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Abstract

Cancer is a medical condition where cells grow uncontrollably and can spread to other

parts of the body, posing a significant global health challenge. Among women worldwide,

breast cancer is the most frequently diagnosed cancer and the leading cause of cancer-

related deaths. Automated classification of breast cancer has been extensively studied,

particularly in differentiating types, subtypes, and stages. However, simultaneous classi-

fication of subtypes with stages, such as Lobular Carcinoma In Situ (LCIS) and Invasive

Lobular Carcinoma (ILC), remains challenging due to limited data availability.

This research aims to address this gap by generating a new dataset that includes these un-

classified subtypes with staging, utilizing existing datasets as primary sources. Labels for

ductal and lobular carcinoma from the BreakHis dataset and invasive and in situ carci-

noma labels from the Yan et al. dataset are used to train models for generating the new

dataset.

To achieve this, two separate ensemble models are trained using distinct datasets. The

first ensemble model classifies ductal and lobular carcinoma using the BreakHis dataset.

The second ensemble model classifies invasive and in situ carcinoma using the Yan et al.

dataset. Both models are then used to extract a new dataset through soft voting techniques.

The extracted labels includeDuctal Carcinoma In Situ (DCIS), Invasive Ductal Carcinoma

(IDC), LCIS, and ILC. This approach aims to provide amore comprehensive classification

system by leveraging labels from both datasets.

To validate the newly extracted labels, three pathologists were given randomly extracted

images from the Yan et al. dataset test set. The pathologists agreed with the model outputs

on 87.5% of the samples. Subsequently, the newly generated dataset was used to classify

DCIS, IDC, LCIS, and ILC with an accuracy of 76.06%.

Keywords: Breast cancer, histopathology, DCIS, IDC, LCIS, ILC, BreakHis, Yan et al.
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Chapter 1

Introduction

Cancer is a pervasive and complex disease characterized by the rapid and abnormal growth

of cells, leading to the potential spread of these cells to other parts of the body, a process

known as metastasis. Globally, cancer remains a leading public health challenge, con-

tributing to nearly 10 million reported deaths in 2020. Breast cancer (2.26 million cases)

was one of the most prevalent types of cancer in terms of new cases in 2020, along with

lung cancer (2.21 million cases), colon and rectum cancer (1.93 million cases), prostate

cancer (1.41 million cases), non-melanoma skin cancer (1.20 million cases), and stomach

cancer (1.09 million cases) [1, 2].

Breast cancer, in particular, holds the position of being the most common cancer in the

world and the most frequently diagnosed cancer in women. According to recent statis-

tics, approximately 685,000 women lost their lives to breast cancer in 2020 [2, 3, 4].

Furthermore, it is the most frequently diagnosed cancer among women in 140 countries

worldwide. Breast cancer also accounts for almost a quarter of all new cancer cases in

women [4]. Therefore, accessible breast cancer diagnosis is essential because it facilitates

early detection and intervention, ultimately improving outcomes and saving lives.
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1.1 Breast Health and Disease Overview

1.1.1 Breast Anatomy

The breast is an organ that produces breast milk and is classified as an exocrine gland in

the human body. Mainly, the breast is made up of glandular tissue, fatty tissue, connec-

tive tissue, ducts, a nipple and an areola [5, 6]. The glandular tissue consists of lobes,

lobules, and milk ducts, which produce and transport milk in nursing women as shown in

Figure 1.1. The fatty tissue determines the breast size and fills the spaces between glandu-

lar and fibrous tissue. The connective tissue, also known as fibrous or supportive tissue,

holds the glandular and fatty tissue in place and includes ligaments that stretch from the

skin to the chest wall to support the breast tissue [7, 8].

Figure 1.1: Anatomy of the breast

1.1.2 Breast Tumor

A breast tumor is a mass of abnormal tissue that can be either benign or malignant.

(i) Benign (Noncancerous) Tumor: Benign cases are considered noncancerous and thus

do not pose any threat to life. However, in some cases, they may become cancerous.

Typically, the immune system isolates benign tumors from other cells by surround-

ing them with a ”sac,” which makes it easy to remove them from the body [9].

(ii) Malignant (Cancerous) Tumor: Malignant tumors are a type of cancer that develops

when cells in the breast tissue grow and multiply uncontrollably. If left untreated,

these cancerous cells potentially spread to other body parts [10].
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1.1.3 Breast Cancer Types

Depending on its ability to spread inside the organism and attack organs and tissue far

away from the point of origin, breast cancer can be [11]:

(i) Non-Invasive (or In Situ): It stays localized to the area of the breast where it origi-

nates, without spreading through the surrounding breast tissue.

(ii) Invasive: When the neoplasm is able to migrate through the lymphatic system and

blood and gradually compromise vital functions.

Regions of the breast may or may not develop into invasive or in situ forms of breast

cancer. The type of breast cancer is determined by the specific kind of cells in the breast

that are affected. The following list provides the most common types of breast cancer [10]:

• DCIS: The most prevalent form of non-invasive breast cancer where abnormal

cells have been found in the lining of the breast milk duct.

• LCIS: Starts in the breast milk glands(lobules) but does not metastasize to other

regions of the body.

• IDC: Begins in the milk ducts of the breast and penetrates the wall of the duct,

invading the fatty tissue of the breast and possibly other regions of the body.

• ILC: Starts in the breast milk glands(lobules) and metastasize to other regions of

the body.

• Medullary Carcinoma: Is an invasive breast cancer that forms a distinct boundary

between tumor tissue and normal tissue.

• Mutinous Carcinoma: This is a rare breast cancer formed by the mucus-producing

cancer cells.

• Phyllodes Tumor: Can be either benign (non-cancerous) or malignant (cancerous)

that start in the connective (stromal) tissue of the breast.
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1.1.4 Breast Cancer Diagnosis

Breast cancer can be detected using various tests. If a physician finds an area of con-

cern on a screening test, such as a mammogram or if a person experiences symptoms

that could indicate breast cancer, further tests will be needed to confirm the diagnosis.

Regular breast cancer screening is important to detect breast cancer early before it causes

symptoms. Different tests that can be used to diagnose breast cancer include breast ex-

ams, mammography, breast ultrasound, breast Magnetic Resonance Imaging (MRI) and

biopsy [12].

• Diagnostic Mammography: Is a medical tool made specifically to capture an X-

ray image of the breast to detect breast cancer. Low-energy X-rays, which is a form

of ionizing radiation, are used to photograph the female breast that produce gray

scale. These gray scale images are used by radiologists or physicians to identify

any lumps or other abnormalities in the breast. Mammography is typically used to

examine masses to discover breast cancer early [13].

• Ultrasound: Ultrasound is a medical imaging technique that uses sound waves to

examine, diagnose, or treat internal organs in the body. These sound waves trans-

form into an ultrasound image that displays the state and limits of the body’s interior

organs, fluid, and soft tissue [14].

• Magnetic Resonance Imaging (MRI): This is a non-invasive imaging technique

that uses strong magnetic fields and radio waves to produce detailed images of the

breast tissue. It is an ultimate supplementary imaging modality in addition to mam-

mography and ultrasonography in the evaluation of breast disease [15].

• Biopsy: A breast biopsy is a procedure where tissue or fluid is taken from the sus-

pected location. The excised cells are studied under a microscope and put through

additional testing to see if breast cancer is present. Only a biopsy can properly

confirm whether a suspicious spot is malignant in terms of diagnosis. There are

different types of breast biopsy, including:

– Fine-needle aspiration: The simplest sort of breast biopsy can be used to

examine a lump that is felt during a clinical breast exam. The patient is placed

on a table for the treatment, which involves inserting a very thin needle into

the mass.
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– Core needle biopsy: A bigger hollow needle is used in this type of breast

biopsy to collect breast alterations that the clinician has felt or that have been

seen on an ultrasound, mammography or MRI. The lymph nodes under the

arm may also be examined for signs of cancer spread or to evaluate a breast

lump that is not visible on imaging.

– Surgical biopsy: A larger sample of breast tissue is removed during this sort

of biopsy. It is often utilized when a larger tissue sample is required for diag-

nosis or when other types of biopsy are inconclusive [16].
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1.2 Breast Cancer Data Set

Numerous imaging techniques are currently under development to detect breast cancer at

its early stages. Histopathology imaging is one such technique that has gained significant

attention from researchers. Histopathological images are crucial in medical diagnostics,

providing visual representations of biological tissues or cells that undergo histopatholog-

ical examination. This process involves microscopic study to identify abnormalities or

diseases, helping to diagnose various conditions, including cancers. Obtaining a tissue

sample through a biopsy, processing and staining the sample, examining it under a mi-

croscope, and capturing images are typical steps in this process. These images provide

detailed insights into tissue nature, guiding treatment decisions, prognosis, and further

research into understanding disease mechanisms, making them crucial in clinical pathol-

ogy [17]. Several researchers have published different datasets on breast cancer using this

technique. To give an idea, below is a Table 1.1 that lists some of these datasets.

Table 1.1: Datasets for breast cancer histopathological imaging modality.

Dataset Year Staining Data size Magnification

BreakHis [18] 2015 H&E 7909 HI 40×, 100×,200×,

400×

Camelyon16 [19] 2016 H&E 400 lymph node WSIs 40×, 10×, 1×

Camelyon17 [19] 2017 H&E 200 lymph node WSIs 40×

TUPAC [20] 2016 H&E 500 training set and 321 testing set BC-HIWSIs 40×

BACH [21] 2018 H&E 400 microscopy images and 30 WSIs 40×

ICPR [22] 2012 H&E 50 images corresponding to 5 different biopsy

slides

40×

IDC [23] 2014 H&E 277,524 patches are from 162 IDC breast cancer

histopathological slides

40×

Yan et al. [24] 2019 H&E 249 Initial image and 3771 Extended image all

together 4020

100×,200×

Bio-imaging

Grand Chal-

lenge [25]

2015 H&E A training set of 249 images, a test set of 20 im-

ages and an extended test set of 16 images

200×

6



• BreakHis [18] Dataset: Contains four histological distinct types of benign breast

tumors: adenosis (A), fibroadenoma (F), phyllodes tumor (PT), and tubular ade-

noma (TA); and four malignant tumors (breast cancer): ductal carcinoma (DC),

lobular carcinoma (LC), mucinous carcinoma (MC) and papillary carcinoma (PC).

