Carcinoma 5 83 90.22 94.32 92.22 88

Fold 4 Non-carcinoma 70 12 95.89 85.37 90.32 82 91.18 91.13Carcinoma 3 85 87.63 96.59 91.89 88

Fold 5 Non-carcinoma 78 4 91.76 95.12 93.41 82 93.53 93.53Carcinoma 7 81 95.29 92.05 93.64 88

Avg. Non-carcinoma – – 93.78 88.05 90.75 82 91.41 91.38Carcinoma – – 89.65 94.55 91.98 88

Fold 1 Non-carcinoma 67 15 87.01 81.71 84.28 82 85.29 85.27Carcinoma 10 78 83.87 88.64 86.19 88

Fold 2 Non-carcinoma 74 8 92.50 90.24 91.36 82 91.76 91.76Carcinoma 6 82 91.11 93.18 92.13 88

Fine-Tuned Fold 3 Non-carcinoma 76 6 95.00 92.68 93.83 82 94.12 94.11VGG16 Carcinoma 4 84 93.33 95.45 94.38 88

Fold 4 Non-carcinoma 73 9 96.05 89.02 92.41 82 92.94 92.92Carcinoma 3 85 90.43 96.59 93.41 88

Fold 5 Non-carcinoma 75 7 96.15 91.46 93.75 82 94.12 94.11Carcinoma 3 85 92.39 96.59 94.44 88

Avg. Non-carcinoma – – 93.34 89.02 91.13 82 91.67 91.63Carcinoma – – 90.23 94.09 92.11 88

Table 3.6 The training and prediction times of fully-trained and fine-tuned models.

Model Single Training Time 5-Fold Training Time Prediction Time

Fully-trained VGG16 17 min. 50 sec. 89 min 30 sec.
Fine-tuned VGG16 17 min. 25 sec. 87 min 31 sec.
Fully-trained VGG19 20 min. 40 sec. 103 min 35 sec.
Fine-tuned VGG19 19 min. 55 sec. 99 min 36 sec.

3.5.2 Results of VGG19 architecture

The performance metrics of fully-trained VGG19 architecture on our dataset are pre-
sented in Table 3.7. In this case, the average recall value (sensitivity) for carcinoma
images is 95.45% (±3.41) which is 0.9 percentage points higher than that of the fully-
trained VGG16 model. Also, the maximum values of the accuracy and an F1 scores
occurred during Fold 3, whereas their minimum values found during Fold 4. Finally,
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Figure 3.5 The training and validation accuracy curves of fully-trained and fine-tuned
VGG16 models.

Figure 3.6 The training and validation loss curves of fully-trained and fine-tuned
VGG16 models.

the overall accuracy of the fully-trained VGG19 model is 90.35% (±1.35) in together
with the average F1 score of 90.31% (±1.35). The accuracy curves of this model are
illustrated in Figure 3.7, whereas its loss curves are portrayed in Figure 3.8.

Similar to the fully-trained VGG19 model, the performance metrics of fine-tuned
VGG19 architecture are portrayed in Table 3.7. The average recall value for carci-
noma cases is 95.68% (±3.15) which reflects 1.59 percentage points higher than that
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Table 3.7 Performance metrics of VGG19 architecture on our dataset.

Architecture Folds
Confusion Matrices Performance Evaluation (%) Average (%)

Predict →
Actual ↓ NC C Precision Recall F1 Test Acc. F1

Fold 1 Non-carcinoma 66 16 98.51 80.49 88.59 82 90.00 89.89Carcinoma 1 87 84.47 98.86 91.10 88

Fold 2 Non-carcinoma 71 11 94.67 86.59 90.45 82 91.18 91.15Carcinoma 4 84 88.42 95.45 91.80 88

Fully-Trained Fold 3 Non-carcinoma 69 13 98.57 84.15 90.79 82 91.76 91.70VGG19 Carcinoma 1 87 87.00 98.86 92.55 88

Fold 4 Non-carcinoma 69 13 90.79 84.15 87.34 82 88.24 88.21Carcinoma 7 81 86.17 92.05 89.01 88

Fold 5 Non-carcinoma 73 9 91.25 89.02 90.12 82 90.59 90.58Carcinoma 7 81 90.00 92.05 91.01 88

Avg. Non-carcinoma – – 94.76 84.88 89.46 82 90.35 90.31Carcinoma – – 87.21 95.45 91.09 88

Fold 1 Non-carcinoma 64 18 98.46 78.05 87.07 82 88.82 88.67Carcinoma 1 87 82.86 98.86 90.16 88

Fold 2 Non-carcinoma 75 7 93.75 91.46 92.59 82 92.94 92.94Carcinoma 5 83 92.22 94.32 93.26 88

Fine-Tuned Fold 3 Non-carcinoma 75 7 97.40 91.46 94.34 82 94.71 94.70VGG19 Carcinoma 2 86 92.47 97.73 95.03 88

Fold 4 Non-carcinoma 76 6 96.20 92.68 94.41 82 94.71 94.70Carcinoma 3 85 93.41 96.59 94.97 88

Fold 5 Non-carcinoma 71 11 89.87 86.59 88.20 82 88.82 88.81Carcinoma 8 80 87.91 90.91 89.39 88

Avg. Non-carcinoma – – 95.14 88.05 91.32 82 92.00 91.96Carcinoma – – 89.77 95.68 92.56 88

of the fine-tuned VGG16 model. In this case, the highest values of accuracy and an
F1 score are noted for Fold 3 and 4, whereas their low values occurred during Fold
1. The average accuracy and F1 score in this case are 91.67% (±2.99) and 91.63%
(±3.03), respectively. The accuracy curves of this model are also presented in Figure
3.7, whereas its loss curves are shown in Figure 3.8. Finally, like the VGG16 models,
the training and prediction times of fully-trained and fine-tuned VGG19 frameworks
are also given in Table 3.6.

3.5.3 Results of ensemble VGG16 and VGG19

The performance metrics of the ensemble VGG16 and VGG19 framework are shown
in Table 3.8. In this approach, we ensemble the fully-trained VGG16 and VGG19 ar-
chitectures and the fine-tuned VGG16 and VGG19 frameworks by taking the average
of output probabilities among all the folds in the aforementioned architectures. Inter-

79



Chapter 3 Study I: Binary Classification of Breast Cancer

Figure 3.7 The training and validation accuracy curves of fully-trained and fine-tuned
VGG19 models.

Figure 3.8 The training and validation loss curves of fully-trained and fine-tuned
VGG19 models.

estingly, the recall value for the carcinoma class is noted as the same (97.73%) in both
fully-trained and fine-tuned ensemble approaches. However, the fine-tuned approach
offered high accuracy and F1 score (overall) compared to the fully-trained approach,
as shown in Table 3.8.
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Table 3.8 Performance metrics of ensemble VGG16 and VGG19 architectures.

Ensemble Method
Confusion Matrices Performance Evaluation (%) Average (%)

Predict →
Actual ↓ NC C Precision Recall F1 Test Accuracy F1

Full-Trained Non-carcinoma 73 9 97.33 89.02 92.99 82 93.53 93.51VGG16+VGG19 Carcinoma 2 86 90.53 97.73 93.99 88
Fine-Tuned Non-carcinoma 76 6 97.44 92.68 95.00 82 95.29 95.29VGG16+VGG19 Carcinoma 2 86 93.48 97.73 95.56 88

3.5.4 Discussion

The effectiveness of our proposed ensembling approach can be compared with vari-
ous state-of-the-art studies used for the classification of breast cancer histopathology
images. Most of these novel deep learning approaches are based on BreakHis dataset
[65]. For instance, Spanhol et al. [198] employed a variant of AlexNet [14] for the
classification of benign and malignant images of BreakHis dataset [65]. The authors
used sum, product and maximum fusions rules along with different patch sizes and
reported an image level accuracy of 84.0% (±3.2) for 200× image magnification. In
the following year, Bayramoglu et al. [256] proposed a magnification independent ap-
proach for BreakHis dataset. Specifically, the authors presented “single task CNN”
and “multi-task CNN” frameworks, where the former predicts malignancy and the lat-
ter predicts malignancy as well as the magnification level in the benign and malignant
images. For 200× magnification, the authors reported an accuracy of 84.63% (±2.72)
and 82.56% (±3.49) for single task CNN and multi-task CNN, respectively. Both of
these studies [198, 256] reported better classification performance than the traditional
handcrafted machine learning approaches. In comparison with Spanhol et al. [198] and
Bayramoglu et al. [256], our approach shows better classification performance despite
using a comparatively small dataset. Recently, Han et al. [264] proposed a structured
deep learning model called class structure-based deep CNN (CSDCNN) for the classi-
fication of benign and malignant histopathology images of breast cancer, and reported
an accuracy of 96.7% (±2.0) on BreakHis dataset for 200×magnification factor. Sim-
ilarly, Nahid et al. [265] first used clustering algorithm in order to retrieve the statistical
and geometrical clusters hidden in the histopathology images. The authors then eval-
uated the effect of deep CNN in together with short-term memory (LSTM) network
for the efficient classification of benign and malignant images, and thus achieved an
accuracy of 91.0% on BreakHis dataset for 200× magnification. Lastly, Daniz et al.
[266] employed fine-tuned AlexNet [14] and VGG16 [9] models for the classification
of breast cancer histopathology images. The authors followed 5-fold cross-validation
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approach and reported a maximum accuracy of 91.37% (±1.72) when using fine-tuned
AlexNet [14] on BreakHis dataset for 200×magnification. These state-of-the-art stud-
ies [198, 256, 264–266] along with other novel frameworks are comprehensively re-
viewed in [267]. Although having a small dataset, our results are still competitive with
the novel deep learning frameworks [198, 256, 264–267]. In summary, the results
demonstrated that our proposed ensemble deep learning model can retrieve various
multi-level and multi-scale features from histopathology images of breast cancer. It
also became clear from the comparison process that the results of our proposed archi-
tecture is competitive with numerous state-of-the-art studies using comparably bigger
datasets.

3.6 Chapter summary

In this study, we presented an ensemble deep learning approach for the classification
of breast cancer histopathology images using our collected dataset. The main objective
of this work was to effectively classify carcinoma images. We found that it could be
better to use the average predicted probabilities of two individual models. To this end,
we employed an ensemble of fine-tuned VGG16 and VGG19 models and achieved a
relatively more robust model. The proposed ensemble approach provides competitive
performance on the classification of complex-natured histopathology images of breast
cancer. However, our collected dataset is comparatively small in contrast to the datasets
used in numerous state-of-the-art studies. Also, our dataset contains merely two-class
images. The future indications of this study include the extension of our dataset and
the inclusion of images for multi-class classification problems. Also, other pretrained
models need to be included in the future work. Finally, it will be interesting to apply
similar ensemble criteria to histopathology images of different cancers, such as lung
cancer.
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Chapter 4

Study II: Multiclass Classification of
Breast Cancer

This chapter elucidates numerous concepts related to the multiclass classification of
breast cancer using a DL approach. The research findings of this study have been
published in a peer-reviewed journal entitled “Multiclass classification of breast cancer
histopathology images using multilevel features of deep convolutional neural network”
[6], as explained in the succeeding sections.

