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Chapter 1

Introduction

1.1.

CANCER is one of the root causes of death worldwide. According to WHO (World Health
Organization) 9.6 million deaths in 2018 were due to cancer [1]. Cancer is the term used when
the cells in our body grow abnormally beyond their boundaries and slowly invade other parts of
our body. The most common cases of cancer as maintained by the IARC (International Agency
for Research on Cancer) are lung, breast, colorectal, prostate, skin and stomach. Breast cancer
reported 2.09 million cases in the year 2018 and caused 627000 deaths globally [2]. The SEER
(Surveillance, Epidemiology and End Results) estimates 268,000 cases and 41,760 deaths due
to breast cancer in the year 2019 [3].

Breast cancer is the worst and the most common form of cancer occurring among women
compared to other forms of cancer [4]. Breast cancer plays a significant role in affecting female
mortality. Researchers are actively seeking to develop early detection methods of breast cancer.
Several technologies contributed to the reduction in mortality rate from this disease, but early
detection contributes most to preventing disease spread, breast amputation and death [5].

Types of Invasive Carcinoma in Breast cancer

Breast cancers that have spread into surrounding breast tissue are known as invasive breast
cancers.

Most breast cancers are invasive, but there are different types of invasive breast cancer. The two
most common are as follows:

* Invasive ductal carcinoma (IDC)
* Invasive lobular carcinoma (ILC)

Invasive (infiltrating) ductal carcinoma

This is the most common type of breast cancer. About 8 in 10 invasive breast cancers are
invasive (or infiltrating) ductal carcinomas. IDC starts in the cells that line a milk duct in the
breast. From there, the cancer breaks through the wall of the duct, and grows into the nearby
breast tissues. At this point, it may be able to spread (metastasize) to other parts of the body
through the lymph system and bloodstream.
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Invasive lobular carcinoma

About 1 in 10 invasive breast cancers is an invasive lobular carcinoma. ILC starts in the breast
glands that make milk (lobules). Like IDC, it can spread (metastasize) to other parts of the body.
Invasive lobular carcinoma may be harder to detect on physical exam and imaging, like
mammograms, than invasive ductal carcinoma. And compared to other kinds of invasive
carcinoma, it is more likely to affect both breasts. About 1 in 5 women with ILC might have
cancer in both breasts at the time they are diagnosed.

Figure 1.1 shows all sub-types of breast cancers.

Breast cancer

[ Benign breast tumor ] [ Malignant breast tumor J

— —

Noninvasive
(In situ)
carcinoma

Invasive

Fibroadenoma

Intraductal carcinoma

Phyllodes  papilloma
— Invasive duct carcinoma
tumor
—— Invasive lobular carcinoma

Intraductal Lobular —— Medullary carcinoma

carcinoma carcinoma L (Colloid (mucinous) carcinoma

in situ . .
—— Papillary carcinoma

| Tubular carcinoma

—— Adenoid cystic carcinoma

» Secretory carcinoma

— Inflammatory carcinoma

—— Carcinoma with metaplasia

Figure 1.1 sub-types of breast cancers
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1.2.

1.3.

History of Breast Cancer Detection

Egyptians identified breast cancer in 3,000 BC [8]. Then the Greeks, when a woman brought to
Hippocrates, had a bloody discharge from the nipple and died. Hippocrates linked breast cancer
due to menopause and called it hidden cancer because it did not appear on the skin. In 450 BC,
Hippocrates diagnosed the hidden diseases of the patient by placing the mud on the entire body
of the patient and the area that first dries out is the disease. It is the primitive process of thermal
detection in the medical field [9]. Signs of breast cancer appear bitter in the mouth, loss of
appetite, disturbed intelligence, dry eyes and nostrils, and loss of smell [10]. In the first century
AD, a surgeon from the school of Alexandria pointed out that breast cancer is a huge swelling
of harsh texture and uneven and grey to red. In 1913, radiography of breast cancer patients began
in Germany. The study was carried out on 3,000 patients by surgeon Salmon [11]. In 1951
ultrasound was used as a research tool to detect breast tumor and identify it as benign or
malignant. The other research was supported in 1952, when 21 cases of breast cancer were
successfully identified. Through the results of this research, ultrasound was tested in the hospital
as a diagnostic tool for breast cancer in 1954. In the 1960s, improvements were made to the
internal structure of the ultrasound system and improvements in detection methods, including
placing breasts on controlled temperature water for early detection of the tumor. Technological
revolution after 1980 contributed to changes in the detection of the tumor and the flow of blood
to the tumor. In the late 20th century, it was developed to use ultrasound to guide the needle
biopsy in the breast area [12]. In 1957, Lawson used the thermal camera for the first time to
diagnose breast cancer when he found the temperature difference between the tumor and the
surrounding healthy area. When doctors and surgeons found Lausanne and Ghatmati in 1963
when they published research that the increase in skin temperature associated with breast cancer
was associated with venous convection. In 1982, the Food and Drug Administration (FDA)
approved the use of a thermal camera as a diagnostic aid to detect breast cancer. In 1996, a
comparison between thermal images and X-rays for the diagnosis of a patient was conducted
where the disease was detected by the thermal images disease, while it was not detected by X-
rays [9].

Types of Breast Cancer Imaging
There are several types of imaging for breast cancer detection such as:

A) Mammogram

Mammograms are the gold standard for breast cancer screening since 1960. However, there
are many challenges affecting diagnosis using mammograms such as age, breast tissue
density, and family history [13]. Mammograms can detect breast cancer in the early stages,
reducing mortality by 25%. The doses of mammograms used in diagnosis affect patients
over 70 years of age and cause rupture of weak tissue in the breast. They may also cause the
formation of cancer in these vessels. Also, it is unable to detect cancer in younger women
because of the density of breast tissue [14].
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B) Computerized Tomography (CT)

Computerized tomography takes X-rays of the breast from different angles as the patient
enters in a closed machine, and a computer collects the image of the breast. The patient is
injected into the vein of his hand with a substance to increase the contrast of the image [15].
Modern image reconstruction techniques have reduced 70% of the radiation and reduced the
time it takes to take pictures [16]. However, there are disadvantages to this technique,
including that some patients cannot hold breathe. This is in addition to the risk of radiation
to the patient and its effect on pregnant women.