The images were saved in 3-channel Red, Green, and Blue (RGB), 8-bit depth in

each channel, PNG (Portable Network Graphics) format with no compression, and

dimension of 700 × 460 pixels [18].

• Yan et al. [24] Dataset: Contains normal, benign, in situ carcinoma and invasive

carcinoma regions. Microscopy images are in Tag Image File Format (TIFF) for-

mat, with channel RGB and dimension of 2048 x 1536 pixels [24]. The dataset

contains a total of 3,771 microscopy images.

• BACH [21] Dataset: Contains normal, benign, in situ carcinoma and invasive car-

cinoma regions. Microscopy images are in TIFF format, with channel RGB and di-

mension of 2048 x 1536 pixels [26]. The dataset contains a total of 400 microscopy

images, distributed as follows:

– Normal: 100

– Benign: 100

– In situ carcinoma: 100

– Invasive carcinoma: 100

• IDC Dataset: Contains the invasive ductal carcinoma breast cancer sub-type. The

images are in Portable Network Graphics (PNG) format, with channel RGB and

dimensions of 50 x 50 pixels [23].

• Bio-imaging Grand Challenge: Contains normal, benign, in situ carcinoma and

invasive carcinoma regions [25].

• Breast Cancer (BC) Histopathological Image Dataset: Contains normal, benign,

in situ carcinoma and invasive carcinoma regions. Microscopy images are in TIFF

format, with channel RGB and dimension of 2048 x 1536 [24].

7



1.3 Problem Statement

Breast cancer is a complex disease that has been classified in various ways by scholars.

Some have classified breast cancer as benign and malignant [18, 27, 28, 29, 30], while

others have tried to classify benign and malignant with their sub-types [31, 32, 33]. Other

classifications include in situ and invasive carcinoma breast cancer staging. In situ carci-

noma refers to the first stage of breast cancer when it is still just in the layer of cells where

it first emerged, whereas invasive carcinoma refers to the disease spreading outside of the

layer of cells where it first appeared. From the malignant subtypes, ductal and lobular

have a staging of in situ and invasive.

Many researchers have used the BreakHis [18] dataset that was introduced by Spanhol

et al [18] for breast cancer detection and classification purposes. They categorized the

sub-types of tumors as benign (adenosis, fibroadenoma, phyllodes tumor, and tubular

adenoma) and malignant (ductal carcinoma, lobular carcinoma, mucinous carcinoma, and

papillary carcinoma). Also, other researchers used a dataset produced byYan et al. [24] for

the classification of normal, benign, in situ carcinoma and invasive carcinoma. Others at-

tempted classifying breast cancer subtypes with staging such as IDC andDCIS [24, 34, 35]

using the IDC Histology Image Dataset [35] and C. Wetstein et al. [34]. However, no re-

search has yet been done on the classification of ILC and LCIS. Moreover, there are

no specialized datasets available for these categories. It’s noteworthy that ILC accounts

for up to 15% of all breast cancer cases, and there’s evidence to suggest that LCIS may

progress to ILC in some instances [36].

In order to solve the problems stated earlier, this research aim to extract a dataset for ILC

and LCIS from two different histopathological breast cancer datasets.

1.4 Objectives

1.4.1 General Objective

In this research, we aim to extract a dataset for invasive and in situ lobular carcinoma from

two different histopathological breast cancer datasets.

8



1.4.2 Specific Objectives

The following specific objectives are carried out in order to achieve the general objective

of this study:

• To prepare IDC, DCIS, ILC and LCIS dataset using the BreakHis [18] and Yan et

at. [24] datasets.

• To verify the lables in the new dataset by pathologists.

• To build an ensemble of Convolutional Neural Network (CNN) models for classi-

fying the four breast cancer subtypes.

• To evaluate the performance of the proposed model.

1.5 Contribution

There are three significant contributions made in this paper.

• The first contribution of the study is the development of a newly labeled dataset

using BreakHis [18] and Yan et al. [24] datasets. Ductal carcinoma and lobu-

lar carcinoma labeled images were extracted from the malignant tumor section’s

BreakHis [18] dataset. From the Yan et al. [24] dataset in situ carcinoma and inva-

sive carcinoma labeled images were taken. New labels DCIS, IDC, ILC, and LCIS

were developed from the two distinct labeled datasets.

• We have put forth an approach leveraging an ensemble of models trained with vary-

ing magnification factors. This method effectively extracts labels from the Yan et

al. [24] dataset, which lacks specific magnification factor information.

• We have developed a classifier for ILC and LCIS breast cancer types using the

newly developed dataset.
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1.6 Scope and Limitation

In this work, we focused on classifying DCIS, IDC, ILC, and LCIS from the newly con-

structed data set. Other breast cancer subtypes, including some of the malignant subtypes

and the benign subtypes, are not addressed. In addition, we did not focus on the magnifi-

cation factor, but rather on generating a new labeled dataset.

1.7 Organization of the Study

The remaining sections of this paper are arranged as follows: Chapter Two provides a de-

tailed explanation of the theoretical foundations used for extracting a new dataset for breast

cancer. The literature review in Chapter Three discusses the categorization and grading

of breast cancer with an emphasis on the algorithm, data sets, and data pre-processing

techniques that are employed. The methods used for the research are covered in Chapter

Four. Chapter Five presents the outcomes of the analysis and implications, while Chapter

Six explains the conclusions and future work.
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Chapter 2

Background

This chapter discusses the theoretical foundations of deep learning focusing on CNN. It

provides a comprehensive overview of the CNN algorithms relevant to our research goal.

Later, we will explain the concept of transfer learning and its application in enhancing

model performance. Furthermore, we will explore ensemble models, another critical as-

pect of our proposed methodology. Finally, we will look into the distribution shift and

out-of-distribution detection.

2.1 Deep Learning

Deep Learning is a type ofmachine learning that draws inspiration from the structure of the

human brain. By utilizing a hierarchy of concepts to learn from data, deep learning models

solve a wide range of complex problems, such as image recognition, speech recognition,

and natural language processing. This approach allows for intricate concepts to be learned

by building upon simpler ones, making it possible for deep learning systems to handle

enormous amounts of data without becoming overwhelmed [37].

There exist several types of deep learning neural networks, including Artificial Neural

Networks (ANNs), Convolutional Neural Networks (CNNs), Recurrent Neural Networks

(RNNs), and Generative Adversarial Networks (GANs).

Convolutional Neural Networks (CNNs) are highly effective in image classification tasks [38].

This chapter aims to explain CNN as we will be using this technique.
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2.1.1 Convolutional Neural Networks (CNNs)

Convolutional neural networks (CNNs) have emerged as a powerful tool for feature ex-

traction and pattern recognition in a diverse range of domains. Building upon the founda-

tional principles of artificial neural networks (ANNs), CNN excel at processing grid-like

structured data, particularly images and time series. Over the past decade, they have revo-

lutionized fields like image processing, computer vision, and natural language processing,

achieving groundbreaking results in tasks such as object detection, image segmentation,

and speech recognition. CNN consist of three types of layers: convolutional layers, pool-

ing layers, and fully-connected layers [39, 40].

The Convolutional Layer

In a CNN, the convolutional layer is the primary building block and where the majority

of computation takes place. It requires three key components: input data, a filter, and a

feature map. The convolutional layer performs a dot product between twomatrices, where

one matrix is the set of learnable parameters (known as a kernel), and the other matrix is

the restricted portion of the receptive field. Although the kernel is spatially smaller than

an image, it is deeper. For instance, if the image has three RGB channels, the kernel’s

height and width will be spatially small, but the depth extends up to all three channels.

During the forward pass, the kernel slides across the height and width of the image, pro-

ducing a two-dimensional representation of the image known as an activation map. This

map gives the response of the kernel at each spatial position of the image. The sliding size

of the kernel is referred to as a stride. If we have an input of size W x W x D and Dout

number of kernels with a spatial size of F, a stride of S, and padding P, we can determine

the size of the output volume using the following formula:

Wout =
W − F + 2P

S
+ 1 (2.1)
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Pooling layer

Pooling layers, referred to as downsampling, are responsible for reducing the dimension-

ality of the input by decreasing the number of parameters. Similar to the convolutional

layer, the pooling operation applies a filter to the entire input. However, unlike the con-

volutional layer, this filter does not have any weights. Instead, the kernel applies an ag-

gregation function to the values within the receptive field, resulting in an output array.

Global Pooling, Stochastic Pooling, Max Pooling, Average Pooling, and Lp Pooling are

among the various pooling functions available. However, the two most common types of

pooling are as follows:

• Max Pooling: As the filter moves across the input, it selects the pixel with the

highest value and sends it to the output array. It is worth noting that this method is

more frequently utilized than average pooling.

• Average Pooling: As the filter moves across the input, it computes the average value

within the receptive field and sends it to the output array.

Fully-connected layer

The fully-connected layer is arranged in a way that is similar to the traditional neural

network’s neurons. Every node in a fully connected layer is directly connected to every

node in both the previous and the next layer.