4.1 Introduction

According to Global Cancer Statistics 2020, breast cancer is the most common ma-
lignancy and the primary cause of cancer-related mortalities in the female popula-
tion worldwide [17]. Specifically, 2.26 million (11.7% of the total cancer incidence)
women were diagnosed, with a mortality of 0.69 million (6.9% of the total cancer
deaths) during 2020 [17]. Therefore, the premature understanding of breast tumor
pathophysiology is crucial, which may help in reducing the morbidity and mortality
rates in women worldwide. This malignancy is considered a heterogeneous collec-
tion of diseases with distinct biological, clinical, and treatment response behaviors
[268]. It mainly occurs due to abnormalities in the epithelial tissues of the breast and
may invade the adjacent stroma, mammary duct, or lobes [22]. Although, the routine
clinical analysis of breast cancer can be carried out by exploiting numerous radiol-
ogy images, including ultrasound, mammography, and Magnetic Resonance Imaging
(MRI) [23, 243]. Nevertheless, these non-invasive methodologies might not charac-
terize the heterogeneous behaviors of breast tumors effectively. Therefore, the patho-
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logical study is followed as a benchmark to comprehend the pathophysiology of breast
tumors. In this method, tissue samples are collected and mounted on glass slides, and
subsequently stained these slides for a better portrayal of tumoral morphological and
inmunophenotypical characteristics [42]. After that, pathologists proceed with the mi-
croscopic examination of these slides to conclude a possible diagnosis of breast cancer
[42]. The complete steps of the histopathological procedure have been discussed in
[269] and [43].

However, the manual interpretation of histopathology images can be a tedious as
well as a time-consuming process, and may lead to biased results. Moreover, the mor-
phological criteria used during the manual analysis depend on the domain experience
of the pathologists involved. For instance, one study revealed that the overall con-
cordance rate of diagnostic interpretation among participating pathologists was around
75% [18]. To that end, the computer-aided diagnosis (CAD) [42, 23, 270] can help
pathologists to improve diagnostic accuracy by reducing inter-pathologist variations
during the diagnostic process of breast cancer. Nonetheless, traditional computerized
diagnostic approaches, ranging from rule-based systems to machine learning methods,
may not be sufficient to deal with the inter-class consistency and intra-class variability
of complex-natured histopathology images of breast cancer. Furthermore, these con-
ventional methodologies usually leverage feature extraction techniques such as scale-
invariant feature transform [246], speed robust features [247] and local binary patterns
[248], all of which are dependent on supervised information and hence may cause bi-
ased results when classifying these images. Therefore, the demand for an efficient and
effective diagnosis yielded an advanced set of computational models based on numer-
ous layers of nonlinear processing units, known as deep learning [19, 20].

In vision-related tasks, the convolutional neural network (CNN) [83] is considered
superior to traditional multilayer perceptron due to having translational equivariance
and translational invariance properties, the former resulting from parameter sharing and
the latter from pooling operations [19, 20]. Especially, deep CNN architectures have
made significant progress over the last decade among which AlexNet [14] is consid-
ered as the earliest deep CNNmodel to achieve decent accuracy on the ImageNet Large
Scale Visual Recognition Challenge (ILSVRC) during 2012. Subsequently, VGG net-
work [9] was presented with a novel idea of utilizing a deep network with small-sized
convolutional filters, and it secured second position at the ILSVRC during 2014. At
this point, Szegedy et al. [94] introduced the Inception architecture by staking mul-
tiple smaller convolutional filters to obtain an effective receptive field, and attained
first place at the ILSVRC in 2014. The following year, He at al. [95] pointed out that
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increasing the network depth after certain level may degrade its performance and they
employed residual connections to overcome this problem, and earned first position at
the ILSVRC in 2015. Consequently, numerous state-of-the-art studies leveraged the
aforementioned architectures, pre-trained on ImageNet, to accurately classify breast
cancer histopathology images using publicly available datasets, including BreakHis
[65] and BACH [69] datasets. For instance, Jiang et al. [271] proposed a modified
ResNet model [95] and achieved state-of-the-art accuracy for multiclass classification
on BreaKHis dataset [65]. Similarly, the top studies of the BACH challenge [69] ex-
ploited either a single pre-trained network or an ensemble of pre-trained architectures
for multiclass classification of breast microscopy images. Recently, Elmannai et al.
[272] acknowledged the effectiveness of Inception modules and residual connections
as feature extractors, and achieved state-of-the-art performance on the BACH dataset
[69]. To this end, we leveraged the Xception model [16], stands for extreme incep-
tion, which is based on the efficient utilization of Inception and residual connections
(see 4.2.5). As a feature extractor, it can provide consistent results in the classifica-
tion of histopathology images of different magnification levels [273]. Our approach
effectively utilizes the concepts introduced in [68, 273, 274, 16, 275] to extract salient
features from histopathology images using the pre-trained Xception model [16] as a
feature extractor.

The rationale and significance of this study are as follows: 1) To annotate and
prepare a private dataset aimed to classify breast cancer histopathology images into
normal tissue, benign lesion, in situ carcinoma, and invasive carcinoma [69]. Of note,
the dataset prepared in this study is an extension of our previously published work on
binary classification [43]. 2) To evaluate the performance of four widely used stain
normalization methods [274]. 3) To propose a deep learning model based on mul-
tilevel features extracted from intermediate layers of the pre-trained Xception model
[16]. 4) To optimize the proposed model for the accurate classification of breast cancer
histopathology images on the original and normalized images, especially for carcinoma
classes. To our knowledge, this is the first study that annotated a new private dataset,
proposed a generalized as well as a computationally efficient model based on the Xcep-
tion network [16] as a feature extractor, and evaluated the results of four widely used
stain normalization approaches [274]. In summary, our proposed model provided con-
sistent results for the definite classification of breast cancer histopathology images into
four classes and also outperformed state-of-the-art results.

The remaining sections of this chapter are organized as follows. Section 4.2 de-
scribes materials and methods along with the proposed model. Section 4.3 explains
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the findings, and section 4.4 compares the results of our proposed framework to state-
of-the-art research. Finally, section 4.5 summarizes the conclusion as well as the future
prospects of this work.

4.2 Materials and methods

In this section, we presented the dataset used in this study, followed by the analysis
of four stain normalization techniques. Then, we elucidated the training criteria and
in-place data augmentation used in this work. Next, we explained the proposed model
and its implementation setup. Lastly, we described the model evaluation and the hy-
perparameter optimization of our proposed model.

4.2.1 Colsanitas dataset

In this study, we used the same dataset as presented in [43] which contains 544 whole
slide images (WSIs), retrieved from 80 breast cancer patients at the pathology de-
partment of Colsanitas clinic with a dependence of the Sanitas University, Bogotá,
Colombia. The protocols followed to convert histology samples into their correspond-
ing digital images are discussed in [43], including collection and fixation, dehydra-
tion and clearing, paraffin embedding, staining and mounting, and digitalization [276].
The tissues were scanned at high magnification (40X) using a Roche iScan HT scan-
ner (https://diagnostics.roche.com/global/en/products/instruments/ventana-iscan-ht.html). The WSI images are
stained with hematoxylin and eosin (H&E) and illustrate multiple cases from each pa-
tient, as explained in [43]. It is worthy to mention that the dataset annotated for our
previously published work [43] contained merely 845 images aimed at binary classi-
fication. Whereas the dataset annotated for the current study includes 2250 images
formulated for multiclass classification [69]. Two experienced pathologists examined
theH&E-stainedWSI images and extracted 2250 images, including 600 normal tissues,
250 benign lesions, 250 in situ carcinoma, and 1150 invasive carcinoma. These images
were exported as original pixels in .tiff format using Qupath 0.2.3 software [257]. The
dimensions of these images are same as that of the BACH dataset [69] (2048 × 1536
pixels), with a pixel size of 0.46𝜇𝑚 × 0.46𝜇𝑚. The complete characteristics of our
created dataset is provided in Table 4.1. Also, the examples of normal tissue, benign
lesion, in situ carcinoma, and invasive carcinoma images from the Colsanitas dataset
are illustrated in Figure 4.1.
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Table 4.1 Characteristics of our collected Colsanitas dataset.

Image Quantity Size (𝑤 × ℎ × 𝑐) Pixel size Colour Staining

Normal 600 2048 × 1536 × 3 0.46𝜇𝑚 × 0.46𝜇𝑚 RGB H&E
Benign 250 2048 × 1536 × 3 0.46𝜇𝑚 × 0.46𝜇𝑚 RGB H&E
In situ 250 2048 × 1536 × 3 0.46𝜇𝑚 × 0.46𝜇𝑚 RGB H&E
Invasive 1150 2048 × 1536 × 3 0.46𝜇𝑚 × 0.46𝜇𝑚 RGB H&E

Total 2250 2048 × 1536 × 3 0.46𝜇𝑚 × 0.46𝜇𝑚 RGB H&E

Normal Benign

In situ carcinoma Invasive carcinoma

Figure 4.1 An example of H&E stained normal tissue, benign lesion, in situ carcinoma,
and invasive carcinoma from our collected dataset.

4.2.2 Preprocessing

The datasets used in this work contain breast cancer histopathology images retrieved
from H&E-stained whole-slide images. However, the stain concentration cannot be
maintained in all the slides which may result in contrast differences among the ex-
ported images. These colour variations in acquired images may affect the performance
of computer-aided diagnostic systems [276]. Lyon et al. [277] highlighted the need
for the normalization of reagents and procedures in histopathological practice. There-
fore, various colour preprocessing techniques, including colour-transfer and colour-
decovolution, are introduced in the literature to standardize the stain appearance. For
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Source Image

Target Image

Reinhard Ruifrok

Macenko Vahadane

Figure 4.2 An example of H&E-stained source image, target image, and four pre-
processed images resulting from Reinhard [10], Ruifrok [11], Macenko [12], and Va-
hadane [13] stain normalization.

instance, Reinhard et al. [10] developed a colour-transfer methodology in which RGB-
format images are mapped to the colour distribution of a target image. In this method,
a natural RGB image is first converted to a perceptual colour space with decorrelated
axes, called 𝑙𝛼𝛽. The mean values and standard deviations of each channel are then
adjusted in both the images (source and target) in the colour space. Finally, the 𝑙𝛼𝛽
colour space is converted to get a normalized RGB image. However, this type of global
normalization is based on the unimodal distribution of pixels in each channel of colour
space, which may not be appropriate when using multiple coloured stains. Therefore,
numerous studies have concluded that stain separation prior to stain normalization has
a relatively significant impact on the experimental results. For instance, Ruifrok et al.
[11] introduced a colour-deconvolution method to separate the stains. For each stain in
a histopathology image, the individual RGB channels are first transformed to their re-
spective optical density (OD) values using Lambert-Beer’s law. Then, the orthogonal
transformation of OD values is carried out to get independent information regarding
individual stains. Next, the OD vectors are normalized to achieve an unbiased absorp-
tion factor for each stain. After that, the normalized OD vectors are combined to form
a normalized OD matrix. Lastly, a normalized image is created by leveraging the nor-
malized ODmatrix. In the following years, Macenko et al. [12] also followed a colour-
deconvolution approach and concluded that H&E stains can be separated linearly in an
OD colour space. First, a histology image is converted to its OD values using the loga-
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rithmic transformation. Then, singular value decomposition (SVD) is applied to OD tu-
ples to obtain a two-dimensional plane corresponding to the two largest singular values.
Next, these OD-transformed pixels are projected onto the plan and normalized to unit
length. After that, an angle is calculated at each point with respect to the first SVD di-
rection, yielding a histogram that depicts the intensity of each stain. At this point, all of
the intensity histograms are scaled to the same pseudo-maximum and compared to each
other. Lastly, the concentration of each stain is determined by using the H&Ematrix of
the OD values and stain normalization is performed. Ultimately, using the H&Ematrix
with the normalized stain concentration, a normalized image is created. Recently, Va-
hadane et al. [13] developed a stain separation framework, called structure-preserving
colour normalization (SPCN), which aimed to preserve the structure information of the
source image. First, an RGB image is converted to OD values using Lambert-Beer’s
law. Then, for stain separation, a sparseness constraint (𝜆) is added to the optimization
problem to reduce the solution space of the non-negative matrix factorization (NMF),
called Sparse NMF (SNMF). In other words, a sparse constraint (𝜆) is added to the
NMF to effectively separate the stains. Next, the proposed SNMF is used to estimate
the color appearances and stain density maps of source and target images. Finally, a
normalized image is generated by combining the scaled density map of a source image
with the color appearance of a target image. Further theoretical and mathematical de-
tails of the aforementioned normalization techniques can be found in their respective
original works [10–13] aswell as in the review paper [278]. For the implementation, we
utilized Warwick’s Stain Normalization Toolbox (https://github.com/TissueImageAnalytics/tiatoolbox).
Figure 4.2 depicts an example of a source image, a target image, and four normalized
images using the above-mentioned practices.