C) Magnetic Resonance

IMAGING (MRI) MRI is a medical examination tool that uses radio waves and a field
Magnetic. To show the tumor and calcifications clearly, the patient is injected with a
substance into the bloodstream. MRI is often used to follow the response to chemotherapy
for breast cancer patients before resorting to breast amputation [17]. Furthermore, when
using MRI, the patient must be injected with gadolinium to show the details of the blood
vessels in the breast. The syringe Gadolinium has the least effect on the sensitivity of iodine
used in X-ray. However, Gadolinium affects allergic patients, so a supervision doctor is
needed. MRI has many disadvantages such as its inability to detect breast cancer at an early
stage and it is expensive too. Furthermore, women are not allowed to breastfeed for 48 hours.
The device is also a closed space that causes anxiety in claustrophobic patients who are
afraid of confined places.

D) Ultrasound

Ultrasound imaging based on echo or reflection of sound waves is considered safer and more
effective than X-rays. Ultrasound was first used in 1940 by France and Germany in the
medical field. Ultrasound can detect breast cancer successfully in women with dense tissue
and it has no impact on health and is quick and comfortable [17]. However, the disadvantage
of this technique is its inability to detect breast cancer at an early stage and it has a higher
rate of false-positive results [18].

E) Histological Images

Histological images are generated using a microscope and they allow for the study of the
microanatomy of cells, tissues, and organs by examining the correlation between structure
and function. To detect cancer, breast tissue is stained with hematoxylin and eosin. The
diagnosis of breast cancer histology images with hematoxylin and eosin stained, however,
is non-trivial, labor-intensive, and often leads to a disagreement between pathologists [19].
Furthermore, the process of generating the images themselves requires a microscope that is
expensive to acquire and maintain.
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1.4. Analysis of Histological Images

Advances in Medical Science have led to an adaptation of the latest technologies in Breast
cancer diagnosis and its treatment. Several diagnosing methods are commonly used like CT
scan, PET scan, MRI, Ultrasound, Mammograms, and Histopathological Analysis [20].
Histopathology Analysis uses both software and hardware to extract the important features of
the tissue and then prepares them for the image analysis. The tissues are mounted on slides and
examined under microscopes to detect any growth in cancer cells or genetic progression. With
the advent of WSI (Whole-Slide Imaging) scanners, the tissue Histopathological slides can be
digitized and generated into a computerized image.

The main motive of these digitized techniques is to obtain quantitative data like cell size, tissue
abnormalities, and the uneven number of cells.

The steps involved in the Image Analysis using Histopathology include:

1. Pre-Processing: This is the stage where operations like low pass filtering, dilation and
thresholding are carried out [21].

2. Segmentation: Significant regions are extracted along with the ROI of the image to separate
the image from the background. Some common techniques include: HMM, ACM, and
Watershed Algorithm [22].

3. Feature Extraction and Classification: The visual information of the image is obtained
with the help of Feature Extraction. These are the input to be fed for classification.
Classifiers like ANN, CNN learn during the training phase and then classify the cancerous
nuclei into diverse classes during the testing.

These methods can be time-consuming and restrictions like human error, bad image quality, and
misdiagnosis can cost someone’s life. CAD (Computer-Aided Diagnosis) is one recent context
in radiology. CAD helps in improving the performance of the pathologists and the radiologists
in finding out the cancerous tissue. A needle might not be able to extract as much information
as a computer-aided system can detect an abnormal tissue with improved accuracy and
precision. Provided with the efficacious image processing steps a high level of efficiency can
be achieved in cancer diagnosis with the help of automated diagnosis. Fig. 2 illustrates the
overall process in CAD. As a huge dataset of patients are dealt with worldwide, applying
conventional machine learning algorithms would not be a good recommendation. This is where
Deep Learning plays a key role. Deep learning handles huge datasets perfectly and can also
extract high-level features without any domain interference or hard-core feature extraction.
Deep learning takes a long time to train but the testing phase is faster than a machine learning
algorithm which is the reason it is preferred for handling complex problems like image
classification, speech recognition and NLP easily.

Figure 1.2 shows the flow chart of generic CAD system in breast cancer detection.
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Input Images Image
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Figure 1.2 Generic overall process of CAD in breast cancer diagnosis [23]

1.5. Challenges

There is a considerable amount of literature on the application of medical image processing
techniques to process Breast Cancer Histopathological Image (BCHI). However, there exists a
few challenges which are given below.

The lack of standard datasets makes it difficult to evaluate and compare various methods.
A standard dataset would provide various researchers a common platform facilitating
appropriate comparison.

There are no standard metrics to evaluate the performance of the color normalization
methods.

The heterogeneous characteristics of malignant samples make it difficult to model the
patterns to differentiate them from benign samples.

CNN-based methods for histopathological image classification extracts features from
the entire image and may fail to focus on the regions of interest (ROI) such as nuclei,
gland, and mitotic cells, which contribute largely to the decision of classifying images
as malignant and benign. Hence, there is scope for incorporating an attention mechanism
in CNN to enable the model to focus on a potential ROI.[7]
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1.6. Motivations for Automatic Diagnostic Systems

The need for automated diagnostic systems to detect breast cancer rose due to the high
percentage of human errors in assessing and detecting breast cancer [52].

In addition, the automated diagnostic system detects breast cancer at a very early stage when
they are too small to be detected using standard medical procedures. In fact, early breast cancers
detected using automated screening and diagnosing systems are relatively easy to heal at this
stage.

Furthermore, the recent work in [69] indicates that the automated procedure is more sensitive

than the manual one by a large margin, where the manual procedure achieved a 68% sensitivity
ratio against a 100% ratio for the automated procedure.

1.7. Scope of the work

Data augmentation can be done for handling imbalanced datasets.

e The different pre-trained models can be used to train. An ensemble approach of pre-
trained models can be used for better performance.

e Few additional layers can be added with pre-trained models for better accurate results.

e Different loss functions can be used. The ensemble approach of loss functions can be
also used for getting good accuracy.

7|Page



1.8. Organization of the Thesis
In Chapterl, a general introduction is presented along with the idea of Breast Cancer and CAD
system detecting breast cancers and, types of breast cancer imaging. This chapter ends with the
challenges and motivation of the present work done.

In Chapter 2, Literature Survey is presented in detail.

In Chapter 3, Methods and Methodologies applied to implement the present work are described
in detail with some examples to understand an ideas described therein.

In Chapter 4, the experimental results are depicted in tabular format to get an idea of the results
obtained in the different voting procedures.

In Chapter 5, the present work is concluded along with the feature scope of the present model
to improve its performance of it.
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Chapter 2

Literature Survey

Deep Learning in the last years has attracted the great interest of the research community
and has reported great success in image analysis and in relatively challenging tasks such
as image analysis, medical imaging, object detection, and recognition, and many others
[24] [25].

From the literature survey, it can be observed that a large number of research work have
been done concerning the detection and classification of histological images [26].