2.1.1.1 Convolutional Neural Networks (CNNs) Architectures

Due to its ability to automatically learn hierarchical features from data and capture local

patterns and relationships, CNN is well-suited for image-related tasks [41]. Therefore, we

chose to use CNN in this paper. Over the last ten years, several CNN architectures have

been introduced. Among these are LeNet, AlexNet, ResNet, GoogleNet/InceptionNet,

Visual Geometry Group (VGG), DenseNet, and Xception. The architectures used in this

study are explained below.
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Visual Geometry Group (VGG)

The VGG model is a Convolutional Neural Network (CNN) architecture with numerous

layers. Its ”deep” nature is attributed to the high number of layers, with VGG-16 and

VGG-19 containing 16 and 19 convolutional layers, respectively. This groundbreaking

architecture serves as the foundation for cutting-edge object recognition models and is

applied in a variety of fields, including computer vision, speech recognition, machine

translation, medical imaging, and robotics. The VGG design implements small 3x3 filters,

and all hidden layers use the Rectified Linear Unit (ReLU) activation function. The model

boasts a 224x224 image input size and features three fully connected layers, with the first

two containing 4096 channels each, and the third containing 1000 channels, representing

each class. VGG16 and VGG19 are the most widely used models, with VGG19 having

three additional convolutional layers than VGG16. VGG16 has 138 million parameters,

while VGG19 has 144 million parameters [42]. Figure 2.1 shows the structure of the

network.

Figure 2.1: The basic structure of VGGNet block
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GoogleNet/InceptionNet

In the context of CNN, a novel inception block (module) concept was proposed that com-

binesmultiple-scale convolutional transformations through themerge, transform, and split

functions for feature extraction. This architecture employs filters of varying sizes (5×5,

3×3, and 1×1) to capture channel and spatial information at different ranges of spatial reso-

lution. The GoogLeNet’s traditional convolutional layer is replaced by small blocks, each

replaced with a micro-neural network. The concept of merge, transform, and split from

GoogLeNet is utilized to address the issue of different learning types of variants existing

in a similar class of several images. The purpose of GoogLeNet is to improve the effi-

ciency of CNN parameters and enhance learning capacity while regulating computation by

inserting a 1×1 convolutional filter, as a bottleneck layer, before using large-size kernels.

GoogleNet utilizes sparse connections to overcome the problem of redundant information

and decrease costs. It should be noted that only some input channels connect to some of

the output channels. By using a Global Average Pooling (GAP) layer as the end layer, the

density of connections is decreased, resulting in a significant decrease in the number of

parameters from 40 to 5 million. Additional regularity factors include the use of RmsProp

as an optimizer and batch normalization. Furthermore, GoogleNet introduced the idea of

auxiliary learners to speed up the convergence rate. However, its main shortcoming is its

heterogeneous topology, which requires adaptation from one module to another. Other

shortcomings include representation jam, which substantially decreases the feature space

in the following layer, resulting in valuable information loss [42]. Figure 2.2 shows the

structure of the network.

Figure 2.2: The basic structure of InceptionNet block
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Xception

Xception is characterized by its extreme inception architecture. Its main idea revolves

around depthwise separable convolution. The inception block of Xception is wider and

involves exchanging a single dimension (3×3) followed by a 1×1 convolution to reduce

computational complexity. By utilizing the decoupling channel and spatial correspon-

dence, the Xception network achieves extra computational effectiveness. It first applies

1×1 convolutions to map the convolved output to the embedding short dimension and then

performs k spatial transformations. Here, k represents the width-defining cardinality ob-

tained via the transformation number inXception. To simplify computations, each channel

is distinctly convolved around the spatial axes in Xception. These axes are subsequently

used as the 1×1 convolutions (pointwise convolution) to perform cross-channel correspon-

dence. The 1×1 convolution is used to regulate the depth of the channel in Xception. The

traditional convolutional operation in Xception involves many transformation segments

equivalent to the number of channels. On the other hand, Inception uses three transforma-

tion segments, while the traditional CNN architecture only uses a single transformation

segment. However, the suggested transformation approach in Xception achieves extra

learning efficiency and better performance without minimizing the number of parame-

ters [42]. Figure 2.3 shows the structure of the network.

Figure 2.3: The basic structure of Xception block
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2.2 Transfer Learning

Transfer learning enhances a learner’s performance in one domain by utilizing knowledge

from a related domain [43]. Recent research indicates that deep convolutional neural net-

works (CNNs) are highly effective at solving various classification problems. However,

training deep CNN requires a vast amount of data to achieve optimum performance. This

can be a significant challenge since collecting and labeling large datasets can be time-

consuming, expensive, and sometimes unfeasible.

To address this challenge, researchers have turned to transfer learning. This technique

utilizes knowledge from pre-trained models on existing tasks to overcome data scarcity in

new tasks. By ”fine-tuning” these pre-trained models on smaller, task-specific datasets,

transfer learning enables deep CNN to achieve remarkable accuracy even when data is

limited. This not only saves time and resources but also unlocks the potential of deep

learning for applicationswhere large-scale data collection is impractical. Transfer learning

acts as a bridge, allowing deep CNN to excel in data-scarce scenarios and unlock their full

potential for a wider range of problems [44, 45].

2.3 Ensemble Model

Machine learning has evolved beyond the use of single models to achieve robust and accu-

rate predictions. Ensemble models combine the strengths of multiple individual models to

achieve better performance than their constituent parts. This approach leverages the diver-

sity in the architectures, learning algorithms, or training data to overcome the limitations

of single models. The result is a better generalization, reduced variance, and improved

accuracy across different tasks [46]. Ensemble techniques can be broadly classified: Bag-

ging, Boosting, Stacking and Voting.
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Bagging

Bagging, which is also known as bootstrap aggregating, is a simple and effective method

for building a set of independent models. This technique involves training each model on

a random sample of instances from the original dataset, with replacement. To ensure that

each model has a sufficient number of instances, the sample usually contains the same

number of instances as the original dataset. The final prediction for an unseen instance is

determined by the majority voting of the predictions made by each model. While some

instances may appear multiple times when training the same model, others may not be in-

cluded at all. Because the models are independently trained, bagging can be implemented

in a parallel manner by training each model using different computational units [47].

Boosting

Boosting is a powerful ensemble method that uses the knowledge gained from previous

predictor mistakes to improve future predictions. The approach involves sequentially

combining multiple weak base learners, with each learner building on the errors of the

previous one to create a more accurate predictive model. Ultimately, this results in a sin-

gle strong learner that significantly enhances the predictability of models.

Stacking

Stacking is a powerful technique that involves combining multiple classification or re-

gression models into a single ensemble. It offers a unique approach to problem-solving,

allowing us to explore a wide range of possible models for a given task [48].

In ensemble models, stacking is also known as stacking generalization. It enables us to

create a newmodel that combines predictions from two ormore previously trainedmodels.

By merging existing sub-model predictions, we can leverage the strengths of each model

and create a more accurate overall prediction. We can use a simple linear approach such

as simple voting to merge the sub-model predictions or use a weighted sum using linear

or logistic regression. Stacking is a powerful tool that can help us build more accurate and

robust models for a wide range of applications.

Voting The voting ensemble model is an effective ensemble learning technique that en-

hances overall performance by combining predictions from multiple individual models.

This method involves aggregating predictions from base models through a voting pro-

cess, ultimately selecting the most probable outcome as the final prediction. There are

two commonly used types of voting in ensemble techniques: hard voting and soft voting.
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• Hard Voting: also known as majority voting, is a classification method that in-

volves combining the predictions made by several base models and selecting the

class with the most votes as the final prediction. In hard voting, the final decision is

based purely on the majority vote, without considering the confidence or reliability

of each base model.

• Soft Voting: also known as weighted voting, is a technique used in machine learn-

ing to make predictions by considering the probability scores of each base model

for each class. The method computes the weighted average of these probabilities

to make the final prediction. The main idea behind soft voting is to integrate the

predictions from multiple models to produce a more accurate and reliable outcome.

To achieve this, soft voting calculates the average probability of each class and

then selects the winner by choosing the class with the highest weighted probabil-

ity. Overall, soft voting is an effective way to enhance the performance of machine

learning models by leveraging the collective knowledge of multiple models.

2.4 Out-of-Distribution(OOD) Detection

In machine learning, the process of Out-of-Distribution (OOD) detection is crucial. Out-

of-Distribution (OOD) detection, also called out-of-distribution modeling or anomaly de-

tection, involves identifying data points or samples that significantly differ from the train-

ing data on which a model was developed.

During the training phase, models are typically trained on a specific set of data that rep-

resents the target distribution or class of interest. However, in real-world scenarios or

deployment, the model might encounter data that falls outside this distribution or differs

significantly from the training data. This can lead to unreliable predictions or erroneous

outcomes since the model may not have learned to handle such out-of-distribution data

during training.

The primary goal of Out-of-distribution detection is to identify instances where the in-

coming data does not fit the pattern or characteristics of the data seen during training [49].

Once the system identifies these OOD instances, it can take appropriate actions, such as

flagging them for further review, rejecting them to prevent potential errors, or handling

them separately to maintain the integrity and performance of the model.
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2.5 Distribution Shift

Distribution shift is a term used to describe the situation where the statistical properties of

the data that is fed into a machine learning model change between the training and testing

stages. When a model is being trained, it learns to recognize patterns and relationships

within a particular dataset, so that it can make accurate predictions on unseen data during

testing. However, real-world scenarios often involve significant differences between the

data seen during training and the data encountered during testing. This shift in data dis-

tribution can occur due to various factors such as changes in data collection methods, en-

vironmental conditions, demographics, or measurement devices. As a result, the model’s

performance may decrease as it struggles to adapt to the new or unseen data distribution.

This can lead to inaccurate predictions and reduced generalization abilities [50, 51]. There

are several types of distribution shift:

1. Covariate shift: occurs when there is a change in the distribution of input features

(covariates) between the training and testing datasets used to build and deploy a

machine learning model. This means that the relevant characteristics of input fea-

tures for medical diagnosis may differ between the dataset used for training and the

real-world data encountered during deployment.