4.2.3 Training procedure

We selected 80 percent of the images for training and the remaining 20 percent for test-
ing, with an equal percentage of images from each of the four classes. Next, following
[43, 279] we applied 5-fold cross-validation on the training dataset, which means that
the training dataset (80%) is split into five equal subsets. Among these, four parts
(64%) were used for training and one part (16%) was used for validating(evaluating)
the model. Once finalizing the model, we included the validation part into the training
dataset and retrained the model with all 80% of the images. Of note, the test subset
is always the same for all the models. All these details are given in Table 4.2 and
illustrated in Figure 4.3.
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Table 4.2 Selection criteria for training, validation, and test images.

Colsanitas dataset Extended Colsanitas dataset

Nor. Ben. Ins. Inv. Nor. Ben. Ins. Inv. Percentage

Train 384 160 160 736 384 640 640 736 64%
Valid 96 40 40 184 96 160 160 184 16%
Test 120 50 50 230 120 50 50 230 20%
Total 600 250 250 1150 600 850 850 1150 100%

Figure 4.3 An illustration of the training process based on 5-fold cross-validation.

4.2.4 Data augmentation

In-place data augmentation or on-the-fly data augmentation is a technique in which a
batch of original images is transformed into its new variation during each and every
epoch of the training process. By employing this approach, we want to ensure that the
model experiences new variations of input images at each epoch during the training
process. To achieve this, we employed ImageDataGenerator provided by Tensorflow
deep learning library [280]. The whole process of in-place data augmentation is as
follows: 1) First, ImageDataGenerator takes a batch of input images. 2) Then, it trans-
forms every image in the input batch by applying a series of random translations and
rotations. In this work, we set “rotation range = 0.2” which corresponds to a random
rotation between [-20, 20] degrees. However, it usually rotates some pixels out of the
image frame, leaving empty pixels within the image, which we filled using ”fill mode
= reflect mode”. Similarly, we specified “ width and height shift range = 0.2” which
indicates the percentage of width or height of the image to be shifted randomly, either
towards left/right for width or up/down for the height. Also, we selected “zoom range
= 0.2” which specifies random zoom-in operation. Of note, we did not apply horizon-
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Table 4.3 Parameters and their values used in in-place data augmentation.

Parameters of ImageDataGenerator Selected values

Zoom range 0.2
Rotation range 0.2
Width shift range 0.2
Height shift range 0.2
Horizontal flip False
Vertical flip False
Fill mode Reflect

tal or vertical shifts operation because we already did these shifts when expanding the
Colsanitas dataset. 3) Finally, it returns the randomly transformed batch of images.
All the parameters and their selected values are provided in Table 4.3.

4.2.5 Proposed model

A straightforward way to increase the performance of a neural network is to increase
the number of layers (length) and the number of units at each layer (width). How-
ever, the downsides of uniformly increasing network size include a larger number of
parameters and computational resources [94]. Therefore, to address the issues of com-
putational efficiency and the number of parameters, Szegedy et al. [94] introduced the
concept of Inception in 2015. The inception module leveraged the idea of “network-in-
network” [281] for dimensionality reduction. Also, it convolves an input with different
sized filters and concatenates the output. Specifically, the Inception-v1 or GoogleNet,
based on inception modules, utilized 12 times fewer parameters than AlexNet [14]
and won the ILSVRC in 2014. In the following years, Inception-v2 or Batch Nor-
malization [282], Inception-v3 [15], and Inception-v4 [283] were introduced which
are considered to be the improved versions of Inception-v1 [94]. In addition to the
Inception-v4 architecture, the Inception-ResNet-v1 and Inception-ResNet-v2 models
were introduced, which utilized residual connections together with Inception modules
[283]. Leveraging inception modules in conjunction with residual connections led to
the development of an efficient architecture, called Xception network, which stands
for “Extreme Inception” [16]. The Xception is an efficient network mainly depends
on two crucial things: 1) depthwise separable convolution and 2) shortcuts between
convolution blocks as in ResNet architecture [95]. Overall, the Xception model has 36
convolutional layers structured together into 14 modules, with each module having a
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Figure 4.4 The complete framework of our proposed model is illustrated along with
all the layers. For every input image, six different features are extracted followed by
the global average pooling. These multilevel features are then concatenated (merged)
horizontally to form a single vector of 1 × 1 × 5472 which is used for classification.

linear residual connection around it, except the first and last one, as shown in Figure
4.4.

Our proposed model leveraged the Xception network [16] to retrieve robust and
abstract features from the intermediate layers, as shown in Figure 4.4. First, the model
takes an RGB image of height 512 and width 682 at its input layer. Of note, we re-
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duced the dimension of original images in such a way that the ratio of height and width
remained the same. In this way, we preserve the original structure of images, unlike
[275] that used the dimension of 512 × 512. Then, following [16, 275, 68], we uti-
lized global average pooling (GAP) on six different layers to obtain the corresponding
feature vectors. GAP layers help to decrease the number of parameters and to reduce
the overfitting [273]. It is worth mentioning that before finalizing these six layers,
we checked the results of different layers from the last seven blocks of the Xception
network on the original dataset using k-fold cross-validation. We found that these six
layers offered consistent performance in classifying each class with minimal variation.
After that, we concatenated (merged) these vectors horizontally to acquire the finalized
vector of the dimension 5472 pixels for each image. After the images are converted
to their corresponding feature vectors, we trained two dense layers with each having
the dimension of 512 nodes and Rectified Linear Unit (ReLU) activation. Lastly, the
output layer is comprised of four nodes with Softmax activation and is used for the
classification of the given images into four categories. The Softmax function trans-
forms a vector 𝑘 real-valued numbers into a vector of 𝑘 probabilities that sum to 1, as
explained in [20]. In our case, the input to the Softmax function is a real-valued vector
with 𝑘 = 4, whereas its output is a vector of 𝑘 = 4 probabilities that sum to 1. The
mathematical explanation of softmax function is given in equation 4.1 and is described
in [20].

𝑆𝑜𝑓𝑡𝑚𝑎𝑥(z)𝑖 = 𝑒𝑥𝑝(𝑧𝑖)
∑𝑘

𝑗=1 𝑒𝑥𝑝(𝑧𝑗)
(4.1)

Where z = (𝑧1, 𝑧2, 𝑧3, 𝑧4) is the input vector to the Softmax function and 𝑘 is the
number of classes. Moreover, 𝑒𝑥𝑝(𝑧𝑖) shows the exponential of the 𝑖𝑡ℎ real-valued
number in the input vector and its value is always positive. Laslty, the normalization
term∑𝑘

𝑗=1 𝑒𝑥𝑝(𝑧𝑗) depicts the sum of exponential of all the input real-valued numbers
and its value is also always positive. In this way, we get a vector of probabilities that
sums to 1.

4.2.6 Implementation setup

We implemented all the experiments using Python version 3.8.5 and TensorFlow 2.4.1
[280], installed on a standard computer machine with two Nvidia GeForce GTX 2070
graphical processing units (GPUs) support. Furthermore, the machine has a RAM of
32.0 GB and holds a 3.60 GHz Intel® CoreTM i9-9900K processor with 16 logical
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threads and 16 MB of cache memory. We followed the distributed training approach
of TensorFlow [280] by using both the GPUs using the “tf.distribute.MirroredStrategy
(devices=[’/gpu:0’,’/gpu:1’])” strategy.

4.2.7 Model evaluation

The classification performance of the proposed framework leverages the elements of
confusion matrix, also known as contingency table [43, 284]. For multiclass classifi-
cation problem, we defined the elements of the confusion matrix in terms of the target
class and non-target class, which can be applied to every individual class [284]. For
instance, the target class could be invasive and non-target class could be non-invasive.
True Positive (TP) refers to the images that are correctly classified as the target class
(invasive), and False Positive (FP) shows the non-target images (non-invasives) that are
falsely classified as the target class (invasive). Whereas, False Negative (FN) indicates
the images of target class (invasive) classified as non-target class (non-invasive), and
True Negative (TN) denotes the correctly classified non-target images (non-invasive).
Of note, FP is also called type I error and FN is also called type II error in the lit-
erature. Furthermore, following [285], we assessed the performance of our proposed
model using receiver operating characteristic (ROC) curves and precision-recall (PR)
curves along with their area under the curve (AUC) values for every class (one-vs-rest
method) for the original and normalized datasets. Lastly, we computed the Cohen’s
kappa statistic for the original as well as normalized datasets.

• Precision: It calculates the exactness of a model and defines the ratio of images
correctly classified as the target class (invasive) out of all predicted same-class
images.

Precision = 𝑇 𝑃
𝑇 𝑃 + 𝐹𝑃 (4.2)

• Sensitivity: Sensitivity, also known as recall, evaluates the completeness of a
model. It determines the ratio of images accurately classified as the target class
(invasive) out of all actual same-class images.

Sensitivity = 𝑇 𝑃
𝑇 𝑃 + 𝐹𝑁 (4.3)

• Accuracy: It computes the correctness of amodel and is defined as the proportion
of the number of accurately classified images out of total actual test images.
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Accuracy = 𝑇 𝑃 + 𝐹𝑁
𝑇 𝑃 + 𝑇 𝑁 + 𝐹𝑃 + 𝐹𝑁 (4.4)

• F1-score: It indicates the harmonic average of precision and recall and is com-
monly employed to optimize a model for either precision or recall.

F1-score = 2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 (4.5)

• ROC Curve: The ROC curve shows a relationship between true positive rate
(TPR) and false positive rate (FPR) at different thresholds. TPR is also called
sensitivity or recall, whereas FPR is equivalent to 1-specificity. An ROC curve
depicts that increasing TPR results in also increasing FPR and vice versa. The
mathematical formula of TPR is shown in equation 4.3 whereas that of FPR is
provided in equation 4.6.

FPR = 𝐹𝑃
𝐹𝑃 + 𝑇 𝑁 (4.6)

• PR Curve: The PR curve shows an inverse relationship between precision and
recall at different thresholds. A PR curve illustrates that increasing precision
value results in decreasing recall score and vice versa. Themathematical formula
of precision is given in equation 4.2 whereas that of recall is given in equation
4.3.

