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A Novel Deep Feature Extraction Engineering for 
Subtypes of Breast Cancer Diagnosis: A Transfer 

Learning Approach 

 

 

Abstract—Feature extraction from histological images is a 

challenging part of computer-aided detection of breast cancer. 

For this research, we present a novel technique for deep feature 

extraction for breast cancer diagnosis subtypes based on a 

transfer learning approach using the BreaKhis dataset. This 

approach consists of five phases: feature extraction, 

concatenation, transformation, selection, and classification. In 

the first phase, nineteen pre-trained convolutional neural 

networks were used as feature extractors to extract features 

from the input images. A Support Vector Machine was used at 

the feature extraction phase to calculate the misclassification 

rate of each feature generated by the pre-trained networks used. 

The feature extraction results showed that the two networks 

achieved the highest accuracy on the dataset and outperformed 

the other networks. The two networks considered were selected 

and connected to create the DRNet model, combining the pre-

trained networks ResNet50 and DenseNet201. The extracted 

features were decomposed into five sub-hand low-level features 

using a multilevel discrete wavelet transform in the 

transformation phase. An iterative neighborhood component 

analyzer was used to select the minimum number of features 

needed in the classification phase. A cubic support vector 

machine was used as a classifier in the final phase. Average 

classification accuracy of 98.61%, 98.04%, 97.68%, and 97.71% 

for the 40×, 100×, 200×, and 400× magnification levels, 

respectively, was achieved. 

Keywords—feature extraction, histological images, pre-

trained networks, transfer learning 

I. INTRODUCTION 

Breast cancer (BC) disease is an uncontrolled growth of 
cells that gradually spreads to other parts of the body and has 
become one of the world’s leading causes of death among 
women. Reported incidence by World Health Organization 
(WHO) in 2021 shows 2.3 million women population 
diagnosed with BC, and 685 thousand deaths were recorded 
across the globe [1]. Factors such as aging, excessive use of 
alcohol, exposure to radiation, Etc., spread the disease's 
incidence [1]. Pathologists apply visual examination to breast 
cancer images to find the affected region of interest. This 
procedure is slow and time-consuming. Furthermore, the 
procedure depends on the pathologist’s vast experience, which 
requires scanning image tissue under different magnification 

levels of the microscope to find clinical assessment guides that 
produce correct diagnoses. Thus, this process is subjective to 
certain factors, such as fatigue, that influence the outcomes of 
the medical practitioner’s precise image interpretations. Many 
studies have been published and pointed out in the literature 
that an effective method to diagnose breast cancer is to use 
histological images. However, extraction of features from 
histological images is a critical and challenging part of the 
CAD of breast cancer using histopathology images. Recently, 
many fields have benefited from deep learning applications, 
including medical images and feature extractions, especially 
histological ones. However, insufficient medical health 
datasets to train the deep learning model from scratch affected 
its accuracy. Furthermore, data dependency is one of the 
challenging issues in deep learning because it requires a large 
quantity of training data to comprehend and uncover the 
hidden patterns in the data. The novel deep feature extraction 
engineering for subtypes of a breast cancer diagnosis based on 
a transfer learning approach is presented in this paper to 
overcome the stated limitations in deep learning because 
transfer learning utilizes the knowledge of already pre-trained 
convolutional neural networks trained on millions of image 
classification tasks, thereby saving additional computational 
power and resources required to train deep learning models 
from scratch. Based on the obtained results in this research, 
the proposed model outperforms some of the studies in the 
literature and is proving to be very robust at handling deep 
feature extraction from raw histological images of breast 
cancer prior to applying any image processing techniques. 
Thus, it is becoming beneficial to obtain fast and accurate 
results in the early detection of breast cancer subtypes based 
on the feature extraction engineering approach. Additionally, 
the model can serve as a second opinion for medical 
specialists, mainly assisting inexperienced practitioners, 
lowering workload, and improving the objectivity of final 
diagnosis. 

The rest of this paper includes related studies presented in 
section II; materials and methods used to carry out the 
research are presented in section III; section IV presents the 
analysis of the results obtained; and finally, a conclusion in 
section v. 
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II. RELATED STUDIES 

Recently, numerous studies have been published in the 
literature on the diagnosis of breast cancer using microscopic 
biopsies and histopathological images. Most existing studies 
classify the two basic types of breast cancer (i.e., benign and 
malignant) using computer-aided diagnosis tools (CADTs). 