Over the last few years, researchers have suggested various methods for breast cancer
diagnosis in histopathology images. New innovative methodologies are being proposed
that include traditional machine learning and deep learning architectures. Many research
works have emphasized on feature extraction. Textural and statistical features are often
used.

Doyle et al. [27] made use of 64 Gabor filter features, 15 statistical gray-level features,
graph-based features, 16 second-order statistical features, and 24 nuclear features per
each of three color channels (hue, saturation, and intensity) the in HSI color space
utilizing three distinct window sizes.

Dundar et al. [28] created an automatic classification system for classifying breast
microscopic tissues into actionable subtypes (atypical ductal hyperplasia and ductal
carcinoma in situ) and usual ductal hyperplasia. Statistical features, like the perimeter,
mean gray-level intensity and the ratio of major to minor axis of the best-fitting ellipse,
were utilized to model the cell size, shape and nucleoli appearance, respectively
(histological descriptors).

Niwas et al. [29] proposed a method where they extracted first-order statistical and
second-order statistical features.

With the help of the Log—Gabor complex wavelet bases, the color texture features of the
segmented nucleus were assessed. The aforementioned techniques include integrating
various forms of intricately handcrafted features to reflect the visual content of breast
cancer histopathological images. In this context, extracting 59 image features using a
Local Binary Pattern (LBP) based feature descriptor for breast mammography yielded
an accuracy of 84% on a Support Vector Machine (SVM) classifier with a polynomial
kernel [30]. Even statistical features were investigated in computer-aided breast cancer
detection by Yasiran et al. [31].

Narayanan et al. [32] came up with a novel deep CNN architecture. Images were
downsized from 50 x 50 to 48 x 48. In the pre-processing stage, a color constancy
technique and histogram equalization were applied. The pre-processed images were then
fed into the CNN. The proposed architecture was made out of five convolutional layers
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followed by a fully connected (FC) layer and a softmax layer. Images that were pre-
processed using color constancy techniques resulted in better performance metrics
compared with images pre-processed utilizing Histogram Equalization.

Debelee et al. [33] extracted features using CNN and employed Principal Component
Analysis for dimensionality reduction. k-Nearest Neighbors (k-NN) was utilized to
classify mammograms as normal or abnormal.

Debelee et al. [34] extracted features from images using pre-trained Inception-V3 and
their proposed modified adaptive K-means (MAKM) method. They collated images
from the local and public datasets. GLCM and Gabor (Texture features) from ROIs and
CNN-based extracted features were fused and fed into five classifiers (SVM, k-NN, NB,
MLP and RF) to quantify the descriptive power of the features.

Rahman et al. [35] propounded a multilayered CNN. The IDC dataset has a significant
class imbalance. An equal number of images were picked out from both the IDC(+) and
IDC(-) classes in order to eradicate the class imbalance problem. The selection of images
was performed randomly to avoid bias. Overfitting was mitigated by applying various
data augmentation, viz; random 10-degree rotation, shifting, zooming and flipping
horizontally and vertically. The implemented architecture achieved an accuracy of 89%.

Romano and Hernandez [36] also rectified the class imbalance present in the IDC(+)
dataset. The images were normalized, and data augmentation was carried out in order to
prevent overfitting. The images were augmented utilizing an array of random
transformations so that the classifier would never twice view the exact same image. The
proposed CNN architecture consists of two convolutional layers, a new pooling layer,
called accept- reject pooling, dropout layers and FC layers. After feeding the images into
the CNN, the model yielded the best performance with an accuracy of 85.41%.

Cruz-Roaet al. [37] proposed a three-layer CNN architecture for the automatic detection
of IDC tissue regions in whole slide images (WSI). Their CNN has 16, 32 and 128
neurons in the first and second convolutional-pooling layers and the FC layer,
respectively.

Wang et al. [38] extended the work of the Cruz-Roa et al. [37] architecture to four
different architectures. They also concluded that data augmentation was not efficacious
in the automatic detection of breast cancer with the IDC(+) dataset. Segmenting
irregularities were expunged. There were a plethora of images that were not 50 x 50 and
had to be removed. All the redundant images with 90% black space or 90% white space
were removed.

Instead of giving equal significance to all the patches, the authors in [39] presented an
attention mechanism that allowed the network to focus on the relevant features of
patches. A weighted representation of all the constituent patches of an image was used
for learning. Sanyal et al. [40] came up with a novel hybrid ensemble framework made
of many fine-tuned CNNs, such as supervised feature extractors and XGBoost as a top-
level classifier. They used high-resolution histopathology images for patch-wise
detection.

Recently, Chapala and Sujatha [41] utilized pre-trained ResNet-50 and ResNet-34
mechanisms. The dataset was split into three different ratios of training and testing
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datasets, such as 90%-10%, 75%-25% and 50%-50%. ResNet-50 outperformed
ResNet-34 in terms of accuracy. In [42], Debelee et al. presented a detailed review of
DL techniques used in breast cancer image analysis. They reviewed recent publicly
available databases of breast cancer images and discussed the modalities that are used
for breast cancer imaging.

Roy et al. [43], used ensemble learning by stacking and extracting the textural features
from the histopathological images for classifying them into IDC + and IDC - categories.
The study also conducted an in-depth comparative analysis of different machine learning
classifiers in classifying breast cancer histopathological image patches inferring that the
CatBoost (CB). The Conventional CAD methods have limited abilities to perform the
required task yielding lesser accuracy and increased false-positive rates. In this study a
wide range of machine learning methods is implemented, the most efficient among which
is the CatBoost method, but that too yielded less accurate results.

Litjens et al. [44] specify the potential of deep learning as tools for great performance in
the analysis and the diagnosis of histopathology. This makes an appearance from the
need to minimize the human workload and error by improving diagnostic efficiency
significantly. Their results lead them to the fact that deep learning can substantially
improve the efficacy of breast cancer recognition procedures and automated systems.

Araujo et al. [45] proposed an architecture based on convolutional neural networks that
are oriented to wholeslide histology images. Image dataset used was composed by high-
resolution, uncompressed and annotated H&E stain images of breast histology. The
authors used the pre-processing method proposed by [29] for obtaining the optimal stain
vectors has been evaluated on slides with various stain combinations satisfactorily and
the results reported 83.3% accuracy and 95.6% sensitivity for the classes of carcinoma
and non-carcinoma.