• Cohen’s kappa: It calculates the degree of agreement between the true values
and predicted values. It is widely used in to handle multiclass and imbalanced
dataset problems. Its mathematical formula is provided in equation 4.7 where 𝑝𝑜
and 𝑝𝑒 represent observed and expected agreements, respectively.

k = 𝑝𝑜 − 𝑝𝑒
1 − 𝑝𝑒

(4.7)

4.2.8 Hyperparameter optimization

Neural networks can learn complicated patterns between their inputs and outputs auto-
matically [19, 20]. Many of these input-output connections, however, may be the result
of sampling noise that prevailed during training but may not exist in the test dataset.
This can result in the overfitting problem and thus reduce the prediction ability of a
deep learning model. To that end, it is crucial to follow the process of hyperparame-
ter tuning to obtain the generalized predictive performance of the proposed network.
In this study, we followed the 5-fold cross-validation approach (see 4.2.3) to get the
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Table 4.4 The optimal hyperparameters of our proposed model.

Hyperparameters Optimal values

Train approach 5-fold cross-validation
Loss function Categorical cross-entropy
Optimizer Adam
Learning rate 0.00001
Batch size 64
Convolution 1 × 1, 3 × 3, 5 × 5
Maxpooling 2 × 2 with stride 2
Epochs 1000
Dropout 0.1
Regularizer 𝐿2

best set of hyperparameters. The procedure followed for obtaining the optimum hy-
perparameters values is as follows: For our multiclass classification task, we first se-
lected categorical cross-entropy as an objective function. Then, we employed Adam
(adaptive moment estimation) algorithm [261, 43] during the training to optimize the
model through 1000 epochs. At this point, we checked three variants of learning rates
(0.001, 0.0001, 0.00001) and three distinct batch sizes (16, 32, 64) based on recently
published studies [275, 43]. We found that the learning rate of 0.00001 together with a
batch size of 64 worked well in reducing the generalization gap between training and
validation loss. Next, we saved the weights of five models resulted from the lowest
validation loss, and evaluate the predictive performance of each model on the unseen
test dataset. Importantly, we aimed to maximize the mean value of test accuracy while
minimizing the standard deviation after checking the predictive abilities of five indi-
vidual models. For the final model, we trained the proposed framework with all the
training images (training and validation) and saved the weights of the optimum model
based on the minimum validation loss. Lastly, we employed these weights to predict
the classes of the test images. Importantly, we used the default parameters specified in
the original architecture of the Xception paper for the convolutional filters, pooling fil-
ters, strides, and padding [16]. All the hyperparameters and their optimal values used
in this study are presented in Table 4.4.

4.3 Results

In this section, we explained and compared the classification performance of our pro-
posed framework by considering the original (unnormalized) and normalized images.
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Figure 4.5 The final normalized confusion matrix of original dataset.

4.3.1 Results without normalization

For the original (unnormalized) dataset, the performancemetrics of our proposedmodel
are provided in Table 4.5. During the cross-validation, we reported the highest accu-
racy of 96.88% during folds 1, 2, and 4, whereas the lowest accuracy of 95.33% during
fold 5, which led to a mean accuracy of 96.22% (±0.66). The finalized model offered
an accuracy value of 98.00%, as shown in Table 4.5. Specifically, for in situ and inva-
sive carcinomas, we reported sensitivity values of 96.00% and 99.00%, respectively.
Similarly, for benign lesions, we found a sensitivity score of 96.00%which is similar to
that of in situ carcinoma. The finalized results of all the four classes using the original
dataset are shown in Figure 4.5. Furthermore, the ROC and PR curves for every class
of the original dataset along with their AUC scores are depicted in Figure 4.6. The
AUC-ROC values vary from 0.998 to 0.999 whereas the AUC-PR values range from
0.990 to 0.999, as displayed in Figure 4.6. Of note, the accuracy and loss curves of the
original dataset are provided with every normalized dataset for better visualization and
comparison, which are discussed within the next subsections.

4.3.2 Results of Reinhard normalization

For the Reinhard normalization, the performance metrics of our proposed architec-
ture are given in Table 4.6. During the cross-validation, we noted higher accuracy of
97.11% at fold 4 and lower accuracy of 95.33% at fold 5, yielding a mean accuracy
of 96.44% (±0.68). The finalized model attained an accuracy of 97.33%, as stated in
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Table 4.5 Evaluation metrics of our proposed model using the original dataset.

Folds

Confusion Matrices Performance Evaluation

Predict →
Actual ↓ Ben. Ins. Inv. Nor. Prec. Rec. F1 Test Accuracy Kappa

Fold 1

Benign 43 3 2 2 1.00 0.86 0.92 50

96.88% 0.951In situ 0 49 1 0 0.91 0.98 0.94 50
Invasive 0 1 226 3 0.98 0.98 0.98 230
Normal 0 1 1 118 0.96 0.98 0.97 120

Fold 2

Benign 48 1 1 0 0.96 0.96 0.96 50

96.88% 0.952In situ 2 48 0 0 0.89 0.96 0.92 50
Invasive 0 4 222 4 0.99 0.97 0.98 230
Normal 0 1 1 118 0.97 0.98 0.98 120

Fold 3

Benign 47 0 2 1 0.98 0.94 0.96 50

96.00% 0.937In situ 1 48 1 0 0.96 0.96 0.96 50
Invasive 0 1 226 3 0.95 0.98 0.97 230
Normal 0 1 8 111 0.97 0.93 0.94 120

Fold 4

Benign 47 1 0 2 0.94 0.94 0.94 50

96.88% 0.952In situ 2 47 1 0 0.94 0.94 0.94 50
Invasive 0 1 226 3 0.99 0.98 0.98 230
Normal 1 1 2 116 0.96 0.97 0.96 120

Fold 5

Benign 46 2 1 1 0.85 0.92 0.88 50

95.33% 0.928In situ 3 47 0 0 0.90 0.94 0.92 50
Invasive 0 2 224 4 0.99 0.97 0.98 230
Normal 5 1 2 112 0.96 0.93 0.95 120

Final

Benign 48 1 0 1 0.98 0.96 0.97 50

98.00% 0.969In situ 1 48 1 0 0.96 0.96 0.96 50
Invasive 0 0 227 3 0.99 0.99 0.99 230
Normal 0 1 1 118 0.97 0.98 0.98 120

Table 4.6. Especially for in situ carcinoma, we observed a sensitivity of 96.00% which
is equivalent to that of the original dataset. Whereas for invasive carcinoma, we noted
a sensitivity of 98.00%which is 1.00% lower than the original dataset. These finalized
results of all the four classes using the Reinhard-based normalized dataset are portrayed
in Figure 4.7. In addition, the ROC and PR curves for each class of the Reinhard nor-
malization together with their AUC values are illustrated in Figure 4.8. In this case,
the AUC-ROC values range from 0.997 to 0.999 whereas AUC-PR scores vary from
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Figure 4.6 For the original dataset, the left side shows ROC curves for each class with
an average AUC-ROC of 0.998. Whereas the right side depicts its PR curves for every
class with a mean AUC-PR of 0.995.

Figure 4.7 The final normalized confusion matrix of Reinhard dataset.

0.989 to 0.998, as shown in Figure 4.8. The accuracy curves of Reinhard normaliza-
tion along with the original ones are shown on the left side of Figure 4.9, whereas their
corresponding loss curves are depicted on the right side of Figure 4.9. It can be seen
that there is no significant difference in these curves. Based on these results, we con-
cluded that although the Reinhard normalization achieved a competitive classification
performance, it could not outperform results of the original (unnormalized) dataset.

4.3.3 Results of Ruifrok normalization

For the Ruifrok normalization, the performance metrics of our proposed framework are
presented in Table 4.7. During the cross-validation, we observed a highest accuracy of
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Table 4.6 Evaluation metrics of our proposed model using Reinhard normalization.

Folds

Confusion Matrices Performance Evaluation

Predict →
Actual ↓ Ben. Ins. Inv. Nor. Prec. Rec. F1 Test Accuracy Kappa

Fold 1

Benign 43 4 1 2 1.00 0.86 0.92 50

96.44% 0.945In situ 0 49 1 0 0.89 0.98 0.93 50
Invasive 0 1 225 4 0.98 0.98 0.98 230
Normal 0 1 2 117 0.95 0.97 0.96 120

Fold 2

Benign 46 2 0 2 0.98 0.92 0.95 50

96.88% 0.952In situ 1 49 0 0 0.89 0.98 0.93 50
Invasive 0 3 223 4 1.00 0.97 0.98 230
Normal 0 1 1 118 0.95 0.98 0.97 120

Fold 3

Benign 47 2 1 0 0.98 0.94 0.96 50

96.44% 0.944In situ 1 48 1 0 0.92 0.96 0.94 50
Invasive 0 1 226 3 0.97 0.98 0.97 230
Normal 0 1 6 113 0.97 0.94 0.96 120

Fold 4

Benign 47 2 0 1 0.96 0.94 0.95 50

97.11% 0.955In situ 1 47 1 1 0.94 0.94 0.94 50
Invasive 0 0 227 3 0.99 0.99 0.99 230
Normal 1 1 2 116 0.96 0.97 0.96 120

Fold 5

Benign 47 3 0 0 0.87 0.94 0.90 50

95.33% 0.928In situ 2 47 0 1 0.87 0.94 0.90 50
Invasive 2 2 223 3 0.99 0.97 0.98 230
Normal 3 2 3 112 0.97 0.93 0.95 120

Final

Benign 47 2 0 1 0.98 0.94 0.96 50

97.33% 0.959In situ 1 48 1 0 0.92 0.96 0.94 50
Invasive 0 1 226 3 0.99 0.98 0.98 230
Normal 0 1 2 117 0.97 0.97 0.97 120

96.88% during fold 2 and a lowest accuracy of 96.00% during fold 5, which resulted
in a mean accuracy of 96.31% (±0.37). The finalized model yielded an accuracy of
97.33%, as mentioned in Table 4.7. Particularly, the sensitivity for in situ class is
96.00%, which is equal to both the original and the Reinhard normalization. Likewise,
the sensitivity for invasive class is 99.00%, which is the same as that of the original but
1.00% higher than the Reinhard normalization. These optimal results of all the classes
for the Ruifrok-based normalized dataset are depicted in Figure 4.10. Moreover, the
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Figure 4.8 For Reinhard normalization, the left-hand side represents ROC curves for
each class with an average AUC-ROC of 0.998. Whereas the right-hand side depicts
its PR curves for every class with a mean AUC-PR of 0.992.
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Figure 4.9 The left-hand side shows a comparison of training and validation accuracy
curves of the original dataset and Reinhard normalization. Whereas the right-hand side
depicts a comparison of training and validation loss curves of the original dataset and
Reinhard normalization.

ROC and PR curves for an individual class of the Ruifrok normalization in conjunction
with their AUC scores are provided in Figure 4.11. In this case, the AUC-ROC values
range from 0.997 to 0.999 whereas the AUC-PR scores range from 0.980 to 0.999, as
demonstrated in Figure 4.11. The comparison of accuracy curves, in this case, is shown
on the left block of Figure 4.12, whereas their corresponding loss curves are illustrated
on the right block of Figure 4.12. Like the Reinhard normalization, it can be seen that
there is no significant difference in these curves. Thus, it can be concluded that the
classification performance using the Ruifrok normalization is the same as Reinhard
normalization in terms of accuracy.
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Table 4.7 Evaluation metrics of our proposed model using Ruifrok normalization.