To illustrate, a machine learning model is trained to diagnose a specific medical

condition using patient data from a particular hospital. The training dataset could

include patient demographics, medical history, and various diagnostic test results.

However, when deploying the model in a different hospital or clinical setting, the

distribution of these covariates may vary. Covariate shift could be caused by dif-

ferences in patient populations, healthcare practices, or available diagnostic tests.

2. Label shift: Occurs when the distribution of target variables, or labels, changes be-

tween the training and testing datasets. It differs from covariate shift, which pertains

to changes in the distribution of input features. Label shift specifically addresses

variations in the distribution of the output or target variable.

In the context of medical diagnosis, label shift can occur when the prevalence or

distribution of different medical conditions changes between the dataset used for

training a diagnostic model and the real-world data encountered during deployment.

For instance, the frequency of rare diseases may differ between the training and

testing datasets, or there may be changes in the diagnostic criteria over time.
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3. Concept shift: The phenomenon of concept shift, also referred to as concept drift,

arises when the relationship between the input features and the target variable (con-

cept) changes over time or across different datasets. Unlike covariate shift which

involves alterations in the distribution of input features, or label shift which involves

changes in the distribution of target labels, concept shift is centered around modifi-

cations in the underlying concept or patterns within the data.

In the context ofmedical diagnosis, a concept shift may occur when the factors influ-

encing a particular medical condition undergo changes over time or across different

patient populations. For instance, advancements in medical research or fluctuations

in environmental factors may cause shifts in the diagnostic criteria for a disease. Be-

sides, the prevalence of risk factors or the efficacy of certain diagnostic tests may

also evolve.

2.6 Summary

In this chapter, we explore the techniques employed in our research, with a specific focus

on those relevant to our field of study. It emphasizes the application of deep learning,

specifically convolutional neural networks (CNNs), which serve as the foundation for our

proposed ensemble method. Our investigation includes a detailed overview of various

CNN algorithms, including transfer learning and ensemble modeling, to offer insights

into their potential for our chosen approach.
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Chapter 3

Literature Review

In recent years, various machine-learning algorithms have been used to detect and classify

breast tumors from histopathology images. This chapter looks into these methods for clas-

sifying different types and subtypes of breast tumors, as well as staging. It also discusses

the effects of data leakage on breast cancer classification.

3.1 Breast Tumor Classification

In order to differentiate between benign and malignant breast tumors, Osareh et al. [27]

investigated the use of threemachine learning classifiers (Support VectorMachine (SVM),

k-nearest neighbors (KNN), and Probabilistic Neural Network (PNN)) in conjunction with

three feature selection techniques (Signal toNoise Ratio (SNR) feature ranking, Sequential

Forward Selection (SFS), and Principal Component Analysis (PCA)). They assessed their

models using twowidely used benchmark datasets for breast cancer research, and the SVM

classifier produced an accuracy of 98.80% on the FNAB dataset and 96.33% on the gene

microarray dataset for breast cancer detection.

A study by Doyle et al. [28] extracted 3,400 image features from a database of 48 breast

biopsy tissue (30 cancerous and 18 benign images). They extracted a set of graph and

texture based features to capture the discriminating characteristics of the tissue patterns in

each image. Spectral clustering was utilized to decrease the dimensionality of the feature

set, and a SVM classifier was employed to differentiate between images with low and

high grades of malignancy, as well as benign and malignant images. Using texture-based

characteristics, their method obtains a 95.8% accuracy rate in differentiating cancer from

non-cancer and a 93.3% accuracy rate in differentiating high from low grades of cancer

based on architectural elements.
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A dataset called BreakHis [18] with 7,909 breast cancer (BC) histopathology images, sep-

arated into benign and malignant tumors, acquired from 82 individuals at varying mag-

nification factors, was presented by A. Spanhol et al. [18]. The dataset comprises four

distinct benign breast tumor histological types: adenosis (A), fibroadenoma (F), phyl-

lodes tumor (PT), and tubular adenoma (TA); additionally, there are four malignant tumor

(breast cancer) types : ductal carcinoma (DC), lobular carcinoma (LC), mucinous car-

cinoma (MC), and papillary carcinoma(PC). The authors also present a baseline pattern

recognition system that uses Threshold Adjacency Statistics, Local Binary Patterns (LBP),

Completed LBP (CLBP), Local Phase Quantization (LPQ), Grey-Level Co-occurrence

Matrix (GLCM), and a keypoint descriptor called ORB for feature extraction to distin-

guish between benign and malignant tumors. Four distinct classifiers were employed for

the classification process: Random Forests of Decision Trees, Quadratic Linear Analysis

(QDA), SVM, and 1-Nearest Neighbor (1-NN). Their system’s accuracy rates range from

80% to 85%, depending on the image magnification factor.

Several other researchers have classified breast cancer as benign and malignant tumors

based on histopathological images by employing traditional machine-learning techniques

(SVM, KNN, Naive Bayes, Decision Tree) [29, 30, 52, 53, 54].

3.2 Breast Tumor Sub-Type Classification

Various researchers worked on classifying benign and malignant with their subtypes uti-

lizing the BreakHis dataset, which was introduced by A. Spanhol et al. [18]. A study by

Han et al. [31] on a BreakHis [18] dataset presents an automated deep-learning model for

multi-class classification of breast cancer from histological images. The proposed model

dubbed the class structure-based deep convolutional neural network (CSDCNN), achieved

an average accuracy of 93.2%, demonstrating the method’s strength in providing a helpful

tool for breast cancer multi-class classification in clinical settings. The article highlights

the challenges in obtaining precise multi-class classification due to the wide range of high-

resolution image appearances and the subtle differences in multiple classes, as well as the

importance of automated multi-class classification of breast cancer from histopathological

images for clinical diagnosis and prognosis. They claimed that the proposed CSDCNN

model addresses these issues by making use of feature space distance limitations and hi-

erarchical feature representation.
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Research conducted by H.Motlagh et al. [32] centers around using deep learning architec-

tures, such as Inception and ResNet, to differentiate microscopic cancerous imaging, with

a specific focus on breast cancer detection and classification of its subtypes. The study

utilized tissue micro-arrays (TMAs) as training samples and fine-tuned pre-trained deep

neural networks to classify various types of cancer. The ResNet V1 50 model achieved

an average accuracy of 99.8% for breast, bladder, lung, and lymphoma cancers. Addi-

tionally, the ResNet V1 50 and ResNet V1 152 models achieved accuracies of 94.8% and

96.4%, respectively, in categorizing benign and malignant related sub-types.

Parvin et al. [33] evaluate the performance of five CNN architectures, namely LeNet-5,

AlexNet, VGG16, ResNet-50, and Inception-v1, in classifying histological images asso-

ciated with breast cancer. The BreaKHis [18] dataset, which contains microscopic biopsy

images of benign and malignant tumors at different magnification factors, was used to

evaluate model performance based on test accuracy, the area under the curve (AUC), pre-

cision, recall, and f1-score. The Inception-v1 network outperformed the other designs in

the study, achieving the highest test accuracy, Area Under the Curve (AUC), precision,

recall, and f1-score at different magnification factors. The study highlights the growing

prevalence of breast cancer and emphasizes the need for accurate and efficient prediction

systems. It also addresses the importance of early breast cancer detection and the limita-

tions of traditional approaches. It draws attention to the potential of convolutional neural

networks in medical image analysis and emphasizes the significance of selecting the best

architecture to achieve optimum results in the histopathological image classification of

breast cancer.
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3.3 Breast Tumor Stage Classification

Breast cancer can be staged according to how easily it can spread across the body and af-

fect distant organs and tissues. A hybrid convolutional and recurrent deep neural network

was presented by Yan et al. [24] for classifying breast cancer staging as invasive and in

situ carcinoma, as well as benign and normal. The study aimed to develop an automated

and accurate histopathological image analysis approach, with a focus on the essential clas-

sification task for in-depth research on breast cancer diagnosis. The authors have released

a dataset containing 3771 histopathological images for use in scientific research. Accord-

ing to the experimental results, the average accuracy for the four-class classification task

is 91.3%. However, the research was limited to identifying breast stages rather than the

specific type of breast cancer. To address this gap, some researchers worked on classify-

ing breast cancer type along with its staging. Wetstein et al. [34] developed and evaluated

an automated deep-learning system for grading DCIS in breast histopathology images.

DCIS is a non-invasive breast cancer that can progress to acIDC. Gupta et al. [35] pro-

vide a comprehensive computer-aided diagnosis (CAD) system for classifying IDC using

a CNN model they built from scratch (ConvNet-A, ConvNet-B, and ConvNet-C), which

they verified against four machine learning models (SVM, KNN, Random Forest (RF),

and Logistic Regression (LR)). The paper highlights the need for a computer-aided di-

agnosis system to support pathologists in detecting breast cancer, aiding in early-stage

detection, and improving survival rates.
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3.4 Data Leakage in Digital Pathology

The term ”data leakage” describes the usage of non-training datasets for model selection

or training. Leakages typically happen when data from test, validation and/or training

sets share indirect information, producing unduly optimistic conclusions [55]. Bussola et

al. [55] conducted a study on reproducibility issues in bioinformatics. Their focus was on

the impact of data leakage in digital pathology and highlighted the prevalence of unrepeat-

able research papers in bioinformatics due to methodological or clerical errors. The study

identified the link between lack of reproducibility and inaccuracies in managing batch

effects, small sample sizes, and flaws in experimental design. Specifically, the paper ex-

plored the potential impact of data leakage on machine learning algorithms and the effect

of data partitioning strategies on the training of backbone architectures in the context of

histological data. The study demonstrats that predictive scores can be inflated by up to

41% when tiles from the same subject are used in both training and validation sets. The

study provides detailed results on the impact of data partitioning protocols and feature

embeddings on image classification in digital pathology based on experiments conducted

on three public datasets. Additionally, it compares its findings with those of comparable

works.