Chen et al. [46] constructed a novel deep cascaded convolutional neural network to
detect mitosis which is an indicator of aggressiveness in the invasive breast carcinoma
situation. Initially, they detected the mitosis candidates by employing a fully
convolutional neural network and maintaining high sensitivity rates. Then, they further
discriminate the mitosis sections through knowledge transferred from the cross-domain.
Their results in 394,275 training samples with 6.7% mitosis, 67.8% random selected
negative samples and 24.8% false positives, were F1 score 0.788 and a recall of 0.772.

Bardou et al. [47] point out the superiority of convolutional neural networks by
comparing two different machine learning approaches for classifying cases with benign
tumors and cases with malignant tumors. In order to improve the accuracy of the
convolutional neural network, they implemented different data augmentation techniques.
Their results reached an accuracy of 98.33%.

The pre-trained architectures namely ResNet50 and DenseNet-161 were used to extract
the features and to detect IDC by Celik et al. [48]. The experiment was conducted on
277,524 image patches of 50X50 pixels. An accuracy of 91% was reported on DenseNet-
161 and 94% on ResNet-50 respectively.
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Shallu et al. [49] utilized a pre-trained network namely VGG16, VGG19, and ResNet50
for feature extraction. An accuracy of 92% with logistic regression classifier for VGG16
was reported.

Saha et al. [50] designed a DL architecture with handcrafted features to detect mitotic
cells from BCHI. The architecture comprises five convolution layers, four max-pooling
layers, four ReLU, and two fully connected layers. The morphology, texture, and
intensity features were extracted. They reported a precision, recall, and F1-score of 92%,
88%, and 90% respectively.

Beevi et al. [51] reported a method to detect mitosis using transfer learning technique.

The features were extracted by combining a pre-trained CNN with a random tree
classifier. An F1-score of 94% was reported.
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Chapter 3

Methods and Methodologies

3.1.

3.2.

The theoretical foundation of this work is explained in this section. The concept of
convolutional neural network (CNN), different pre-trained CNN models, different types
of loss functions are illustrated.

Convolutional neural network (CNN)

A CNN or also known as ConvNet (used alternatively in the text) usually takes an input
image, and assigns learnable weights with biases to different aspects in the image
subsequently differentiating one picture from the other. CNN uses convolution operation
in place of simple matrix multiplication in at least one of their layers. It is mainly used
in an unstructured dataset (e.g., image and video). 2D-convolutional kernels are used by
2D-CNN for the prediction of segmentation maps of a single slice. 2D-CNN can leverage
features from only spatial dimensions (height and width). Since 2D-CNN takes only a
single slice as input, they intrinsically fail to extract context information from adjacent
slices. From a practical perspective, voxel information from adjoining slices might
contain enough information for the classification tasks. On the other hand, 3D-CNN can
preserve temporal dimensions by predicting the volumetric patch of histological image
data [52]. Although 3D-CNN possesses the ability to anchorage interslice context
information which leads to improved performance but comes with a computational cost
resulting in the increased number of parameters to be used by the 3D-CNNSs. The various
architecture of CNN are available (e.g., VGGNet, Xception, ResNet, DenseNet, etc.) and
can be used to build models for histological image analysis.

A Typical Architecture of 3D CNN

A typical architecture of CNN may include four basic components:
(1) local receptive field,

(2) sharing weights,

(3) pooling and

(4) fully connected (fc) layers.

Deep CNN architecture is constructed by stacking several convolutional layers and
pooling layers and one or so fully connected layers at the end of the network [53,54].

While 1D CNN can extract spectral features from the data, 2D CNN can extract spatial
features from the input data. However, 3D CNNs can take advantage of both 1D and 2D
CNNs by extracting both spectral and spatial features simultaneously from the input
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volume. These 3D CNN features are very useful in analyzing the volumetric data in
medical imaging. The mathematical formulation of 3D CNN is very similar to 2D CNN
with an extra dimension added.

The basic architecture of 3D CNN is shown in Figure 3.1. Features are extracted from
3D images and classified as shown in Figure 3.1.

3D Input Feature Extraction Classification

Figure 3.1 Typical architecture of 3D CNN [55]

The mathematical background of 3D CNN is discussed briefly.

3.2.1. Convolutional Layer:

The basic definition, principle, and working equation of 3D CNN is quite similar to 2D
CNN. Only an extra dimension of depth is added to the working equation of 2D CNN.
Suppose 3D CNN of input x has a dimension of M x N x D with i,j, k as iterators. The
kernel w with dimensions n1 x n2 x n3 has iterator a, b, c. [ is denote the I"", where [ =
1 is the first layer and [ = L is the last layer.yl and b are denoted as the output and the
bias unit the I¢" layer. To compute the nonlinear input xil,j,kto (i,j, k) " unit in layer [,
The weight contribution from the previous layer added up as follows:

xl!,j,k = Yadib2cWape y(li_+1a)(j+b)(k+c) +bt. (3.2)

The output of the (i,j)™" until in the € t" convolutional layer is given as follows:

yil,j,k = f(xil,j,k)' (3.2)

3.2.2. Pooling Layer:

Each feature map in the convolutional layer of 3D CNN can be a pooling layer. There
are two kinds of pooling. If the pooling layer averages across the group of input voxels,
it is called average pooling, while if it obtains a maximum of the input voxels, it is called
maximum pooling. The output of the pooling layer will be the input of the next layer.
Since a small shift in the input image results in a shift in activation function, the pooling
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layer also introduces some translational invariance to the 3D CNN. To lower the
sampling effect of pooling, the pooling layer can be removed by increasing the number
of strides in the preceding CNN layer [56]. This will not result in any significant
depreciation of the performance. However, by doing this, overlapping is happened in the
CNN layer that precedes the pooling layer. This is simply equivalent to the pooling
operation where only the top-left features are considered.

3.2.3. Dropout regularization:

Deep neural networks with a large number of parameters are very dominant learning
systems. Multiple deep nonlinear hidden layers allow them to learn complex
relationships between input and outputs. However, with the limited training data, these
complex relationships introduce sampling noise, which appears in training data sets but
not in real test datasets even if both are drawn from the same distribution. This scenario
leads to overfitting and there have been several strategies [57] to tackle the problem,
such as early stopping of the training epochs and weight penalties (L1 and L2
regularizations, soft weight sharing, and pooling). Ensemble models of several CNNs
with different configurations on the same dataset are known for their overfitting.
However, this leads to extra computational and maintenance costs for training several
models. Moreover, training a large network requires large datasets, but the availability
of such datasets in the field of medical imaging is very rare. Even if one can train large
networks with a versatile setting of parameters, testing these networks is not feasible in
a real-time situation due to the nature of medical imaging systems. In the case of
ensemble models, a CNN model can also simulate multiple configurations just by
probabilistically dropping out edges and nodes. Dropout is a kind of regularization
technique to reduce overfitting by temporarily dropping a unit out of the network [58].
This simple idea shows a significant improvement in CNN performance.