Folds

Confusion Matrices Performance Evaluation

Predict →
Actual ↓ Ben. Ins. Inv. Nor. Prec. Rec. F1 Test Accuracy Kappa

Fold 1

Benign 42 6 0 2 0.98 0.84 0.90 50

96.22% 0.941In situ 1 48 1 0 0.84 0.96 0.90 50
Invasive 0 2 225 3 0.99 0.98 0.98 230
Normal 0 1 1 118 0.96 0.98 0.97 120

Fold 2

Benign 48 2 0 0 0.98 0.96 0.97 50

96.88% 0.952In situ 1 48 1 0 0.89 0.96 0.92 50
Invasive 0 3 222 5 0.99 0.97 0.98 230
Normal 0 1 1 118 0.96 0.98 0.97 120

Fold 3

Benign 44 3 0 3 0.96 0.88 0.92 50

96.00% 0.937In situ 2 45 3 0 0.94 0.90 0.92 50
Invasive 0 0 226 4 0.97 0.98 0.98 230
Normal 0 0 3 117 0.94 0.97 0.96 120

Fold 4

Benign 46 3 0 1 0.94 0.92 0.93 50

96.44% 0.945In situ 1 47 2 0 0.94 0.94 0.94 50
Invasive 1 0 224 5 0.98 0.97 0.98 230
Normal 1 0 2 117 0.95 0.97 0.96 120

Fold 5

Benign 47 3 0 0 0.90 0.94 0.92 50

96.00% 0.938In situ 1 47 2 0 0.92 0.94 0.93 50
Invasive 1 1 224 4 0.98 0.97 0.98 230
Normal 3 0 3 114 0.97 0.95 0.96 120

Final

Benign 45 3 1 1 0.98 0.90 0.94 50

97.33% 0.958In situ 1 48 1 0 0.94 0.96 0.95 50
Invasive 0 0 227 3 0.98 0.99 0.98 230
Normal 0 0 2 118 0.97 0.98 0.98 120

4.3.4 Results of Macenko normalization

For the Macenko normalization, the performance metrics of our proposed system are
provided in Table 4.8. During the cross-validation, we observed the uppermost ac-
curacy of 97.11% in fold 4 as well as the lowermost accuracy of 96.00% in fold 3,
resulting in a mean accuracy of 96.10% (±0.88). The finalized model got an accu-
racy of 97.78%, as given in Table 4.8. In particular, the sensitivity values for in situ
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Figure 4.10 The final normalized confusion matrix of Ruifrok dataset.

Figure 4.11 For Ruifrok normalization, the left side represents ROC curves for an in-
dividual class with an average AUC-ROC of 0.998. Whereas the right side depicts its
PR curves for every class with a mean AUC-PR of 0.990.

and invasive carcinomas, in this case, are 96% and 99%, which are equal to that of
the original dataset. These optimum results for all four classes are illustrated in Figure
4.13. Besides, the ROC and PR curves for each class of Macenko normalization with
their corresponding AUC scores are shown in Figure 4.14. Here, AUC-ROC scores
vary between 0.995 and 0.999 whereas AUC-PR values range from 0.981 to 0.998, as
indicated in Figure 4.14. The relationship between accuracy curves is shown on the
left portion of Figure 4.15, whereas their relative loss curves are depicted on the right
portion of Figure 4.15. Interestingly, the validation loss improved as compared to the
original dataset; however, no considerable changes occurred in validation accuracy.
These statistics pointed out that the Macenko-based normalization has slightly outper-
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Figure 4.12 The left side demonstrates a comparison of training and validation accu-
racy curves of the original dataset and Ruifrok normalization. Whereas the right side
illustrates a comparison of training and validation loss curves of the original dataset
and Ruifrok normalization.

Figure 4.13 The final normalized confusion matrix of Macenko dataset.

formed the Reinhard and Ruifrok approaches in terms of accuracy. Also, it offered the
same potential as the original dataset in terms of sensitivity for the in situ and invasive
carcinomas.

4.3.5 Results of Vahadane normalization

Lastly, the performance metrics of our suggested model for Vahadane normalization
are given in Table 4.9. During the cross-validation, we found a maximum accuracy
of 97.77% during fold 4 and a minimum accuracy of 95.77% during fold 3, with a
mean accuracy of 96.57% (±0.75). The accuracy of the finalized model is noted as
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Table 4.8 Evaluation metrics of our proposed model using Macenko normalization.

Folds

Confusion Matrices Performance Evaluation

Predict →
Actual ↓ Ben. Ins. Inv. Nor. Prec. Rec. F1 Test Accuracy Kappa

Fold 1

Benign 42 3 2 3 0.98 0.84 0.90 50

96.88% 0.951In situ 0 49 1 0 0.91 0.98 0.94 50
Invasive 1 1 227 1 0.98 0.99 0.98 230
Normal 0 1 1 118 0.97 0.98 0.98 120

Fold 2

Benign 46 2 1 1 0.96 0.92 0.94 50

96.44% 0.945In situ 1 48 0 1 0.91 0.96 0.93 50
Invasive 0 2 223 5 0.99 0.97 0.98 230
Normal 1 1 1 117 0.94 0.97 0.96 120

Fold 3

Benign 48 0 0 2 0.96 0.96 0.96 50

96.00% 0.937In situ 1 48 1 0 0.98 0.96 0.97 50
Invasive 0 0 227 3 0.96 0.99 0.97 230
Normal 1 1 9 109 0.96 0.91 0.93 120

Fold 4

Benign 47 1 0 2 0.96 0.94 0.95 50

97.11% 0.955In situ 1 48 1 0 0.96 0.96 0.96 50
Invasive 0 0 227 3 0.98 0.99 0.98 230
Normal 1 1 3 115 0.96 0.96 0.96 120

Fold 5

Benign 48 1 1 0 0.84 0.96 0.90 50

96.22% 0.941In situ 3 46 1 0 0.96 0.92 0.94 50
Invasive 1 0 226 3 0.99 0.98 0.98 230
Normal 5 1 1 113 0.97 0.94 0.96 120

Final

Benign 48 0 1 1 0.94 0.96 0.95 50

97.78% 0.965In situ 1 48 1 0 0.99 0.96 0.97 50
Invasive 1 0 227 2 0.99 0.99 0.99 230
Normal 1 1 1 117 0.97 0.97 0.97 120

97.33%, as indicated in Table 4.9. Specifically, the sensitivity for in situ carcinoma is
94% which is 2.00% lower than the original dataset. Likewise, the sensitivity for inva-
sive carcinoma is 98% which is 1.00% percent lower than the original dataset. These
concluded results of all the four classes are illustrated in Figure 4.16. Also, the ROC
curves and PR curves for every class of Vahadane normalization along with their AUC
values are shown in Figure 4.17. In this scenario, the AUC-ROC values vary 0.997 and
0.999 whereas the AUC-PR scores range from 0.986 to 0.996, as mentioned in Figure
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Figure 4.14 For Macenko normalization, the left block illustrates ROC curves for each
class with an average AUC-ROC of 0.997. Whereas the right block depicts its PR
curves for the individual class with a mean AUC-PR of 0.991.
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Figure 4.15 The left graph represents a comparison of training and validation accuracy
curves of the original dataset and Macenko normalization. Whereas the right graph
portrays a comparison of training and validation loss curves of the original dataset and
Macenko normalization.

4.17. The correlation between accuracy curves is shown on the left side of Figure 4.18,
whereas their corresponding loss curves are displayed on the right side of Figure 4.18.
Similar to the Macenko normalization, a slight improvement in validation loss can be
seen; however, no such improvement occurred in validation accuracy. These statistical
analysis show that Vahadane normalization has the same performance as Reinhard and
Ruifrok normalization, but is slightly lower than the original and Macenko normaliza-
tion in terms of accuracy.

Finally, the sensitivity values of normal tissue, benign lesion, in situ carcinomas,
and invasive carcinomas are collectively illustrated in Figure 4.19. Specifically, for
in situ carcinomas, the sensitivity of original dataset is equivalent to Reinhard [10],
Ruifrok [11], and Macenko [12]; however, it is 2% higher than the Vahadane [13]
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Table 4.9 Evaluation metrics of our proposed model using Vahadane normalization.

Folds

Confusion Matrices Performance Evaluation

Predict →
Actual ↓ Ben. Ins. Inv. Nor. Prec. Rec. F1 Test Accuracy Kappa

Fold 1

Benign 42 4 2 2 1.00 0.84 0.91 50

96.66% 0.948In situ 0 49 1 0 0.91 0.98 0.94 50
Invasive 0 0 226 4 0.98 0.98 0.98 230
Normal 0 1 1 118 0.95 0.98 0.97 120

Fold 2

Benign 45 2 0 3 0.98 0.90 0.94 50

96.44% 0.945In situ 1 48 0 1 0.91 0.96 0.93 50
Invasive 0 2 222 6 1.00 0.97 0.98 230
Normal 0 1 0 119 0.92 0.99 0.96 120

Fold 3

Benign 46 1 1 2 0.98 0.92 0.95 50

95.77% 0.934In situ 1 48 1 0 0.96 0.96 0.96 50
Invasive 0 0 227 3 0.95 0.99 0.97 230
Normal 0 1 9 110 0.96 0.92 0.94 120

Fold 4

Benign 47 1 0 2 0.98 0.94 0.96 50

97.77% 0.965In situ 1 48 1 0 0.96 0.96 0.96 50
Invasive 0 0 227 3 0.99 0.99 0.99 230
Normal 0 1 1 118 0.96 0.98 0.97 120

Fold 5

Benign 48 1 1 0 0.89 0.96 0.92 50

96.22% 0.942In situ 2 48 0 0 0.94 0.96 0.95 50
Invasive 0 1 223 6 0.99 0.97 0.98 230
Normal 4 1 1 114 0.95 0.95 0.95 120

Final

Benign 46 1 1 2 0.98 0.92 0.95 50

97.33% 0.958In situ 1 47 2 0 0.96 0.94 0.95 50
Invasive 0 0 226 4 0.99 0.98 0.98 230
Normal 0 1 0 119 0.95 0.99 0.97 120

dataset and this small difference is equivalent to one sample in case of in situ carcinoma.
Moreover, for invasive carcinoma, the proposed model offered higher sensitivity of
99% for original dataset, which is equivalent to Ruifrok [11] and Macenko [12] but
1% lower than Reinhard [10] and Vahadane [13]. In summary, our proposed model
achieved generalized performance for the original as well as normalized datasets.
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Figure 4.16 The final normalized confusion matrix of Vahadane dataset.

Figure 4.17 For Vahadane normalization, the left side shows ROC curves for each class
with an average AUC-ROC of 0.998. Whereas the right side portrays its PR curves for
the individual class with a mean AUC-PR of 0.993.