3.5 Summary

This chapter presents a comprehensive literature review of existing works that focus on

classifying breast cancer. We explored the various methods and datasets employed for

the classification of breast cancer, while also discussing data leakage and its impact on

accuracy. Despite extensive research in the field of breast cancer detection and classifi-

cation, there is still a gap in classifying subtypes of ILC and LCIS. This issue is further

worsened by the lack of dedicated datasets for these subtypes of breast cancer. To the best

of our knowledge, no previous research has utilized existing labels as a primary source to

generate new labels for breast cancer classification. In this work, we propose to resolve

the lack of a dataset by extracting the required dataset from existing breast cancer datasets

and utilizing it to classify ILC and LCIS subtypes.
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Chapter 4

Methodology

In this section, we propose amethodology for developing new labeled breast cancer datasets

and discuss the classification schemes employed on these newly developed datasets.

The proposed method of the architecture is shown in Figure 4.1. The research process

starts with two dataset selections, namely the BreakHis [18] and Yan et al. [24]. These

datasets are labeled and then divided into training and testing sets to prepare them for ma-

chine learning and testing. The data then goes through preprocessing and augmentation

to enhance its quality and potentially improve the model’s performance. The approach

involves using an ensemble model that combines multiple models to achieve the best pre-

diction accuracy. Furthermore, the model’s predictions are evaluated on the two datasets

to generate a new dataset. Lastly, a new dataset is generated and classified.

Dataset Selection

BreakHis  Yan et al.

Label Extraction 

Data Split

Preprocessing and Data
Augmentation

Ensemble Model 

Cross Data Prediction 

New Dataset

Working on Classifying
the New Dataset 

Figure 4.1: The proposed model architecture for the creation of a new dataset and classi-

fication system for breast cancer
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4.1 Dataset

This work utilized two complementary public datasets i.e. the BreakHis [18] dataset that

provided tumor subtypes and the Yan et al. [24] dataset which offered detailed information

on tumor stage. The BreakHis [18] dataset comprises microscopic biopsy images of both

benign and malignant breast tumors. The dataset consists of 7909 images, collected from

82 anonymous patients of the Pathological Anatomy and Cytopathology (P&D) Lab in

Brazil. The images within the datasets are captured in the 3-channel RGB color space

(TrueColor with 24-bit depth, 8 bits per channel) and saved in the PNG format. Also,

the BreakHis [18] dataset offers four magnification options (40x, 100x, 200x, and 400x)

and maintains a consistent dimension of 700 x 460 pixels. The spectrum of breast tumors

encompasses four distinct histopathological types for both benign and malignant forms.

Benign tumors include adenosis (A), fibroadenoma (F), phyllodes tumor (PT), and tubular

adenoma (TA). Malignant types include ductal carcinoma (DC), lobular carcinoma (LC),

mucinous carcinoma (MC), and papillary carcinoma (PC). Table 4.1 shows the details of

the BreakHis [18] dataset. Structurally, the BreakHis [18] dataset is organized around

individual patients and offers images of each patient’s data at four magnification factors

(40x, 100x, 200x, and 400x) for detailed examination.

Table 4.1: Histopathological image distribution of the BreakHis dataset divided by mag-

nification and class.

Class Subclass
Magnification factors

Total
40X 100X 200X 400X

Benign

A 114 113 111 106 444

F 253 260 264 237 1014

TA 109 121 108 115 453

PT 149 150 140 130 569

Malignant

DC 864 903 896 788 3451

LC 156 170 163 137 626

MC 205 222 196 169 792

PC 145 142 135 138 560

Total 1995 2081 2013 1820 7909
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The second dataset was developed by Yan et al. [24] and Peking University International

Hospital collaborated on a unique dataset of 3,771 high-resolution (2048x1536 pixels)

breast pathology images. Each image, meticulously stained with hematoxylin and eosin

(H&E) for detailed analysis, and is fully anonymized for patient privacy. All images

maintain consistent capture conditions (100x or 200x magnification) and are categorized

according to the diagnosed cancer type: normal, benign, in situ carcinoma, or invasive

carcinoma. Additionally, the images are captured in the standard 3-channel RGB color

space and saved in the versatile TIF format. Table 4.2 summarizes the image distribution.

Table 4.2: Histopathological image distribution of Yan et al. divided by class.

Class Normal Benign In situ carcinoma Invasive carcinoma Total

299 1106 1066 1300 3771

In our thesis, we utilized the BACH dataset [20], which has a similar data distribution

to the Yan et al. dataset and includes regions of normal tissue, benign tumors, in situ

carcinoma, and invasive carcinoma. The microscopy images are in TIFF format, with an

RGB color channel and dimensions of 2048 x 1536 pixels [26]. Table 4.3 summarizes

the image distribution.

Table 4.3: Histopathological image distribution of BACH divided by class.

Class Normal Benign In situ carcinoma Invasive carcinoma Total

100 100 100 100 400

4.1.1 Label Selection

To examine the correlation between tumor type and staging, two specific labeled classes

were selected from each dataset:

• From the BreakHis [18] dataset: Images labeled as ductal carcinoma and lobular

carcinoma were extracted. These two types represent the most common and aggres-

sive forms of invasive breast cancer, making them valuable for targeted analysis.

– Ductal Carcinoma: Primarily exists in both In situ and Invasive forms.

– Lobular Carcinoma: Mostly presents in the In situ stage, though Invasive

lobular carcinoma also exists.
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• From the Yan et al. [24] dataset: Images labeled as In situ carcinoma and Invasive

carcinoma were chosen. This selection captures both early and advanced stages of

tumor development, providing insights into progression and potential diagnostic

markers.

The summary of the selected tumor types and stage information from the two datasets is

provided in Table 4.4. The table presents the count of datasets from both sources, thereby

offering a detailed overview of the data.

Table 4.4: The extracted labels

Dataset Labels Labels Total Total

BreakHis [18]
Ductal Carcinoma 3451

4077
Lobular Carcinoma 626

Yan et al. [24]
In situ carcinoma 1066

2,366
Invasive carcinoma 1300

4.2 Data Split

In order to uphold the reliability of our findings and mitigate the risk of any artificial infla-

tion of performance metrics, a stringent data partitioning strategy known as Patient-Wise

(PW) splitting has been implemented [55]. The patient-wise split is a well-known data

partitioning technique frequently utilized in medical research, particularly for studying

data with significant intra-subject variability. This technique treats patients as the main

unit of analysis, and their data is kept together throughout all phases of analysis, from

training to validation and testing [55]. Ensuring that:

• No tile from a patient resides in both the training and testing sets: No tile from a

patient resides in both the training and testing sets. This strict separation eliminates

the risk of models inadvertently ”memorizing” patient-specific features rather than

capturing generalizable patterns, leading to misleading high-performance estimates.

• To address the class imbalance, we adopt a stratified sampling approach: When

dividing the dataset, it is ensured that each class has the same size of samples in

both the training and testing sets. This prevents models from being biased towards

majority classes, resulting in a more balanced learning process.
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A patient-wise split method was used for the BreakHis [18] dataset to create separate train-

ing and test sets of 80% and 20%, respectively, to ensure that the data from individual

patients remained consistent throughout the analysis. However, a challenge was encoun-

tered with the Yan et al. [24] dataset as there was no clear patient information available.

To overcome this, a distribution shift was introduced for the testing dataset, and the entire

Yan et al. [24] dataset was used for training. To prevent data leakage, a different dataset,

BACH [21], was designated for testing. This maintained the integrity of the evaluation

process and ensured that the model’s performance was rigorously assessed in a way that

was resilient to the unique characteristics of each dataset.

4.3 Preprocessing and Data Augmentation

Deep learning has become an increasingly popularmethod for image classification, includ-

ing the identification of breast cancer in medical images. However, it’s crucial to under-

stand the importance of preprocessing in this context. Preprocessing involves preparing

the images to be fed into the model by resizing them to a uniform size, adjusting their

lighting, and ensuring that the pixel values are within the appropriate range. This process

helps the computer model to learn and recognize patterns more effectively [56, 57]. In this

study all images were resized to a unified dimension of 224x224 pixels and image pixel

values were normalized to the range [0, 1] using a scaling factor of 1/255.

Another important aspect of preprocessing is data augmentation, which entails applying

various changes to the images to expand the dataset and improve the model’s robust-

ness. This can include techniques like rotating, shifting, zooming, flipping, and adjusting

brightness [58]. By incorporating data augmentation, the model becomes better equipped

to handle variations in real-world scenarios, ultimately enhancing its accuracy and gener-

alizability. Specific techniques employed include:

• Random Rotations: Images were randomly rotated up to 10 degrees, simulating

slight camera angle variations during image acquisition.

• Horizontal Shifts: Imageswere randomly shifted horizontally by up to 20%of their

width, mimicking potential misalignments during tissue preparation or scanning.

• Vertical Shifts: Similar to horizontal shifts, images were also shifted vertically by

up to 20% of their height to account for potential tissue positioning variations.
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• Zooming: Random zooming (in or out) by up to 20% was implemented to simulate

magnification changes during microscopy or digital imaging.

• Horizontal Flips: Images were randomly flipped horizontally to augment the train-

ing data and improve the model’s ability to learn features regardless of tissue ori-

entation.

• Brightness Adjustments: To account for potential lighting variations or inconsis-

tencies during image capture, brightness was randomly adjusted within a range of

20% darker to 20% brighter.

Table 4.5: Parameters of data augmentation.