3.2.4. Batch normalization:

Unit variance of the input of each hidden layer dynamically changes during training
because the parameters in the previous layer update at each training epoch. If these
changes are large, the search for an optimal hyperparameter becomes difficult for the
network and may be computationally expensive to reach an optimal value. This problem
can be solved by an algorithm called batch normalization, which was proposed by two
researchers [59]. Batch normalization allows the use of a higher learning rate and thereby
achieves the optimal value in less time. It facilitates the smooth training of deeper
network architectures in less time. The normalization of data from a particular batch is
about finding the mean and variance of the data points from mini-batch and normalizing
them to have a zero mean and unit variance.

In backward pass, the CNN adjusts its weights and parameters according to the output
by calculating the error through some loss functions, e (other names are cost function
and error function) and backpropagating the error with some rules towards the input. The

loss is calculated by taking the partial derivative of e w.r.t., which is the output of each

neuron in that layer, such as aaf for the output, yil,j,k of (i,j, k) * unit in layer [. The

i,jk
chain rule allows us to write and add up the contribution of each variable as follows:
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de de Of(Vijx)
axl]k ayl]k axljk

ayl]kf (xlj k)# (3-3)

Weights in the previous convolutional layer can be updated by backpropagating the error
to the previous layer according to the following equation:

ae _
ayl]k
axt
ni-1vyn2- 1 n3-1 de (i~ a)(J b)(k—c)
Z Z c=0 a l a (3'4)
X(i~a)(j-b)(k—0c) Vijk

ni-1 n2-1 n3—-1
Z Z z - Oape- (3.5)
c=0 x(l a)(j-b)(k—c)

Equation (3.5) allows us to calculate the error for the previous layer. Further, the above
eq. makes sense for those points which are n times away from each side of the input data.
This situation can be avoided by simply padding with zeros to the end of each side of the

input volume.
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3.3. Different types of Pre-trained Model

Some pre-trained models have been used in this work such as below:

3.3.1. VGG-19

VGG is a convolutional neural network that has a depth of 19 layers. The VGG-19
network is also trained using more than 1 million images from the ImageNet database.
Naturally, you can import the model with the ImageNet trained weights. This pre-trained
network can classify up to 1000 objects. The network was trained on 224x224 pixels
colored images [60]. Here is a brief info about its size and performance:

Size: 549 MB

Top-1: Accuracy: 71.3%

Top-5: Accuracy: 90.0%

Number of Parameters: 143,667,240
Depth: 26

Figure 3.2 shows the architecture of VGG19.which has depth of 19 layers.

L maxpool maxpool maxpool maxpool
maxpool depth=256 depth=512 depth=512 size=409¢
depth=64 depth=128 3x3conv 3x3 conv 3x3 conv FC1 ‘
3x3 conv 3x3 conv conv3 1 conv4_1 convS 1 .
convl 1 conv2 1 conv3d_ 2 conv4 2 conv5_2 ize=100(
convl 2 conv2 2 conv3d_3 convd 3 convs 3 : :
) conv3_4 conv4_4 convsS_4

Figure 3.2 An Illustration of the VGG-19 Network[60]
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3.3.2. ResNet (Residual Network)

ResNet is a convolutional neural network that has a depth of 50 layers. This model is also
trained on more than 1 million images from the ImageNet database. Just like VGG-19, it
can classify up to 1000 objects and the network was trained on 224x224 pixels colored
images [60]. Here is brief info about its size and performance:

e Size: 98 MB

e Top-1: Accuracy: 74.9%

e Top-5: Accuracy: 92.1%

e Number of Parameters: 25,636,712

Figure 3.3 shows the illustration of ResNet architecture. this architecture introduced the
concept called Residual Blocks.

2% 3x 5x 2%

i Biie Bile 0N RN RN AN RN RENCNR
g i i g

B Coovolution O Resadual
[ JEURYR W e comnccted

Softman

Figure 3.3 An lllustration of the ResNet Network[60]
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3.3.3. Xception

The Xception is an extension of inception architecture that replaces the standard
inception model with depth-wise separable convolutions. it slightly outperforms the

ImageNet dataset compared to VGGNet and ResNet [60].

e Size: 88 MB

e Top-1: Accuracy: 79%

o Top-5: Accuracy: 94.5%

e Number of Parameters: 22,910,488
o Depth: 126

Figure 3.3 shows the workflow of Xception architecture. The data first goes through
the entry flow, then through the middle flow which is repeated eight times, and finally

through the exit flow.
Entry flow Middle flow Exit flow
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|
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|
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I
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+
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|
[ReLU
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I

[ReLU
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|
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Figure 3.4 An Illustration of the Xception Network[60]
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3.3.4. DenseNet201

DenseNet is one of the new discoveries in neural networks for visual object recognition.
DenseNet is quite similar to ResNet with some fundamental differences. ResNet uses an
additive method (+) that merges the previous layer (identity) with the future layer,
whereas DenseNet concatenates (.) the output of the previous layer with the future
layer[61].

o Size: 80 MB

e Top-1: Accuracy: 77.3%

e Top-5: Accuracy: 93.6%

e Number of Parameters: 20,242,984

Figure 3.5 shows the illustration of DenseNet architecture. each layer has direct access
to the gradients from the loss function and the original input image. Traditional feed-
forward neural networks connect the output of the layer to the next layer after applying
a composite of operations.

Input

Bl s Predvct-on
o Dense Block 1 ‘ Dense Block 2 o Dense Block 3
i § 3 - i - 'holse
3 -

Figure 3.5 DenseNet with 5 layers with a growth rate of k = 4[61]
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3.4.

3.5.

Loss Functions

The central components of machine learning algorithms are loss functions indicating
which sample and how much it affects the model training. In other words, loss functions
attribute to each sample a value, which indicates how much that sample is involved in
the optimization problem. For example, If the employed loss function assigns a very
large value to an outlier sample, the outlier may negatively impact the model’s
parameters [62].

Sometimes, even though that the learned classifier is able to classify the training data
well, it fails to estimate unseen data (test), and it leads a high generalization error
although the training error is low. A reason for this failure is often known as the
overfitting problem, which means that the classifier fits on the training data and lose its
ability of generalization. A solution for better generalization is to use a loss function
resulting in a more generalized classifier.