4.4 Discussion

The effectiveness of our proposed approach based on multilevel features can be com-
pared with the baseline model (AlexNet [14]) and state-of-the-art deep learning ar-
chitectures including VGG16 [9], VGG19 [9], Inception-v3 [15], and Xception [16]
networks as feature extractors with their default settings. To that end, we leveraged
the same optimal hyperparameters that we selected in our optimized framework, as
discussed in the subsection 4.2.8. Furthermore, we used the same input image size as
our proposed model to effectively compare the results, unlike Hao et al. [286], where
the authors selected input image dimensions based on an individual pre-trained CNN
model. We trained all of the aforementioned models on 80% of the images, whereas

108



4.4 Discussion

0 200 400 600 800 1000
Number of epochs

0.5

0.6

0.7

0.8

0.9

1.0

Ac
cu

ra
cy

Training and validation accuracy

Original_Train
Original_Valid
Vahadane_Train
Vahadane_Valid

0 200 400 600 800 1000
Number of epochs

0.0

0.2

0.4

0.6

0.8

1.0

Ca
te

go
ric

al
 c

ro
ss

-e
nt

hr
op

y

Training and validation loss
Original_Train
Original_Valid
Vahadane_Train
Vahadane_Valid

Figure 4.18 The left side shows a comparison of training and validation accuracy curves
of the original dataset and Vahadane normalization. Whereas the right side depicts a
comparison of training and validation loss curves of the original dataset and Vahadane
normalization.
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Figure 4.19 The sensitivity (recall) values of normal, benign, in situ carcinoma, and
invasive carcinoma for the original, Reinhard [10], Ruifrok [11], Macenko [12], and
Vahadane [13] datasets.

the remaining 20% of the images were used for the test purpose, as explained in the
subsection 4.2.3. Of note, we chose AlexNet [14] as a baseline model because it was
the first deep CNN model to achieve promising accuracy on the ILSVRC in 2012.
Similarly, we considered VGG16 [9] and VGG19 [9] because our recently published
study [43] employed these models to perform binary classification on a dataset that
was generated from the same WSI images as used in the current study, as explained in
subsection 4.2.1. Furthermore, the reason for selecting the Inception-v3 [15] lies in the
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Table 4.10 Comparison of the proposedmodel based onmultilevel features of Xception
network with default versions of AlexNet [14] (baseline), VGG16 [9], VGG19 [9],
Inception-v3 [15], and Xception [16] models as feature extractors.

Model Dataset Accuracy F1-score Kappa Parameters

AlexNet [14]

Original 82.44% 77.25% 0.720

40.72 million
Reinhard 76.66% 69.75% 0.633
Ruifrok 81.55% 75.75% 0.708
Macenko 81.33% 75.75% 0.702
Vahadane 78.89% 72.25% 0.667

VGG16 [9]

Original 90.44% 86.50% 0.852

35.95 million
Reinhard 88.00% 82.50% 0.814
Ruifrok 87.11% 82.50% 0.800
Macenko 89.55% 86.00% 0.839
Vahadane 89.55% 86.25% 0.838

VGG19 [9]

Original 87.33% 81.75% 0.805

41.26 million
Reinhard 88.89% 82.75% 0.824
Ruifrok 88.00% 81.75% 0.814
Macenko 89.11% 84.25% 0.832
Vahadane 89.11% 83.00% 0.832

Inception-v3 [15]

Original 94.66% 91.25% 0.917

23.08 million
Reinhard 94.44% 91.25% 0.914
Ruifrok 94.44% 91.50% 0.914
Macenko 93.55% 90.25% 0.900
Vahadane 93.77% 90.00% 0.904

Xception [16]

Original 96.44% 95.00% 0.945

22.12 million
Reinhard 96.66% 94.75% 0.948
Ruifrok 96.66% 94.75% 0.948
Macenko 96.00% 94.25% 0.938
Vahadane 95.56% 93.75% 0.931

Proposed

Original 98.00% 97.50% 0.969

20.71 million
Reinhard 97.33% 96.25% 0.959
Ruifrok 97.33% 96.25% 0.958
Macenko 97.78% 97.00% 0.965
Vahadane 97.33% 96.25% 0.958

simplicity and robustness of its architecture, as discussed in the subsection 4.4. Finally,
the motive behind choosing the plain Xception [16] is that it that it could be crucial to
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evaluate its classification performance along with its modified architecture. Overall,
the evaluation metrics of all the models are summarized in Table 4.10. Further details
of these results can be found in the Supplementary Information (SI) file. The detailed
comparison of our proposed architecture with each of the aforementioned models is as
follows:

The performance metrics of the default AlexNet [14] model (baseline) as a feature
extractor are given in Table 4.10 (further details can be found in Supplementary Table
A.1). For the original dataset, it offered an accuracy of 82.44%, F1-score of 77.25%,
and Cohen’s kappa score of 0.720. Among the four normalized datasets, it yielded the
highest accuracy of 81.55%, F1-measure of 75.75%, and Cohen’s kappa of 0.708 for
Ruifrok normalization. However, the baseline model shows overfitting as portrayed
in the loss curves of Supplementary Figure A.1. Furthermore, it is a computation-
ally expensive model with 40.7 million of training parameters, as mentioned in Table
4.10. In contrast, our proposed approach leveraged 20.01 million fewer parameters and
achieved 15.56 percentage points higher accuracy along with a 24.9 percentage points
gain in Cohen’s kappa value for the original dataset.

Similarly, the performance measurements of the default VGG16 [9] model as a
feature extractor are also compiled in Table 4.10 (more details are available in Supple-
mentary Table A.2). For the original dataset, it gained an accuracy of 90.44%, F1-score
of 86.50%, and Cohen’s kappa statistic of 0.852. It acquired the highest accuracy of
89.55%, F1-measure of 86.25%, and Cohen’s kappa of 0.838 for Vahadane normal-
ization among the four normalized datasets. It can be noticed that VGG16 [9] outper-
formed the baseline model. Nevertheless, it shows overfitting as illustrated in the loss
curves of Supplementary Figure A.2. Moreover, like the baseline AlexNet [14], it is a
computationally expensive model with a total number of 35.95 million training param-
eters, as stated in Table 4.10. Conversely, our proposed model utilized 15.24 million
lower parameters and achieved 7.56 percentage points higher accuracy along with 11.7
percentage points increase in Cohen’s kappa score for the original dataset.

Likewise, the performance metrics of the default VGG19 [9] model as a feature
extractor are provided in Table 4.10 (additional details are given in Supplementary
Table A.3). It attained an accuracy of 87.33%, F1-measure of 81.75%, and Cohen’s
kappa value of 0.805 For the original dataset among the normalized datasets, it reached
a maximum accuracy of 89.11%, F1-score of 84.25%, and Cohen’s kappa of 0.832 for
Macenko normalization. It can be observed that VGG19 [9] also outperformed the
baseline model similar to the VGG16 [9] model. Nonetheless, it exhibits overfitting
as portrayed in the loss curves of Supplementary Figure A.3. Furthermore, like the
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baseline AlexNet [14] and VGG16 [9], it is a computationally expensive model with
a total number of 41.26 million training parameters, as stated in Table 4.10. Contrary
to VGG19 [9], our proposed framework utilized 20.55 million fewer parameters and
achieved 10.67 percentage points higher accuracy together with 16.4 percentage points
increase in Cohen’s kappa score for the original dataset.

Moreover, the performance measurements of the default Inception-v3 [15] model
as a feature extractor are also outlined in Table 4.10 (further details are provided in
Supplementary Table A.4). For the original dataset, it attained an accuracy of 94.66%,
F1-measure of 91.25%, and Cohen’s kappa score of 0.917. Among the normalized
datasets, it gained a top accuracy of 94.44%, F1-score of 91.50%, and Cohen’s kappa
of 0.914 for Ruifrok normalization. Interestingly, the default Inception-v3 [15] using
23.03 million training parameters offered promising results compared to the baseline
AlexNet [14], and state-of-the-art VGG16 [9] and VGG19 [9] models. However, it
shows overfitting as illustrated in the loss curves of Supplementary Figure A.4. In
contrast, our proposed strategy leveraged 2.37 million lower training parameters and
yielded 3.34 percentage points higher accuracy in conjunction with 5.5 percentage
points increase in Cohen’s kappa value for the original dataset.

Lastly, the performance metrics of the default Xception [16] model as a feature
extractor are presented in Table 4.10 (more details can be found in Supplementary
Table A.5). For the original dataset, it obtained an accuracy of 96.44%, F1-measure
of 95.00%, and Cohen’s kappa statistic of 0.945. Among the normalized datasets, it
attained the highest accuracy of 96.66%, F1-score of 94.75%, and Cohen’s kappa of
0.948 for both the Reinhard and Ruifrok normalization. It employed 22.21 million of
training parameters and outperformed the baseline AlexNetNet [14] and state-of-the-
art VGG16 [9], VGG19 [9], and Inception-v3 [15] models. These results demonstrate
that the default Xception model as a feature extractor also offered promising results
due to its robust performance in classifying histopathology images [273]. However, the
default Xception model started overfitting which can be noticed in the loss curves of
Supplementary FigureA.5. This can be due to usingmerely oneGAP layer in its default
framework. In comparison, our proposed approach used 1.41 million fewer parameters
and yielded 1.56 percentage points high accuracy together with a 2.4 percentage points
improvement in Cohen’s kappa score for the original dataset.

In summary, these results demonstrate that the baseline AlexNet [14], as well as
the state-of-the-art VGG16 [9] and VGG19 [9], are computationally expensive models.
Furthermore, Inception-v3 [15] and Xception [16] networks offered promising perfor-
mance but suffered from the overfitting problem. In contrast, our proposed model
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based on multilevel features of the Xception [16] network outperformed all the default
state-of-the-art frameworks with a fewer number of training parameters. Also, our pro-
posed model offered resistance to overfitting due to the usage of multiple GAP layers
[273]. Thus, it can be concluded that when used as a feature extractor, it is better to
first check the Xceptionmodel with its default setting and then use multiple GAP layers
to decrease the overfitting problem [273]. Overall, our proposed model using multi-
level features from the intermediate layers of the Xception [16] network outperformed
the baseline as well as state-of-the-art models with their default settings in classifying
the breast cancer histopathology images. Interestingly, it provided minimal variance
among the results on original and normalized datasets, and thus acts as a generalized
deep learning model.

4.5 Chapter summary

The purpose of this study is to leverage deep learning to classify the hematoxylin-
eosin-stained breast cancer microscopy images of our collected dataset into normal
tissue, benign lesion, in situ carcinoma, and invasive carcinoma. To achieve this, we
utilized six intermediate layers of the pre-trained Xception model to extract salient
features from input images. We first optimized the proposed architecture on the un-
normalized dataset, and then evaluated its performance on normalized datasets result-
ing from Reinhard, Ruifrok, Macenko, and Vahadane stain normalization procedures.
Overall it is concluded that the proposed approach provides a generalized state-of-the-
art classification performance towards the original and normalized datasets. Also, it
can be deduced that even though the aforementioned stain normalization methods of-
fered competitive results, they did not outperform the results of the original dataset.
In future, we recommend to use the stain normalization techniques based on genera-
tive adversarial networks. Similarly, we suggest exploiting other recently developed
pre-trained models by adopting feature extraction and fine-tuning strategies. Further-
more, it would be interesting take to the advantage of semi-supervised, unsupervised
and self-supervised learning. Lastly, the concepts introduced in this study can be ap-
plied to histopathology image classification of different cancers, such as colorectal and
lung cancers.
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Conclusion

This chapter outlines the most pertinent conclusions obtained after developing the cur-
rent thesis. Numerous findings are presented following the completion of four main
objectives defined in chapter 1. This thesis leveraged novel DL frameworks to effec-
tively and efficiently diagnose breast cancer using histopathology images. The first
case study focuses on the binary classification of breast cancer. It was achieved by
developing a novel framework based on an ensemble of deep CNN models to classify
breast malignancy into non-carcinoma and carcinoma. Whereas, the second case study
focuses on the multiclass classification of breast cancer. It was accomplished by devel-
oping a new framework that leveraged multilevel features of deep CNNmodels to clas-
sify breast malignancy into normal, benign, in situ carcinoma, and invasive carcinoma.
It is worth noting that both the aforementioned case studies used our collected dataset
containing microscopy images retrieved from whole slide images of eighty breast can-
cer female patients. Thus, using DLwith histopathology imaging, the objectives which
were set in chapter 1 of the thesis were successfully met.