Parameters of Image Augmentation Values

Rotations Range -10,10

Height Shifts Range -0.2,0.2

Width Shifts Range -0.2,0.2

Zooming Range 0.8,1.2

Random Horizontal Flips True

Brightness Adjustments Range 0.2-1.2

To ensure the reliability of the deep learning pipeline for breast cancer classification, a

technique called stratified k-Fold cross-validation is used. This method helps to address

issues related to class imbalances, which is a common concern in imbalanced datasets.

The stratified k-fold cross-validation technique builds upon the traditional k-fold cross-

validation approach, where data is partitioned into k subsets (or folds), and the model is

trained and evaluated k times, with each fold acting as the test set once.

However, standard k-fold cross-validationmay not be ideal for imbalanced datasets, where

some classes have considerably fewer instances than others. The reason is that the class

distribution in each fold may not be representative. Stratified k-fold cross-validation re-

solves this concern by ensuring that each fold preserves the same class distribution as the

original dataset.

By utilizing stratified k-fold cross-validation, deep learningmodels can be effectively used

to classify breast cancer images accurately. This can assist in the diagnosis and treatment

of this disease.
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4.4 Ensemble Model

Research studies [59, 60, 61] have shown that incorporating ensemble learning in deep

learning systems can enhance their generalization and enable more accurate predictions.

Ensemble learning integrates the outputs of multiple classifiers, either at the final or inter-

mediate stages, to overcome the limitations of a single classifier and thereby enhance the

resilience of the classification framework. Based on these research, the Ensemble model

was incorporated to improve the prediction performance of the model on the cross-data.

This section provides a detailed elaboration on the ensemble model developed, as shown

in Figure 4.2 which have three distinct phases. Phase one highlights the specific deep

learning models utilized in the initial experimentation. Phase two showcases the selec-

tion of the best performing models identified through the performance analysis conducted

in phase one. Finally, phase three illustrates the implementation of a soft voting ensem-

ble model, which leverages the strengths of the individual models to achieve enhanced

predictive capabilities. Soft voting is a technique where each model in an ensemble gen-

erates probability predictions for every class, which are then averaged across all models

to arrive at the final prediction. By considering the confidence levels of each model in

its predictions, this approach offers a more subtle and probabilistic decision-making pro-

cess. Ultimately, the ensemble’s final predicted class is the one with the highest average

probability.

Preprocessing and
Augmentation

M1 M3M2 Mn

Model 1 Model 2 Model n

Ensemble
Learning

Model

Deep Learning
Models(DLM)

Best Performed
DLM

Soft Voting 

Phase 1

Phase 2

Phase 3

Cross Data Prediction 

Figure 4.2: Architecture of the proposed ensemble model
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4.4.1 Deep Learning Models Selection

The process of selecting the most suitable Deep Learning Model (DLM) for breast cancer

classification was dedicated to the initial stage. This critical step involved evaluating four

different models - VGG16, VGG19, Inception, and Xception - based on their performance

on the BreakHis [18] dataset. The dataset was divided into a training set (80%) and a test

set (20%) using a patient-wise split to prevent data leakage. The models were designed

to incorporate a 5-fold stratified cross-validation, which proved to be highly effective

during experiments on the 80% training set. This approach ensured that both ductal and

lobular carcinoma cases were evenly represented in the training process. The goal was to

create a fair training process for both classes. This method led to more dependable model

evaluations, especially when dealing with variations in data size between the two cancer

types. Data augmentation techniques described in Table 4.5 were applied during training.

Each model was trained with 40x, 100x, 200x, and 400x magnification factors separately

for 50 epochs, saving its weights. Finally, the unseen 20% test set was used to generate

final predictions for each trained model. The model with the highest accuracy on the test

set was selected based on its ability to generalize to unseen data.

4.4.1.1 Transfer Learning

The breast cancer classification method uses a transfer learning technique to improve

its performance. The method utilizes four pre-trained models trained on the ImageNet

dataset, which can leverage the valuable features already learned from millions of natural

images. This approach helps extract essential information from medical images despite

having limited data and provides a strong foundation for the task. After that, the final

layers of the model are fine-tuned using the breast cancer dataset, which saves time and

allows the model to learn crucial cancer-specific features despite the limited dataset size.

In conclusion, employing transfer learning from ImageNet combined with a fine-tuning

process significantly enhances the model’s ability to accurately classify breast cancer im-

ages [62, 63].

• ImageNet: Is a massive library of visual knowledge designed to drive advance-

ments in image recognition [45]. It contains over 14 million images that have all

been meticulously annotated to identify the objects depicted in them. The database

is organized into over 20,000 categories, with each category typically containing

multiple images.
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4.4.1.2 Hyperparameter Tuning

The hyperparameter tuning process is essential for achieving optimum performance and

adaptability in convolutional neural networks (CNNs). It involves carefully adjusting var-

ious control knobs, including model architecture, learning process, and regularization, to

ensure alignment with the specific task at hand [59]. Some of the crucial hyperparameters

that require meticulous fine-tuning in CNN:

• Learning rate: This hyperparameter plays a significant role in model convergence

by determining the step size during gradient descent. It directly impacts the speed

and accuracy of the model’s learning process.

• Number of filters: Filters are the building blocks of feature extraction, and their

precise calibration is crucial for capturing rich visual patterns. The number of filters

determines the model’s ability to identify intricate details.

• Kernel size: The receptive fields of filters, known as kernel size, determine the

extent of spatial information they encompass. Careful tuning is necessary to match

the scale of relevant features in the images.

• Number of layers: The depth of a CNN, determined by the number of layers, af-

fects its ability to learn hierarchical representations. Adjusting this hyperparameter

thoughtfully is essential for achieving optimum complexity.

• Batch size: This hyperparameter determines the volume of data processed in each

training iteration, balancing computational efficiency with learning speed and sta-

bility.

• Regularization techniques: Techniques such as dropout and L1/L2 regularization

are crucial for preventing overfitting, ensuring that the model doesn’t memorize

training data at the expense of generalization.

The values of the hyperparameters with which models performed well are provided in

Table 4.6.
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Table 4.6: Hyperparameters used in the models for the BreakHis dataset.

Hyperparameters
With Data Augmentation

VGG16 VGG19 Inception Xception

Train approach
5-fold stratified

cross validation

5-fold stratified

cross validation

5-fold stratified

cross validation

5-fold stratified

cross validation

Optimizer SGD/ Adam SGD SGD SGD/ Adam

Loss function binary crossentropy binary crossentropy binary crossentropy binary crossentropy

Batch size 16 16 16 16

Activation function softmax softmax softmax softmax

Dropout 0.3 0.3 0.3 0.3

Epoch 50 50 50 50

Number of nodes

in output layer
2 2 2 2

Learning Rate 0.0001 0.0001 0.0001 0.0001

4.4.2 Best Performing DLM Selection

In the initial testing phase, we evaluated the performance of different models using the

BreakHis [18] dataset. This involved a thorough assessment of how well each model per-

formed across variousmagnification levels within the dataset. Based on the results of these

evaluations, this phase identifies and selects the top-performing models for further analy-

sis and development. Our selection criteria prioritized models that showed high accuracy

and robustness in handling the diverse magnification levels present in the BreakHis [18]

dataset.

4.4.3 Ensemble Learning Models

On the last stage of the analysis, various ensemble techniques were carefully evaluated,

and the soft voting method was ultimately decided upon for implementation. This tech-

nique was chosen as the most efficient approach for combining the predictions of the

best-performing models, and it contributed to the improvement of the overall accuracy

and reliability of the final results. The evaluation process involved the careful testing and

comparison of different ensemble methods, and the soft voting approach was determined

to be the best choice for our specific needs.
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4.5 Cross Data Prediction

Figure 4.3 outlines a methodology to generate a new dataset by utilizing the BreakHis [18]

and Yan et al. [24] datasets through a two-phase cross-data prediction approach. In the

first phase, the ensembled model is trained on the BreakHis [18] dataset, which is intended

to classify the Ductal and Lobular breast cancer subtypes. This ensemble model is then

used to predict outcomes on the Yan et al. [24] dataset, which contains Insitu and Invasive

breast cancer staging. The aim of this phase is to transfer the knowledge gained from

the BreakHis [18] dataset to make accurate predictions on the Yan et al. [24] dataset. By

combining the knowledge gained from the Yan et al. [24] labels and the predictions, labels

for IDC, DCIS, ILC, and LCIS are extracted.

In the second phase, the process is reversed. The ensemble model is trained on the Yan

et al. [24] dataset, which includes Insitu and Invasive breast cancer staging. This trained

model is then used to predict outcomes on the BreakHis [18] dataset containing the Ductal

and Lobular breast cancer subtypes. This reverse prediction process aims to apply the

insights and patterns learned from the Yan et al. [24] dataset to the BreakHis [18] dataset.

By doing so, IDC, DCIS, ILC, and LCIS labels are extracted from the BreakHis [18]

dataset. This methodology ensures that the knowledge from each dataset is cross-applied,

allowing for an understanding and utilization of both datasets’ unique characteristics.

Finally, the predictions from both phases are merged to create a new, enriched dataset

extracted from the BreakHis [18] and Yan et al. [24] datasets, containing the IDC, DCIS,

ILC, and LCIS labels. This new dataset benefits from the strengths and information of

both original datasets, providing a more comprehensive resource for future analysis and

research.
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Figure 4.3: Diagram for the proposed cross-data prediction step

4.6 Classification on The New Dataset

This section outlines the method used to classify IDC, DCIS, ILC, and LCIS from the

newly developed dataset using the methodology described earlier. The proposed method

for classifying breast cancer using a new dataset is described in Figure 4.4. The clas-

sification process begins by splitting the dataset into training and testing sets using the

early patient-wise splitting techniques. This ensures that the model is trained and tested

on different patient data to avoid data leakage and improve the model’s generalization

performance.