The goal of a learning method is the ability to classify unseen data. Thus, the classifier
should be robust to data perturbance. Sometimes training and testing data may be
sampled from different processes, which are similar to some extent but are not identical.
A more difficult scenario can happen in noisy environments where outliers corrupt the
training data, testing data or both. To cope with very noisy environments, an effective
approach is the use of a robust loss function.

Ensemble approach of deep learning models
Two major types of ensembles are used namely:

o Weighted Average ensemble
« Stacking ensemble with meta learners

3.5.1. Weighted Average Ensemble:

Ensemble technique that weights the prediction of each ensemble member, combining
the weights to calculate a combined prediction. Weight optimization search is performed
with randomized search based on the Dirichlet distribution on a test dataset [63].

Figure 3.6 shows workflow of weighted average ensemble method. Dirichlet distribution
based randomized search is used for performing weight optimization.

Figure 3.6 Weighted Average ensemble [63]
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This method weights the contribution of each ensemble member based on their
performance on a hold-out validation dataset. Models with better contributions receive a
higher weight.

3.5.2. Stacking

Stacking is based on training a Meta-Learner on top of pre-trained Base-Learners.

In Stacking there are two types of learners called Base Learners and a Meta Learner.
Base Learners and Meta Learners are the normal machine learning algorithms like
Random Forests, SVM, Perceptron etc. Base Learners try to fit the normal data sets
whereas Meta learner fit on the predictions of the base Learner [63].

Figure 3.7 shows workflow of stacking ensemble method. Meta Learner tries to find
the optimal combination of base learners.

Base-Learners
/4 Model1
NN ] Meta-Learner -
/1 Model2 L\ ‘ |
A) o AP e N L — Y
w0 /U +
- Output
Model N

Figure 3.7 Stacking ensemble [63]

Stacking Technique involves the following steps:

Split the training data into 3 disjoint sets
Train several Base Learners on the first part
Test the Base Learners on the second part and make predictions

Using the predictions from (3) as inputs, the correct responses from the output,
train the higher-level learner.

M owobde
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3.6. The Proposed Loss Function

In this work, proposed Ensemble loss function is a combination of MAE, Hinge and
Cross-Entropy loss functions which are leading to a more robust, generalized and
improved probability estimator respectively. Using these three loss functions, It is
assumed that the classifier performance will increase significantly [64].

Let (x, y) be a sample where x € Rd is the input and y € {0, 1}C is one-hot encoding of
the label (C is the number of classes).

Let 0 be the parameters of neural network classifier with a top softmax layer so that the
probability estimates are y = softmax(f(x; 0 ))

Let {L;(y, y)}j i‘ 1 denote K single loss functions.

In addition to finding the optimal parameter of the neural network the goal is to find the
best weights, {A;, A,, . . ., A}, to combine K base loss functions in order to generate a
better application-tailored loss function. A further constraint needs to be added to avoid
yielding near zero values for all A;weights. The proposed loss function is defined as
below.

L=Y 1 5L1.9), Yk =1 (36)

In particular, the ensemble loss function is a linear combination of three loss
functions: 1) binary cross-entropy, 2) Mean absolute error (MAE), and 3)
hinge. The ensemble loss function inherits the advantages of each.

1 Binary Cross-Entropy is a very popular loss in neural networks. The
minimization of the average value of the cross-entropy loss function
over data means maximization of the conditional log-likelihood of
the data.

2. Mean absolute error (MAE) is less sensitive to outliers since it is a
bounded function. The MAE loss, therefore, leads to robustclassifiers.

3. Hinge is margin enhancing which leads to a better generalization.

In this study, Binary cross-entropy, MAE, and hinge are used for the ensemble and
weights for these loss functions are used 0.7, 0.15, and 0.15 respectively while
combining.

Table 3.1 Weights of each loss function in the ensemble loss

Loss Function Weights
Binary Cross-Entropy 0.7
Mean Absolute Error 0.15
Hinge 0.15
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In Figure 3.8, it shows model and the way, weights of neural network are updated
through backpropagation.

~>

Ensemble
Loss
Training > Model Function

input

Training
Label

Back Error
Propagation <

Figure 3.8 Model Workflow structure with ensemble loss function

3.7. The Proposed Model

The goal of combining various pre-trained models is to observe improvement in the
performance of predicting benign and malignant images.

For classifying histopathological images into IDC + and IDC - categories, four different
deep CNNs DenseNet, ResNet, Xception and VGG19 are trained on histological images.

In this work, different scenarios have been experimented such as:

First scenario — Above mentioned four deep CNNs are trained individually. Output is
passed to a fully connected layer that performs the classification using a softmax
activation function. The loss function binary cross entropy is used and back propagation
is implemented by using Adam algorithm.

Second scenario — Mentioned four pre-trained models are trained individually. Output is
passed to a fully connected layer that performs the classification through a softmax
activation function. In this scenario, loss function Hinge is used and back propagation is
implemented by using Adam algorithm.

Third scenario — Similarly, all four deep CNN architectures are trained individually
having a fully connected layer that performs the classification using a softmax activation
with loss function MAE and back propagation is implemented by using Adam algorithm.

Forth Scenario — In this scenario, all four deep CNN models are trained having a fully
connected layer which performs the classification employing a softmax activation. The
proposed ensemble loss function and back propagation is implemented by using Adam
algorithm. As using the ensemble loss function, the accuracy of models is improved,
ensemble loss function is used for further experiment.

Fifth Scenario — In this scenario, one additional convolutional layer is added with every
pre-trained model followed by ReL U activation and batch normalization layer. Output is
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3.8.

passed to a fully connected layer that performs the classification by through a softmax
activation function. The proposed ensemble loss function and back propagation is
implemented by using Adam algorithm.

Sixth Scenario — In this scenario, two additional convolutional layer is added with every
pre-trained model. All layers except the final fully connected layer are followed by ReLU
activation and batch normalization layer. Output is passed to a fully connected layer that
performs the classification by means of a softmax activation function. The proposed
ensemble loss function and back propagation is implemented by using Adam algorithm.

Above mentioned scenarios are made to observe the performance of hybrid models and
based on the best accuracy, hybrid models are finalized for ensemble approach.

In this work, Both Stacking and Weighted Average ensemble are performed and based

on better performance, the most effective model has been chosen.

The hyperparameter settings of the proposed model

Below hyperparameters are used for fitting models. Callback function
ReduceLROnNPIlateau is used for reducing the learning rate while training. It reduces the
learning rate when a metric has stopped improving. Models often benefit from reducing
the learning rate if no improvement is seen for a number of epochs.

In Table 4.2, hyperparameters are set as below to fit models.