The hypothesis stated earlier in chapter 1 is given below.

• Optimized deep learning frameworks can effectively and efficiently diagnose
breast cancer as non-carcinoma and carcinoma as well as normal, benign,
in situ carcinoma, and invasive carcinoma using histopathology images.

From the results presented in chapters 3 and 4, it can be stated that DL has the
potential to assist clinicians during the diagnostic process, which in turn can improve
the quality of diagnosis in various crucial health issues including breast cancer.
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5.1 Achievements

This thesis work provided several contributions by designing, optimizing, and validat-
ing end-to-end DL frameworks for breast cancer diagnosis. This was achieved by the
collection of relevant data, preprocessing of data, designing CNN-based architectures,
obtaining reliable findings through model optimization, and validating the proposed
systems using crucial validation metrics. The key contributions in the current thesis
were accomplished by achieving specific objectives presented in chapter 1. All the
main objectives of this thesis were fulfilled during the research process, as provided
below.

• Objective 1: To collect and annotate a dataset containing whole slide images
retrieved from eighty female patients suffering from breast cancer: This ob-
jective was successfully completed by collaborating with the pathology depart-
ment of Colsanitas clinic with a dependence of the Sanitas University, Bogotá,
Colombia. This resulted in collecting 544 whole slide images stained with hema-
toxylin and eosin retrieved from eighty female patients suffering from breast can-
cer. The digitized slides were then annotated by two experienced pathologists
from our consortium to create two datasets: one for binary classification and the
other for multiclass classification.

• Objective 2: To define the state-of-the-art developments in the supervised
machine and deep learning for breast cancer diagnosis using widely fol-
lowedmedical imaging modalities: This objective was successfully completed
by compiling an article that analyzed cutting-edge supervised ML and DL mod-
els applied to medical imaging modalities for the detection, segmentation, and
classification of breast lesions, as explained in chapter 2.

• Objective 3: To design, optimize, and validate a supervised DL framework
aimed at effective binary classification of breast cancer using our collected
dataset: This objective was successfully accomplished by proposing a novel
end-to-end CNN-based framework to effectively and efficiently classify breast
lesions into non-carcinoma and carcinoma, as described in chapter 3.

• Objective 4: To design, optimize, and validate a supervised DL model in-
tended at effective multiclass classification of breast cancer as normal, be-
nign, in situ carcinoma, and invasive carcinoma using our collected dataset:
This objective was successfully accomplished by propounding an innovative
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end-to-end CNN-based framework to effectively and efficiently classify breast
lesions into normal, benign, in situ carcinoma, and invasive carcinoma, as de-
scribed in chapter 4.

5.2 Scientific contribution

This thesis provided the most pertinent details about the computer-assisted diagnosis
of breast cancer. Although the current document is structured as a monograph, two rel-
evant articles have been published in peer-reviewed first-quartile journals with impact
factors whereas the third one is under review. Moreover, while pursuing my Ph.D.
at the eVida research group, I also worked on a European project related to natural
language processing called Access Multilingual Information opinionS (AMIS). In this
regard, I published one article in a peer-reviewed top-quartile journal with an impact
factor and presented two papers at international conferences. However, this contribu-
tion is not documented because its context is not consistent with the main contributions
of this thesis. All the aforementioned journal articles and conference papers are sum-
marized in the upcoming subsections 5.2.1 and 5.2.2.

5.2.1 Journal articles

The first paper presented a systematic review that analyzed 142 state-of-the-art studies
using supervised ML and DL approaches in computer-aided detection, segmentation,
and classification of breast cancer. It is under review in a peer-reviewed top-quartile
journal with an impact factor, as given in Table 5.1.

Table 5.1 Article I in a peer-reviewed journal.

Title A systematic review of supervised machine and deep learning in
breast cancer diagnosis using medical imaging

Authors Z. Hameed, F. Karem, and B. Garcia-Zapirain
Journal IEEE Access Quartile Q1
Date Under review
Impact Factor 3.90
DOI Under Review

Similarly, the second paper proposed a novel end-to-end framework based on an
ensemble of CNNmodels for the definite classification of breast cancer non-carcinoma
and carcinoma using histopathology images. It has been published in a peer-reviewed
first-quartile journal with an impact factor, as stated in Table 5.2.
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Table 5.2 Article II in a peer-reviewed journal.

Title Multiclass classification of breast cancer histopathology images
using multilevel features of deep convolutional neural network

Authors Z. Hameed, B. Garcia-Zapirain, J. J. Aguirre, and M. A. Isaza-
Ruget

Journal Scientific Reports Quartile Q1
Date September 16, 2022
Impact Factor 4.60
DOI https://doi.org/10.1038/s41598-022-19278-2

Likewise, the third paper propounded a new end-to-end system by leveraging mul-
tilevel features of deep CNN models to effectively classify breast cancer into normal,
benign, in situ carcinoma, and invasive carcinoma. It has been published in a peer-
reviewed first-quartile journal with an impact factor, as provided in Table 5.3.

Table 5.3 Article III in a peer-reviewed journal.

Title Breast cancer histopathology image classification using an en-
semble of deep learning models

Authors Z. Hameed, S. Zahia, B. Garcia-Zapirain, J. Javier Aguirre, and
A. Maria Vanegas

Journal Sensors Quartile Q1
Date August 05, 2020
Impact Factor 3.90
DOI https://doi.org/10.3390/s20164373

Finally, the fourth paper presented a comparably simpler yet effective end-to-end
architecture based on the bidirectional long short-term memory network for sentiment
classification. It has been published in a peer-reviewed top-quartile journal with an
impact factor, as given in Table 5.4.

Table 5.4 Article IV in a peer-reviewed journal.

Title Sentiment classification using a single-layered BiLSTM model
Authors Z. Hameed and B. Garcia-Zapirain
Journal IEEE Access Quartile Q1
Date April 17, 2020
Impact Factor 3.90
DOI https://doi.org/10.1109/ACCESS.2020.2988550
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5.2.2 Communications in international conferences

The first conference paper followed an ensemble approach using the bidirectional gated
recurrent unit for sentiment classification, as given in Table 5.5 and depicted in Figure
5.1.

Table 5.5 Publication I in an international conference.

Title Sentiment analysis using an ensemble approach of BiGRU
model: A case study of AMIS tweets

Authors Z. Hameed, S. Shapoval, B. Garcia-Zapirain, and A.M. Zorilla
Conference International Symposium on Signal Processing and Information

Technology (ISSPIT)
Date December 09-11, 2020
Publisher IEEE Location Kentucky, USA
DOI https://doi.org/10.1109/ISSPIT51521.2020.9408866

Similarly, the second conference presented a computationally efficient model by
employing the bidirectional long short-term memory network for sentiment classifica-
tion, as provided in Table 5.6 and illustrated in Figure 5.2.

Table 5.6 Publication II in an international conference.

Title A computationally efficient BiLSTM based approach for the bi-
nary sentiment classification

Authors Z. Hameed, B. Garcia-Zapirain, and I. O. Ruiz
Conference IEEE International Symposium on Signal Processing and Infor-

mation Technology (ISSPIT)
Date December 10-12, 2019
Publisher IEEE Location Ajman, UAE
DOI https://doi.org/10.1109/ISSPIT47144.2019.9001781

5.3 International mention

For the International Mention of my Ph.D. degree, I performed a research internship
at the Université Laval in Canada from June 08 to September 8, 2022, as stated in
Figure 5.3. I was registered as a full-time research trainee during the summer and fall
semesters of 2022 where I worked under the supervision of Professor Simon Duchesne
from the Department of Radiology and Nuclear Medicine, Université Laval, Canada.

During this period, I actively worked on a project that was funded by the Quebec
Bio-Imaging Network entitled “Deep Learning in Histopathological Cerebrovascular
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CERTIFICATE OF PARTICIPATION  
   

This is to certify that Zabit Hameed contributed and 
presented a paper titled “Sentiment Analysis Using an 
Ensemble Approach of BiGRU Model: A Case Study of AMIS 
Tweets” in the 20TH IEEE International Symposium on Signal 
Processing and Information Technology. ISSPIT 2020 will be 
in December 9-11, 2020 – Louisville, Kentucky, USA 
(Virtually). 
 
We appreciate the effort and contribution to ISSPIT 2020. 

 
 
 
 

 
 

Professor Adel Elmaghraby 
Conference Chair 

 
                   

 

Figure 5.1 The certificate of my presentation at the IEEE ISSPIT 2020 conference.

Lesions Assessment”. The aim of this project was to understand the data, analyze the
data, and design a deep learning-based algorithm capable of automatically identifying
cerebrovascular lesions (e.g. arteriolosclerosis) from whole slide images of human
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Awards this certificate to
Zabit Hameed

For presenting “A Computationally Efficient BiLSTM Based Approach for the Binary Sentiment 

Classification” 

in the 19​th​ IEEE International Symposium on Signal Processing and Information 
December 10-12, 2019

ISSPIT Committee

Figure 5.2 The certificate of my presentation at the IEEE ISSPIT 2019 conference.

brains. It may detect cerebrovascular lesions during a patient’s lifetime with great
specificity and sensitivity. Consequently, it can allow clinicians to orient treatments
accordingly and avoid, as much as possible, the decline to stroke and/or dementia with
a vascular component.

To summarize, I analyzed and preprocessed two datasets containing whole slide
images obtained during autopsy from healthy brains. During this phase, I participated
in discussions with neurologists who collected these datasets. From one dataset, I
analyzed, standardized, and preprocessed 504 slides containing arteriolosclerosis or
non-arteriolosclerosis lesions from 63 patients. Similarly, from the other dataset, I an-
alyzed, standardized, and preprocessed 442 slides containing arteriolosclerosis or non-
arteriolosclerosis lesions from 134 patients. However, due to time constraints and eth-
ical considerations, I could not design a deep learning framework needed to complete
this project. My goal in this regard is to investigate the effectiveness of cutting-edge
CNN networks in recognizing cerebrovascular lesions, which is analogous to recog-
nizing breast lesions in this thesis.
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Quebec, September 27th 2022 
 
 
 
 
Zabit Hameed 
Ribera Botica Vieja 22 5C 
Bilbao, Bizkaia 
Spain 
 
 
Ref.: Research internship certificate – Zabit Hameed 537034065 
 
 
Dear Sir or Madam, 
 
This is to certify that Zabit Hameed (DOB : 1988/02/15) has completed a 
research internship at the Department of Radiology and Nuclear Medicine of the 
Faculty of Medicine of Université Laval, from June 8th to September 8th 2022. 
 
He was registered as a full-time research trainee during Summer and Fall 
semesters 2022 and he has worked under the supervision of Professor Simon 
Duchesne. 
 
For more information, please do not hesitate to contact the Registrar’s Office. 
 