After splitting the dataset, the preprocessing and augmentation techniques that were uti-

lized on the BreakHis [18] and Yan et al. [24] datasets are applied to it. This step is critical

as it improves the quality of the data and potentially the performance of the model.

The ensemble method, which was initially employed for training on the BreakHis [18] and

Yan et al. [24] datasets, was subsequently utilized for classifying the data based on new

labels.
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Finally, the predicted results for the IDC, DCIS, ILC, and LCIS were obtained using the

unseen test dataset. The results of this study are promising and indicate that the proposed

method can classify breast cancer using the new dataset.

New Dataset

Data Split

Preprocessing

Ensemble Model

Classification

Figure 4.4: The proposed architecture for classification on the new dataset

4.7 Evaluation Metrics

The evaluation metrics employed in Deep Learning tasks play a critical role in achieving

an optimized classifier. They are utilized in the standard data classification process, en-

compassing two main stages of training and testing. During the training stage, these met-

rics are employed to optimize the classification algorithm. In the context of classifying

breast cancer subtypes or any other classification task, several commonly used evaluation

metrics help to measure the effectiveness of the model. Here are detailed explanations of

some of the key evaluation metrics:

Accuracy: Calculates the percentage of correctly predicted instances in a dataset by di-

viding the number of correct predictions by the total number of instances.

Accuracy =
number of correct classified ∗ 100
Total numbers of input samples

=
TP + TN

TP + TN + FP + FN
(4.1)
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In a classification scenario, True Positives (TP) denote instances that were accurately pre-

dicted as positive, True Negatives (TN) represent instances that were correctly predicted

as negative, False Positives (FP) indicate instances that were erroneously predicted as

positive, and False Negatives (FN) signify instances that were mistakenly predicted as

negative.

Precision: Measures the accuracy of positive predictions. It is the ratio of correctly pre-

dicted positives to total predicted positives.

Precision =
TP

TP + FP
(4.2)

Recall (Sensitivity): Measures how well the model identifies positive instances. It is the

ratio of true positives to the total number of actual positives in the dataset.

Sensitivity =
TP

TP + FN
(4.3)

F1 Score: Measures the harmonic average between precision and recall. 4.4

F1score = 2× Precision × Recall

Precision + Recall
(4.4)

4.8 Summary

In this chapter, we have discussed the working principles and methodology used to cre-

ate a new dataset for breast cancer from the existing dataset. We have also explained the

evaluation strategy utilized to assess the new dataset, as well as our methodology for clas-

sifying IDC, DCIS, ILC, and LCIS breast cancer subtypes. In the next section, we will

discuss the results obtained from our experiment.
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Chapter 5

Result and Discussion

In this chapter, we will discuss the experiments carried out and the results obtained. The

result of utilizing the ensemble model is presented. The comparison of the model results

with those of pathology diagnoses is also discussed. Furthermore, we provide the classi-

fication results using the newly developed breast cancer dataset.

5.1 Experimentation Setup

All experiments were conducted using Python 3.9.16, TensorFlow 2.12.0 andKeras 2.12.0,

installed on a Dell Precision 7920 Tower server. The server is equipped with an Intel(R)

Xeon(R) Gold 6230R CPU, 64GB of RAM, NVIDIA RTX A4000 GPU and is running

Ubuntu 22.04.2 LTS Server operating system.

5.2 Deep Learning Models Selection Result

5.2.1 TheModels PerformanceWhenTrainedwithBreakHisDataset

In Chapter 4, a brief explanation of the proposed methodology for extracting a new la-

beled dataset for breast cancer and the classification process undergone by the new dataset

is provided. An experiment using four different Convolutional Neural Network (CNN)

architectures, namely VGG16, VGG19, Inception, and Xception were conducted. The

experiment was carried out on the BreakHis [18] dataset, which consists of instances at

four different magnification factors—40x, 100x, 200x, and 400x.

In order to achieve optimum performance in the classification task, each model’s perfor-

mance was evaluated individually at every magnification factor on the BreakHis [18]. By

having the models’ performance assessed at different levels of magnification, the most

effective models were able to be chosen, each of which was tailored to excel at a specific

magnification factor.
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A hyperparameter sweep was made for each CNN model, and the best parameters were

found as has been given in Table 4.6. A consistent approach has been taken in our ex-

periment by using the same hyperparameters for all models that are being considered.

This choice has been deliberately made for several reasons. Firstly, it ensures a fair and

unbiased comparison between the models can be made, as each one is trained under the

same conditions with the same optimization settings. By maintaining uniformity in hy-

perparameters, any differences in performance that are observed can be more confidently

attributed to the inherent differences in the model architectures rather than variations in

training conditions. Additionally, this standardized approach simplifies the analysis of

model performance, allowing the impact of the model itself on the outcomes to be dis-

cerned and evaluated. Table 5.1 provides detailed performance metrics results obtained

from the CNN models when applied to the BreakHis [18] dataset at various magnification

levels.

Table 5.1: Models result on the BreakHis dataset

Architecture

Magnification Factors

40X 100X 200X 400X

Acc.% Pre.% Rc.% F1% Acc.% Pre.% Rc.% F1% Acc.% Pre.% Rc.% F1% Acc.% Pre.% Rc.% F1 %

VGG 16-SGD 84.21 84.35 84.2 84.27 85.71 86.86 85.08 85.96 90.29 90.23 89.96 90.10 84.70 89.80 81.21 85.28

VGG 16-Adam 75.78 75.63 78.24 73.19 81.63 81.29 81.33 81.31 76.69 76.99 76.99 76.99 85.88 86.79 85.48 86.13

VGG 19 76.84 76.03 75.58 75.80 91.84 91.79 91.75 91.77 85.44 85.93 85.28 85.61 88.23 91.50 85.95 88.63

Inception V3 75.78 75.63 70.91 73.19 81.63 81.29 81.33 81.31 76.69 76.99 76.99 76.99 85.88 86.79 85.49 86.13

Xception-SGD 69.47 67.63 58.61 62.79 95.91 95.71 94.13 94.91 90.29 90.44 89.53 89.98 90.58 91.99 89.68 90.82

Xception-Adam 84.21 85.52 84.55 83.32 89.79 89.71 89.71 89.71 87.37 87.43 86.90 86.37 83.52 88.05 84.14 80.56

Table 5.1 shows four convolutional neural network models, namely VGG16, VGG19,

Inception V3, and Xception, across four magnification levels: 40x, 100x, 200x, and 400x.

The table presents the performancemetrics of thesemodels, which include accuracy (Acc.%),

precision (Pre.%), F1 score (F1%), and recall (Rc.%). When comparing models at each

magnification factor, the red highlighting indicates the highest values in each metric. To

better understand this information, we will analyze and discuss below.

• Architectures performance at 40X Magnification

– VGG16-SGD shows the highest accuracy (84.21%), precision (84.35%), re-

call (84.2%), and F1-score (84.27%) at this magnification. These results indi-

cate that it effectively processes low-magnification images.

– Xception-Adam also performs well, with metrics similar to VGG16-SGD,

making it an alternative.
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• Architectures performance at 100X Magnification

– Xception-SGD significantly outperforms other models with an accuracy of

95.91%, precision of 95.71%, recall of 94.13%, and F1-score of 94.01%.

• Architectures performance at 200X Magnification

– Xception-SGD shows an accuracy of 90.29%, precision of 90.44%, recall of

89.53%, and F1-score of 89.98%. This consistency across magnifications

shows its adaptability.

– VGG16-SGD also performs well with a 90.29% accuracy and 90.10% F1-

score, comparable to Xception-SGD,

• Architectures performance at 400X Magnification

– Xception-SGD shows the highestmetrics: accuracy (91.99%), precision (90.68%),

recall (91.82%), and F1-score (90.82%), highlighting its overall reliability

across various image resolutions.

5.2.1.1 Model Performance Discussion

The Xception architecture consistently outperformed all architectures across all magni-

fication levels. This highlights the significance of choosing architectures like Xception

for pathology image based breast cancer classification tasks. Its capability to effectively

process complex image data makes it a valuable tool for improving diagnostic accuracy

in breast cancer imaging.

The selection of the optimizer has a significant impact onmodel performance. Models that

use the Adam optimizer tend to show lower performance compared to those utilizing SGD,

indicating that SGD is more effective for this particular classification task. This finding

emphasizes the importance of carefully selecting optimization algorithms to maximize the

effectiveness of models in breast cancer classification.

It’s important to note that at lower magnifications (40X), VGG16-SGD demonstrates su-

perior performance, whereas at higher magnifications (200X and 400X), Xception-SGD

excels. This variance suggests that different models are more suitable for different levels

of image detail, highlighting the importance of tailoring model selection to the specific

characteristics of the imaging data. Furthermore, the consistently strong performance of

Xception-SGD across all magnifications indicates its robust generalization capabilities.
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Based on the findings fromTable 5.1, both theVGG16 andXceptionmodels were selected

for ensemble model development. The best models selected are:

• VGG16 and Xception with Adam optimizer for 40x magnification factor

• Xception with SGD optimizer for 100x magnification factor

• Xception with SGD optimizer and VGG16 for 200x magnification factor

• Xception with SGD optimizer for 400x magnification factor

5.2.2 TheModels PerformanceWhenTrainedwithYan et al. Dataset

As mentioned in the methodology, the magnification factors for the Yan et al. [24] dataset

are not specified. However, a general description was provided, stating that the dataset

contained images captured at 100x and 200x magnifications. Based on this information,

the best-performing models from the BreakHis [18] dataset were selected and trained with

the Yan et al. [24] dataset. The results of this experiment are presented in Table 5.2. Based

on our results, all three models were selected for ensemble model development on the Yan

et al. [24] dataset.