Table 3.2 Hyperparameter Settings

Variable Setting
Epochs 150
Batch Size 100
Learning rate schedule Adam
max - 0.0010 and min -
Learning rate 0.00001
Loss function Proposed loss function
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Figure 3.9 Block Diagram of Proposed Weighted Average Ensemble Model
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Figure 3.10 Block Diagram of Proposed Stacking Ensemble Model
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3.9. Individual models based on the best accuracy
Below are the individual models based on best accuracy.

3.9.1. MODEL 1: Base model ResNet with an additional convolutional layer and
Ensemble loss function

ResNet152V2 is used here and one layer is added with it as below.

Table 3.3 MODEL 1 Network Structure

Layer (type) QOutput Shape
resnet]152v2 (Functional) (None, 3, 3, 2048)
conv2d (Conv2D) (None, 3,3, 64)
max pooling2d 3 (MaxPooling2D) (None, 1,1, 64)
dropout (Dropout) (None, 1, 1, 64)
flatten (Flatten) (None, 64)

batch normalization (BatchNormalization) (None, 64)
dropout 1 (Dropout) (None, 64)

dense (Dense) (None, 2)

3.9.2. MODEL 2: Base model DenseNet with an additional convolutional layer
and Ensemble loss function

DenseNet201 is used here and one layer is added with it as below.

Table 3.4 MODEL?2 Network Structure

Layer (type) Output Shape
densenet201 (Functional) (None, 22, 1920)
conv2d (Conv2D) (None, 2,2, 64)
max pooling?d (MaxPooling?D) (None_ 1.1 64)
dropout (Dropout) (None, 1,1, 64)
flatten (Flatten) (None, 64)

batch normalization (BatchNormalization) (None, 64)
dropout_1 (Dropout) (None, 64)

dense (Dense) (None, 2
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and Ensemble loss function

3.9.3. MODEL 3: Base model VGG19 with two additional convolutional layer

VGG19 is used here and one layer is added with it as below.

Table 3.5 MODEL 3 Network Structure

Layer (type)

Output Shape

vegl9 (Functional)

(None, 2, 2, 512)

conv2d 4 (Conv2D)

(None, 2.2, 64)

max pooling2d 1 (MaxPooling?D)

(None, 1.1, 64)

dropout_5 (Dropout)

(None, 1, 1, 64)

conv2d 5 (Conv2D)

(None, 1,1, 128)

dropout_6é (Dropout)

(None, 1,1, 128)

flatten 1 (Flatten) (None, 128)
batch normalization 1 (BatchNormalization) (None, 128)
dropout 7 (Dropout) (None, 128)
dense 1 (Dense) (None, 2

and Ensemble loss function

3.9.4. MODEL 4: Base model Xception with an additional convolutional layer

Xception is used here and one layer is added with it as below.

Table 3.6 MODEL 4 Network Structure

Layer (type) Output Shape
xception (Functional) (None, 3, 3, 2048)
conv2d 4 (Conv2D) (None, 3, 3, 64)
max_pooling2d (MaxPooling2D) (Nome, 1.1, 64)
dropout (Dropout) (None, 1,1, 64)
flatten (Flatten) (None, 64)

batch normalization 4 (BatchNormalization) (None, 64)
dropout 1 (Dropout) (None, 64)
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Chapter 4

Results and Discussion
4.1. Dataset Description

4.1.1. Original Dataset

In this work, the IDC image dataset publicly available in Kaggle [65] is selected as the
original dataset. The dataset originated from pioneering research published in Ref. [66].
The image dataset consists of 277,524 patches of size 50 X 50 px images extracted from
hundreds of IDC whole slide images. Each image patch was individually labeled with a
positive or negative IDC class. This same dataset was also used in another published
research to verify their custom neural network model [67].

This dataset of 277,524 .png files are downloaded from Kaggle which includes 198,738
negative and 78,786 positive images. These image files are organized in a hierarchical
structure of patient ID > label (0 or 1) > list of image patches. There are 279 patient IDs
in the file structure. The name convention of each image file is in a format of
“PID xX yY classC.png”, such as “10260 idx5 x1101 y1501 classO.png”, where:
PID: patient ID

X: x-coordinate of slide image where the patch was cropped from

Y: y-coordinate of slide image where the patch was cropped from

C: IDC label. 0 for negative and 1 for positive IDC

It was reported that the original slide images were scanned at 40x microscope
magnification. However, after further examination, the resolution of these downloaded
image patches is much lower than 40x. As indicated by the other research, the resolution
of these original 40x images were likely downscaled by 16 times to be around 2.5x
primarily due to concerns of image file size. In this study, these patches are treated as
scanned by 2.5x and scale down our own test images to the same resolution.

Figure 4.1 shows randomly selected samples of IDC negative and positive patches from
this dataset.

M >1 gy

Figure 4.1 Examples o
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4.1.2. Data augmentation

The original dataset is heavily imbalanced. Each of the 279 patients has a various
number of positive and negative image patches. Altogether, there are 198,738 negative
patches (72%) and only 78,786 positive ones (28%). An imbalanced dataset is likely to
introduce bias in the learning of a ML model. Therefore, It is decided to augment the
original dataset to balance out the number of positive and negative IDC patches. 78,786
images are have been taken as sample size. Hence, total number of 78,786 negative
(50%) and 78,786 positive sample patches (50%) are present in the dataset.

In Figure 4.2, it shows the distribution of IDC and Non-IDC patches. a) shows that
dataset is highly imbalanced. b) shows after balancing the dataset.

How many patches show IDC? o How many patches show IDC?
200000 80000
175000 70000
150000 £0000
125000 50000
g €
g 100000 g 40000
75000 30000
50000 20000
25000 10000
0 0
0 1 0 1
nof{0) versus yes(1) no{0) versus yes(1)
a) b)

Figure 4.2 distributions of IDC negative vs positive patches a)imbalanced
dataset b)balanced dataset

There are currently many different techniques for image augmentation, such as scaling,
flipping, padding, rotation, translation. In this work, a large portion of positive patches
have been rotated by 90 and normalizes as a part of data augmentation.

31| Page



4.2.

4.1.3. Dataset Split

The augmented dataset is split into training (60%), validation (20%) and test (20%)
sets.

Figure 4.3 shows, augmented dataset is split into 94543 training image patches, 31514
validation image patches, and 31515 test image patches.

Training
/' (94543)
Original Augmented Validation
Dataset » Dataset L——" (31514)
(277,524) (78,786)

\‘ Test

(31515)

Figure 4.3 Dataset splits for Models.