Spanhol et al. [2] presented the Breakhis dataset, which is 
used to diagnose breast cancer based on a histological image. 
Since its publication, this dataset has attracted great interest 
from researchers who want to develop accurate algorithms for 
autonomous classification of histopathological images of 
breast cancer. Spanhol et al.  [3] in another study, presented a 
CNN model trained on the Breakhis image database to 
distinguish histopathological images of breast cancer 
(DeCAF). To train a new classifier, feature vectors were used 
as input. During experimental evaluation, these features were 
a promising alternative for the rapid development of a high-
accuracy BC detection. The accuracy of the proposed model 
was 86.3% at a magnification of 200x and 84.6% at a 
magnification of 40x. Murtaza et al. [4] proposed an ensemble 
tree-based multiclassification of breast tumors using 
histopathology images through Deep Learning. The authors 
evaluated a deep learning model to extract discriminative 
features for multiclassification queries with lower processing 
capacity to achieve more accurate results. An accuracy of 
87.5% was achieved for four subtypes of breast tumors. 
Bayramoglu et al. [5] presented deep learning for 
magnification independent and Multi-task image 
classification models for breast cancer histology. 
Classification was performed using convolutional neural 
networks. The accuracy at the CNN and patient levels was 
83.33 percent and 83.25 percent, respectively. The 
experimental study by Deniz et. [6] proposed a transfer 
learning based histopathology image classification for breast 
cancer diagnosis. In this study, two types of pre-trained CNN 
models were considered. AlexNet is used for feature 
extraction, while Vgg16 was used for fine tuning. The author 
classified the extracted features using SVM classifier. This 
experimental work gave 84.87% accuracy at 40x, 89.21% 
accuracy at 200x, 88.65% accuracy at 300x, and 86.75% 
accuracy at 400x. Chan and Tunszynski [7] used an SVM 
classifier to automatically categorize benign and malignant 
cancers, including subtypes, using the Breakhis image 
database. Their results for multiclass classification at 40X 
magnification gave an accuracy of 0.556%. The experimental 
study of [8] proposed a breast cancer image multi-
classification using random patch aggregation and a depth-
wise convolution-based deep-net model. This study obtained 
a classification accuracy of 89.6% in multiclass classification. 
Das et al. [9] suggested a CNN-based method. They examined 
images from a random number of locations in the tissue 
segment at various magnifications, without the need for 
viewing correspondence across different magnifications, as 
opposed to previous approaches. A majority voting-based 
technique was adopted for slide-level diagnosis. This study 
examined 5-folded cross-validation approach with 58 
malignant and 24 benign incidences of breast cancer, 
respectively. The model's accuracy was determined using 
metric criteria, and a 94.67% accuracy level was achieved. 
Most of the studies in the literature focused more on 
enhancing accuracy using deep learning-based techniques. 

III. MATERIALS AND METHOD 

A. Dataset 

 In this research, the Breakhis image database was used. It 
is a breast cancer image database first introduced by Spanhol 
et al. [2], available free at https://web.inf.ufpr.br/vri/breast-
cancer-database. The datasets consist of 7909 instances of 
histopathology images, collected from 82 patients at P & D 
Lab Brazil, composed of benign and malignant images, each 
of 700×460×3 size. The image database consists of 2480 non-
cancerous images (benign) and 5429 cancerous images 
(malignant) obtained under different microscope 
magnification levels, such as 40×, 100×, 200×, and 400×. The 
image samples were created from biopsy slides of breast tissue 
and stained with H&E (hematoxylin and eosin) under different 
magnification levels. Each of the cancerous and non-
cancerous breast cancer types is further categorized into 
subtypes. All of the images in the database have been encoded 
into RGB channels of 8-bit each, in PNG format. Fig. 1 
illustrates samples of malignant images in the dataset for a 
(40×), b (100×), c (200×), and d (400×).  

 

Fig. 1. Samples of the malignant tumor under different magnification levels 
from the BreaKhis dataset 

 Table I represents information about the distribution of 
images in the Breakhis image database. Its corresponding 
charts are depicted in Fig. 2. 

TABLE I.  DISTRIBUTION OF BREAST CANCER IMAGES IN THE 
BREAKHIS IMAGE DATABASE BASED ON THE LEVEL OF MAGNIFICATIONS 

Classes Sub-classes 40× 100× 200× 400× Total 

Benign Adenosis  (A) 114 113 111 106 444 
 Fibroadenoma  

(F) 
253 260 264 237 1014 

 Phyllodes  
(Tumor) 

109 121 108 115 453 

 Tubular  
(Tumor) 

149 150 140 130 569 

Malignant Ductal 
carcinoma 

(DC) 

864 903 896 788 3451 

 Lobular 
carcinoma 

(LC) 

156 170 163 137 626 

 Mucinous 
carcinoma  

(MC) 

205 222 196 169 792 

 Papillary 
carcinoma 

(PC) 

145 142 135 138 560 

Total 8 Sub-classes 1995 2081 2013 1820   
7909 
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B. Experimental Setup 

This section of the paper describes the configuration of the 
model that has been presented. The suggested DRNet-based 
feature extraction of breast cancer images from the Breakhis 
dataset model is coded in the MATLAB 2021b programming 
environment as shown in Table II.   