Table 5.2: VGG16 and Xception Models result on the Yan et al. dataset

Architecture
Evaluation matrix

Accuracy% Precision% Recall% F1 score%

VGG16 with SGD optimizer 81 81.61 80.21 80.90

Xception with SGD optimizer 85.5 85.53 85.46 85.44

Xception with Adam optimizer 86.5 86.53 86.46 86.49

Table 5.2 compares performancemetrics for two deep learningmodels, VGG16 andXcep-

tion, using different optimization techniques: Stochastic Gradient Descent (SGD) and

Adam. The metrics are standard evaluation criteria used in classification tasks, ensuring

credible and reliable results.

Here’s an analysis of the data:

1. VGG16 with SGD Optimizer: when used with the SGD optimizer, has shown

an accuracy of 81%. Additionally, it has a precision of 81.61%, an F1 score of

80.90%, and a recall of 80.21%. These values indicate that the model’s performance

is balanced across all metrics and thus, it is reasonably effective in its classifications.
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2. Xception with SGD Optimizer: It has been observed that when trained with the

same SGD optimizer, the Xception model outperforms the VGG16 model in all

metrics. TheXceptionmodel achieved an accuracy of 85.5%, a precision of 85.53%,

an F1 score of 85.44%, and a recall of 85.46%. This suggests that themore advanced

architecture of Xception benefits from the capabilities of the SGDoptimizer, leading

to better overall performance compared to VGG16.

3. Xception with Adam Optimizer: Adam optimizer improves the performance of

the Xception model, achieving the highest scores among the three configurations

with an accuracy of 86.5%, precision of 86.53%, recall of 86.46%, and F1 score of

86.49%.

5.3 New Dataset Extraction

Sections 5.2.1 and 5.2.2 of the document present the results of the best-performing models

for the BreakHis and Yan et al. datasets, respectively. These models were further refined

using an ensemble method applied separately to each dataset. The ensemble method em-

ployed soft voting, allowing the models to leverage the strengths of multiple classifiers to

improve overall prediction accuracy.

1. Extracting Ductal and Lobular Labels on Yan et al. Dataset Using the Ensem-

ble Model Trained on BreakHis

An ensemble model was created by combining the best-performing models previ-

ously identified using the BreakHis [18] dataset, focusing on the classification of

ductal and lobular breast cancer labels. This ensemble model employs a soft voting

technique, which involves aggregating predictions from multiple individual mod-

els and determining the final prediction based on a weighted average. The Yan et

al. [24] dataset, which includes labels for invasive and in situ breast cancer stag-

ing, was used to test this ensemble model. The resulting predictions were stored

in a designated IDC, DCIS, ILC, and LCIS folder, enabling the identification and

classification of ductal and lobular breast cancer labels within the Yan et al. [24]

dataset.

2. Extracting Invasive and In situ Labels on BreakHis Dataset Using the Ensem-

ble Model Trained by Yan et al.
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An ensemble model was created by combining three models trained using the Yan

et al. [24] dataset, which classifies invasive and in situ breast cancer staging labels.

This ensemblemodel also uses the soft voting technique. The BreakHis [18] dataset,

which contains labels for ductal and lobular breast cancer subtypes, was used to

predict this ensemble model. The resulting predictions were stored in a designated

IDC, DCIS, ILC, and LCIS folder, allowing for the identification and classification

of invasive and in situ breast cancer staging labels within the BreakHis [18] dataset.

Throughout the extraction process of the datasets, a binary classification strategy was

utilized to assign labels of either 0 or 1. Images that produced prediction scores between

0 and 0.4 were identified as 0, whereas those with prediction scores ranging from 0.6 to

1 were labeled as 1. Predictions that fell within the 0.4 to 0.6 range were not included in

the classification process due to uncertainty of the model’s prediction probability, as they

did not clearly indicate either class.

Using the first two steps mentioned in Section 5.3, we created a labeled dataset. Figure 5.1

displays dataset details.

Figure 5.1: The new dataset

The bar chart displays the distribution of breast cancer sub-types extracted from two dif-

ferent datasets - one from Yan et al. [24] and another from BreakHis [18]. The sub-types

of breast cancer presented in the chart include IDC, DCIS, ILC, and LCIS.

Each bar on the chart has three sections:

1. Yan et al. [24] Dataset (Red Section): This shows the number of datasets for each

sub-type within the dataset extracted from Yan et al. [24].
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2. BreakHis [18] Dataset (Blue Section): This shows the number of datasets for each

sub-type extracted from the BreakHis [18] dataset.

5.4 Pathologists Evaluation

In order to assess the validity of the newly generated dataset, three expertise pathologists

were enlisted. A total of 80 medical images were selected for evaluation, with a careful

distribution across four subtypes of breast cancer: DCIS, IDC, LCIS and ILC. Each sub-

type was equally represented by 20 images, ensuring a balanced and diverse set for each

pathologist to review. Each pathologist received an identical dataset, which included a

range of cases from each subtype. A variety of cases from each subtype were presented,

aiming to provide a more reliable assessment of the dataset’s performance in capturing the

complexities of breast cancer pathology.

Table 5.3: Pathologists evaluation

Expertise
DCIS (20) IDC (20) LCIS (20) ILC (20)

agree disagree agree disagree agree disagree agree disagree

Pathologist 1 20 0 19 1 5 15 10 10

Pathologist 2 15 5 17 3 17 3 11 9

Pathologist 3 20 0 16 4 20 0 20 0

2 or 3 agreement 20 0 18 2 17 3 15 5

Table 5.3 presents detailed results from the three pathologists based on the four classes.

The table lists the agreement and disagreement of each pathologist with the classification

made by our model. An attempt was made to combine the three pathologists’ agreements

and present the resulting data in the table where any two or all three pathologists agreed.

Through this process, it was found that, out of 80 images, the expertise all agreed on 70 of

them and had different opinions on the other 10 images. This translates to an agreement

percentage of 87.5% with the machine learning algorithm, providing valuable insight into

the level of alignment between the doctors’ opinions and our model’s decisions.

Based on expert results, a 12.5% error rate was indicated on the new dataset. Though

such errors are significant in the medical field, the ability of the approach to generate a

newly labeled dataset using existing labels and to simplify the data collation process by

effectively utilizing an underused dataset has been demonstrated.
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5.5 Breast Cancer Classification with the New Dataset

The new dataset was utilized to categorize various breast cancer subtypes, such as DCIS,

LCIS, IDC, and ILC, using the methodology shown in Chapter 4. The classification pro-

cess involved a stratified cross-validation technique with five folds, allocating four folds

for training and one for validation. Furthermore, unseen test data was separated based on

patient-wise split.

The VGG16 and Xception models were trained for multi-class classification tasks using

categorical cross-entropy as the loss function and SGD optimizer. Notably, hyperparam-

eters such as the learning rate (0.0001), batch size (16), and dropout rate (0.3) were fine-

tuned. The training process spanned 50 epochs to ensure comprehensive learning. After

the training process, a soft voting ensemble technique was used to predict the unseen

dataset.

The results of this approach and configuration are presented in Table 5.4, which summa-

rizes the model’s effectiveness in classifying breast cancer subtypes based on the provided

dataset.

Table 5.4: The new dataset

Evaluation Matrix Classification (%)

Accuracy 76.06

Precision 71.65

Recall 73.29

F1 Score 72.46

According to the expertise results of the analysis, the dataset has an error rate of 12.5%.

It is important to take this into account when interpreting the results, as the presence of

erroneous data can have a significant impact. The mislabeled data in the dataset suggests

that the metrics used underestimate the model’s actual performance.
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5.6 Summary

In this chapter, we have presented and analyzed the results of our experiment aimed at

generating a new labeled dataset. Our methodology, as described in Section 4, consisted

of a series of structured steps to extract data from the BreakHis [18] and Yan et al. [24]

histopathological breast cancer datasets for labeling the DCIS, IDC, LCIS, and ILC breast

cancer subtypes using an automatic dataset labeling method. Our findings show that a

newly labeled dataset can indeed be successfully generated, and we were able to utilize

this dataset to classify breast cancer subtypes, including DCIS, IDC, LCIS, and ILC. To

further validate ourmodel, we randomly selected 80 images from theYan et al. [24] dataset

and had them evaluated by pathologists. The resulting assessment accuracy was 87.5%,

indicating that the newly generated dataset achieved a high level of accuracy according to

expert evaluation.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

The task of classifying breast cancer presents a significant challenge due to the limited

availability of datasets, especially for specific types of breast cancer. Despite the presence

of labeled datasets in various research domains, the scarcity of datasets tailored to distinct

breast cancer types remains a persistent obstacle. This scarcity hinders the effectiveness

of classification efforts for these specific types of breast cancer.

To address this limitation, this research introduces a new approach - creating a new labeled

dataset by using existing datasets dedicated to LCIS, and ILC breast cancer types. We

utilized the BreakHis [18] dataset, which includes labels for ductal and lobular carcinoma,

and the Yan et al. [24] dataset, labeled with invasive and in situ carcinoma, to establish

labels for DCIS, IDC, LCIS, and ILC.

The newly generated dataset was subjected to careful evaluation by three pathologists, re-

vealing an average accuracy of 87.5%. This newly generated dataset was then employed

for the classification of DCIS, IDC, LCIS, and ILC. The innovative dataset creation pro-

cess contributes to overcoming the challenges associated with limited datasets in breast

cancer research, offering a more comprehensive resource for the classification of breast

cancer types.

6.2 Future Work

We were able to generate a new dataset on breast cancer by using the existing dataset.

However, upon expert analysis, it was confirmed that this generated dataset had an error

rate of 12.5%. We recommend that this error rate be reduced by using Vision Transformer,

as it shows promising results in medical applications [64], in the future.
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