Evaluation Metrics

Result of the present work are measured in terms of accuracy and based on best
accuracy individual models are chosen for ensemble and evaluation of final ensembled
model has been done using precision,recall and f-measure.

e TruePositives = Both True and predicted labels are positive.

e FalsePositives = True label is negative but predicted label is positive
e FalseNegatives = True label is positive but predicted label is negative
e TrueNegatives = Both True and predicted labels are positive.

o Accuracy represents the number of correctly classified data instances over the
total number of data instances.

Accuracy = (TruePositives + TrueNegatives) /
(TruePositives + TrueNegatives + FalsePositives + FalseNegatives)
« Precision quantifies the number of positive class predictions that actually belong
to the positive class. It can be evaluated as

Precision = TruePositives / (TruePositives + FalsePositives)

e Recall quantifies the number of positive class predictions made out of all
positive examples in the dataset.
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4.3.

Recall = TruePositives / (TruePositives + FalseNegatives)

o F-Measure provides a single score that balances both the concerns of precision
and recall in one number.

F-Measure = (2 * Precision * Recall) / (Precision + Recall)

Experimental Outcomes and Analysis

In this section, the experimental results are carried out using this model.

In the present work, four pre-trained models are selected for IDC classification and
accuracy are measured according to scenarios which are mentioned in section 3.9.

For above mentioned scenarios, accuracies are measured and based on best accuracy,
best base learner models have been selected and ensemble methods are used on the
selected base learner and evaluated evaluation metrics such as precision, accuracy,
recall and f-measure.

First Scenario - Only base model with loss function Binary Cross-entropy.

In Table Results for First scenario, accuracy is measured for all pre-trained models.
Loss function binary cross-entropy is used and Its weight is 1.

Table 4.1 Results for First scenario

Model Accuracy(%)
ResNet (base model) 87.58
DenseNet (base model) 90.19
VGG19 (base model) 81.76
Xception (base model) 80.25
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Second Scenario - Only base model with loss function Hinge.

In Table Results for Second scenario, accuracy is measured for all pre-trained models.
Loss function Hinge is used and Its weight is 1.

Table 4.2 Results for Second scenario

Model Accuracy(%)
ResNet (base model) 87.58
DenseNet (base model) 90.19
VGG19 (base model) 81.76
Xception (base model) 80.25

Third Scenario - Only base model with loss function MAE.

In Table Results for Third scenario, accuracy is measured for all pre-trained models.

Loss function MAE is used and Its weight is 1.

Table 4.3 Results for Third scenario

Model Accuracy(%)
ResNet (base model) 85.69
DenseNet (base model) 89.75
VGG19 (base model) 87.52
Xception (base model) 86.28

34| Page



Forth Scenario - Only base model with loss function Ensemble loss function.

In Table Results for Forth scenario, accuracy is measured for all pre-trained models.
The ensemble loss function is used and it is observed that models trained with ensemble
loss function perform better. Hence proposed loss function will be used for next two
experiments.

Table 4.4 Results for Forth scenario

Model Accuracy(%)
ResNet (base model) 95.01
DenseNet (base model) 94.73
VGG19 (base model) 92.95
Xception (base model) 94.69

Fifth Scenario - Base model with one additional convolutional layer and Ensemble
loss function is used.

In Table Results for Fifth scenario, accuracy is measured for all pre-trained models

with one additional convolutional layer after the base model. The ensemble loss
function is used.

Table 4.5 Results for Fifth scenario

Model Accuracy(%)
ResNet (base model) with One Convolutional layer 96.9
DenseNet (base model) with One Convolutional layer 97.41
VGG19 (base model) with One Convolutional layer 92.60
Xception (base model) with One Convolutional layer 97.9
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Sixth Scenario - Base model with two additional convolutional layer and Ensemble
loss function is used.

In Table Results for Sixth scenario, accuracy is measured for all pre-trained models

with two additional convolutional layer after base model. The ensemble loss function
IS used.

Table 4.6 Results for Sixth scenario

Model Accuracy(%)
ResNet (base model) with Two Convolutional layer 96.85
DenseNet (base model) with Two Convolutional layer 97.25
VGG19 (base model) with Two Convolutional layer 96.35
Xception (base model) with Two Convolutional layer 97.62

Final Model: Models based on best Accuracy as defined in chapter 3

In Table Results for Final Model, Models are selected having best accuracy from the
above six tables. Best accuracies are highlighted in bold. Then those selected models
are ensembled using stacking ensemble and weighted average ensemble method and
accuracy, precision, recall and f-measure is measured for all models.

Table 4.7 Results for Final Model

Model Accuracy(%) | Precision | Recall f-measure
MODEL 1 96.91 0.9706 0.9706 0.9706
MODEL 2 97.43 0.9727 0.9727 0.9727
MODEL 3 96.31 0.9614 0.9614 0.9614
MODEL 4 97.93 0.9785 0.9785 0.9785

StackEnsemble 93.23 0.8312 | 0.9377 0.9345
DirichletEnsemble 98.11 0.9805 | 0.9805 0.9803

After several experiments, it is concluded that the weighted Average ensemble
performs better and provides the best accuracy.
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Chapter 5

Conclusion and Future Direction

Breast cancer is a deadly disease among women that kills more than half a million people
every year. However, the chances of survival and longevity increase substantially with
early detection. According to the American Cancer Society, the 5-year survival rate for
detection in the localized stage is 99%, i.e., 99 out of 100 patients detected in the
localized stage survive 5 years or beyond. On the other hand, the survival rate drops to
88% if the cancer is regional. Hence, early detection can go a long way in treatment, and
image classification using ML and DL techniques can expedite this process.

In this work, it is observed the impact and contribution of different deep CNN models
and loss functions. Different classifier models along with different loss functions were
investigated, and various combinations were used to produce the highest accuracy. An
ensemble of different classifier models was designed after observing the correlations in
their individual predictive capacities. Finally, best ensembled model achieved an
accuracy of 98.11%. However, further improvements can still be made.

In spite of this achievement, there are still some areas for improvement. First and notable,
high-dimensional feature extraction can be used for detecting IDC. Therefore, the
application of a feature selection algorithm would be a worthy choice to increase the
performance of the proposed approach.

Feature selection based on optimization algorithms can also be employed to improve the
predictive power. It is also noteworthy that the dataset is highly imbalanced. This can be
rectified by using Generative Adversarial Networks (GANs) to create IDC(+)
histopathology images.

The results obtained in this work are encouraging preliminary to continue with further
research in different directions. One continuation path might be improving this work in
order to manage possible scalability problem that presents some problems to solve, such
as different standard datasets, different model structure or variations in structure. This
will lead to ease in the process of CAD system in breast cancer diagnosis in near future.
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