Sincerely yours, 
 
 
 

 

Figure 5.3 The certificate of my international research stay.
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5.4 Limitations and recommendations

This thesis proposed novel supervised deep learning frameworks based on deep CNN
models to effectively and efficiently diagnose breast cancer using histopathology im-
ages. Although the current work offered promising results for the binary andmulticlass
classification of breast lesions, certain limitations should be considered when evaluat-
ing the results outlined within this thesis. These limitations together with future rec-
ommendations are presented in their respective chapters; nonetheless, a brief overview
is presented here as well.

Firstly, the datasets prepared for both the case studies of this thesis are comparably
smaller in contrast to those used in numerous state-of-the-art works. To that end, more
images could be included in these datasets as DL models mostly rely on the quality
of the input data for the learning process to produce generalized results. Secondly,
this thesis leveraged only supervised DL approaches for breast cancer diagnosis using
microscopy images. However, it would be interesting to exploit the potential of semi-
supervised, unsupervised and self-supervised learning for breast cancer diagnosis using
microscopy images as well as whole slide images. Thirdly, the concepts introduced in
this thesis could also be applied to diagnose several different cancers, such as lung,
colorectal, prostate, stomach, and liver cancers among others.

Apart from cancer, it would be interesting to investigate the potential of DL mod-
els for histopathological analysis of other applications like cognitive vascular disease
(CVD). In this regard, I accomplished a full-time research internship at the Université
Laval, Canada, where I analyzed and preprocessed whole slide images related to CVD
of healthy individuals. In the future, our aim would be to impart the concepts intro-
duced within this thesis to diagnose CVD such as arteriolosclerosis which contributes
to the impairment in the cognition process of a healthy brain.
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Table A.1 Evaluation metrics of the default AlexNet model (baseline) as a feature ex-
tractor using the original and normalized datasets.

Dataset

Confusion Matrices Performance Evaluation

Predict →
Actual ↓ Ben. Ins. Inv. Nor. Prec. Rec. F1 Test Accuracy Kappa

Original

Benign 35 10 3 2 0.73 0.70 0.71 50

82.44% 0.720In situ 9 39 2 0 0.70 0.78 0.74 50
Invasive 0 5 221 4 0.84 0.96 0.89 230
Normal 4 2 38 76 0.93 0.63 0.75 120

Reinhard

Benign 33 10 3 4 0.52 0.66 0.58 50

76.66% 0.633In situ 8 39 2 1 0.64 0.78 0.70 50
Invasive 4 9 214 3 0.83 0.93 0.88 230
Normal 19 3 39 59 0.88 0.49 0.63 120

Ruifrok

Benign 31 13 3 3 0.72 0.62 0.67 50

81.55% 0.708In situ 9 39 2 0 0.62 0.78 0.69 50
Invasive 2 7 215 6 0.85 0.93 0.89 230
Normal 1 4 33 82 0.90 0.68 0.78 120

Macenko

Benign 30 13 4 3 0.75 0.60 0.67 50

81.33% 0.702In situ 7 40 3 0 0.63 0.80 0.71 50
Invasive 1 6 218 5 0.84 0.95 0.89 230
Normal 2 4 36 78 0.91 0.65 0.76 120

Vahadane

Benign 27 18 2 3 0.77 0.54 0.64 50

78.89% 0.667In situ 6 42 2 0 0.53 0.84 0.65 50
Invasive 1 8 216 5 0.84 0.94 0.89 230
Normal 1 12 37 70 0.90 0.58 0.71 120
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FigureA.1 The left-hand side shows training and validation accuracy curves of the orig-
inal dataset and Macenko normalization on the default settings of the AlexNet model
(baseline) as a feature extractor. Whereas the right-hand side depicts training and val-
idation loss curves of the original dataset and Macenko normalization.
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Table A.2 Evaluation metrics of the default VGG16 model as a feature extractor using
the original and normalized datasets.

Dataset

Confusion Matrices Performance Evaluation

Predict →
Actual ↓ Ben. Ins. Inv. Nor. Prec. Rec. F1 Test Accuracy Kappa

Original

Benign 42 5 1 2 0.79 0.84 0.82 50

90.44% 0.852In situ 7 40 3 0 0.77 0.80 0.78 50
Invasive 1 4 217 8 0.96 0.94 0.95 230
Normal 3 3 6 108 0.92 0.90 0.91 120

Reinhard

Benign 42 5 1 2 0.67 0.84 0.74 50

88.00% 0.814In situ 11 35 4 0 0.78 0.70 0.74 50
Invasive 2 3 216 9 0.95 0.94 0.94 230
Normal 8 2 7 103 0.90 0.86 0.88 120

Ruifrok

Benign 38 4 3 5 0.67 0.76 0.71 50

87.11% 0.800In situ 8 39 2 1 0.81 0.78 0.80 50
Invasive 2 3 215 10 0.94 0.93 0.94 230
Normal 9 2 9 100 0.86 0.83 0.85 120

Macenko

Benign 41 5 1 3 0.76 0.82 0.79 50

89.55% 0.839In situ 6 41 2 1 0.82 0.82 0.82 50
Invasive 2 3 213 12 0.96 0.93 0.94 230
Normal 5 1 6 108 0.87 0.90 0.89 120

Vahadane

Benign 41 6 1 2 0.82 0.82 0.82 50

89.55% 0.838In situ 6 41 3 0 0.77 0.82 0.80 50
Invasive 1 3 215 11 0.94 0.93 0.94 230
Normal 2 3 9 106 0.89 0.88 0.89 120
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FigureA.2 The left-hand side shows training and validation accuracy curves of the orig-
inal dataset and Macenko normalization on the default settings of the VGG16 model
as a feature extractor. Whereas the right-hand side depicts training and validation loss
curves of the original dataset and Macenko normalization.
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Table A.3 Evaluation metrics of the default VGG19 model as a feature extractor using
the original and normalized datasets.

Dataset

Confusion Matrices Performance Evaluation

Predict →
Actual ↓ Ben. Ins. Inv. Nor. Prec. Rec. F1 Test Accuracy Kappa

Original

Benign 45 3 0 2 0.66 0.90 0.76 50

87.33% 0.805In situ 15 31 3 1 0.82 0.62 0.70 50
Invasive 4 1 210 15 0.96 0.91 0.94 230
Normal 4 3 6 107 0.86 0.89 0.87 120

Reinhard

Benign 46 3 1 0 0.64 0.92 0.75 50

88.89% 0.824In situ 16 30 2 2 0.86 0.60 0.71 50
Invasive 2 1 218 9 0.96 0.95 0.96 230
Normal 8 1 5 106 0.91 0.88 0.89 120

Ruifrok

Benign 40 7 2 1 0.65 0.80 0.71 50

88.00% 0.814In situ 13 34 2 1 0.77 0.68 0.72 50
Invasive 4 0 217 9 0.95 0.94 0.95 230
Normal 5 3 7 105 0.91 0.88 0.89 120

Macenko

Benign 44 4 1 1 0.70 0.88 0.78 50

89.11% 0.832In situ 12 34 3 1 0.83 0.68 0.75 50
Invasive 3 1 213 13 0.96 0.93 0.94 230
Normal 4 2 4 110 0.88 0.92 0.90 120

Vahadane

Benign 43 5 1 1 0.67 0.86 0.75 50

89.11% 0.832In situ 13 33 2 2 0.82 0.66 0.73 50
Invasive 3 1 216 10 0.96 0.94 0.95 230
Normal 5 1 5 109 0.89 0.91 0.89 120
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FigureA.3 The left-hand side shows training and validation accuracy curves of the orig-
inal dataset and Macenko normalization on the default settings of the VGG19 model
as a feature extractor. Whereas the right-hand side depicts training and validation loss
curves of the original dataset and Macenko normalization.
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Table A.4 Evaluation metrics of the default Inception-v3 model as a feature extractor
using the original and normalized datasets.

Dataset

Confusion Matrices Performance Evaluation

Predict →
Actual ↓ Ben. Ins. Inv. Nor. Prec. Rec. F1 Test Accuracy Kappa

Original

Benign 45 2 0 3 0.82 0.90 0.86 50

94.66% 0.917In situ 7 41 2 0 0.91 0.82 0.86 50
Invasive 1 1 225 3 0.98 0.98 0.98 230
Normal 2 1 2 115 0.95 0.96 0.95 120

Reinhard

Benign 44 3 0 3 0.83 0.88 0.85 50

94.44% 0.914In situ 5 43 0 2 0.90 0.86 0.88 50
Invasive 2 1 223 4 0.99 0.97 0.98 230
Normal 2 1 2 115 0.93 0.96 0.94 120

Ruifrok

Benign 44 3 0 3 0.83 0.88 0.85 50

94.44% 0.914In situ 5 44 1 0 0.88 0.88 0.88 50
Invasive 4 2 218 6 1.00 0.95 0.97 230
Normal 0 1 0 119 0.93 0.99 0.96 120

Macenko

Benign 42 4 0 4 0.84 0.84 0.84 50

93.55% 0.900In situ 5 43 1 1 0.88 0.86 0.87 50
Invasive 1 1 221 7 0.99 0.96 0.97 230
Normal 2 1 2 115 0.91 0.96 0.93 120

Vahadane

Benign 41 5 1 3 0.82 0.82 0.82 50

93.77% 0.904In situ 6 43 0 1 0.83 0.86 0.84 50
Invasive 2 3 221 4 0.99 0.96 0.98 230
Normal 1 1 1 117 0.94 0.97 0.96 120
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Figure A.4 The left side shows training and validation accuracy curves of the original
dataset and Macenko normalization on the default settings of the Incepion-v3 model as
a feature extractor. Whereas the right side depicts training and validation loss curves
of the original dataset and Macenko normalization.
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Table A.5 Evaluation metrics of the default Xception model as a feature extractor using
the original and normalized datasets.

Dataset

Confusion Matrices Performance Evaluation

Predict →
Actual ↓ Ben. Ins. Inv. Nor. Prec. Rec. F1 Test Accuracy Kappa

Original

Benign 47 0 0 3 0.92 0.94 0.93 50

96.44% 0.945In situ 3 45 1 1 0.98 0.90 0.94 50
Invasive 0 0 225 5 0.99 0.98 0.98 230
Normal 1 1 1 117 0.93 0.97 0.95 120

Reinhard

Benign 47 1 1 1 0.89 0.94 0.91 50

96.66% 0.948In situ 5 44 1 0 0.96 0.88 0.92 50
Invasive 0 0 227 3 0.99 0.99 0.99 230
Normal 1 1 1 117 0.97 0.97 0.97 120

Ruifrok

Benign 46 2 0 2 0.90 0.92 0.91 50

96.66% 0.948In situ 3 47 0 0 0.92 0.94 0.93 50
Invasive 0 1 226 3 1.00 0.98 0.99 230
Normal 2 1 1 116 0.96 0.97 0.96 120

Macenko

Benign 47 0 2 1 0.87 0.94 0.90 50

96.00% 0.938In situ 4 44 2 0 0.98 0.88 0.93 50
Invasive 1 0 225 4 0.98 0.98 0.98 230
Normal 2 1 1 116 0.96 0.97 0.96 120

Vahadane

Benign 46 1 0 3 0.88 0.92 0.90 50

95.56% 0.931In situ 4 44 1 1 0.96 0.88 0.92 50
Invasive 1 0 225 4 0.98 0.98 0.98 230
Normal 1 1 3 115 0.93 0.96 0.95 120
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Figure A.5 The left side demonstrates training and validation accuracy curves of the
original dataset and Macenko normalization on the default settings of the Xception
model as a feature extractor. Whereas the right side presents training and validation
loss curves of the original dataset and Macenko normalization.
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