TABLE II.  THE SPECIFICATIONS OF THE COMPUTER THAT WAS 
UTILIZED TO EXPERIMENT ON THE DATASET 

Hardware/Software 

Configuration 

Attributes 

CPU Intel @i9 9th generation 
RAM 48 GB 
HDD 512 GB 

Operating system Windows 10.1 Pro 
Programming 

environment 

MATLAB-Based (2021b) 

 

 

Fig. 2. Analysis of the bening and malignant subtypes in the Breakhis 
dataset 

C. Feature Extraction Phase 

Transfer learning-based feature extraction from raw image 
databases is the first phase of the proposed model framework, 
as shown in Fig. 3. The breakhis dataset's original image size 
is 700 × 460 ×3 dimensions. There is variation in the size of 
the input images among the pre-trained networks, ranging 
from 224 × 224 to 229 × 229. To address mismatching 
problems while passing images to the networks, all the input 
images from the Breakhis dataset were rescaled to 224 × 224 
dimensions for uniformity and accepted as input images. The 
default number of output layer classes in the pre-trained was 
replaced with the new eight (8) classes of output layer adapted 
to the dataset. Other parameters, such as the learning rate, 
were employed using their default values. The features were 
extracted using these CNNs. As a result, after pre-processing 
the image, the first step is to simplify it by extracting critical 
information and discarding non-essential data. This process 
simplifies and accelerates the process of identifying images 
based on their features. In this process, the proposed DRNet 
model considers nineteen (19) pre-trained networks such as 
ResNet50 [10], ResNet101 [10], ResNet18 [[10], Vgg16 [11], 
Vgg19 [11], AlexNet [11], DarkNet19 [12], DarkNet53 [12], 
Mobilenetv2 [13], Nasnetlarge [14], Nasnetmobile[14], 
Xception[15], InceptionResNetTv2[16], EfficientnetB0 [17], 
Shufflenet[18], Inceptionv3[19], Densenet201[20], 
Googlenet [21], and Squeeznet[22], denoted by N1....N19, 
were utilized as feature extractors. The raw input images were 
fed to feature extraction algorithms. 

TABLE III.  DEEP FEATURE EXTRACTIONS BASED ON MAGNIFICATION 
LEVELS 

Magnification 

levels 

Used 

classifier 

Number of extracted features 

40× SVM 369 

100× SVM 392 

200× SVM 643 

400× SVM 346 

 

 

Fig. 3. A framework of feature extraction process using the pre-trained 
CNNs. 

The convolutional neural network will then learn the 
features of the images in the convolutional layers of the pre-
trained networks. The extraction algorithms produced the 
final feature vectors that contained all the lists of features 
F1...F19. The learned features will then be passed to the fully 
connected layer of the network for classification. Then, the 
best two performing feature vectors were selected based on 
the calculated SVM's loss values. Fig. 4 shows the 
performance accuracy of these networks. The extracted 
features can then be input into an SVM for classification. 
Table VII shows the number of extracted features based on 
the magnification levels. 
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Fig. 4. Performance of the used pre-trained CNNs used for feature 

extractions on Breakhis dataset 

D. Feature Transformation Phase 

In image processing, various strategies effectively extract 
relevant information for analytical purposes. One sort of 
image processing technology that falls under this category is 
transformation. Examples of transformation techniques are 
Hilbert, Fourier, Radon, and wavelet transform [23]. In this 
work, we utilize a multilevel discrete wavelet transform to 
decompose the extracted images in the Breakhis image 
database into five (5) low-level sub-hand images, as depicted 
in Fig. 5. 
 

 
Fig. 5. The proposed DRNet model for deep feature extractions of benign 

and malignant BC subtypes 

E. Feature Selection Phase 

The challenge with microscopic datasets is high 
dimensionality, resulting in poor generalization and a long 
execution time, necessitating feature selection [24]. The most 
exciting concept in selecting features adopted in this study is 
eliminating the extracted features that are no longer relevant 
in the classification task, thereby saving additional resources. 
There are various feature selection algorithms in the literature, 

including PSO, PCA, and relief-based. This study utilized 
iterative neighborhood component analysis (INCA) to choose 
the minimum number of features as a feature selector. It was 
first presented in the study of Tuncer et al [25] a variant of 
PCA to overcome redundancy and the failure to generate the 
optimal number of features in the PCA working mechanism. 
INCA-based feature selection is illustrated in Fig. 5. 

F. Classification Phase 

Classification of BC subtypes is one of the most 
challenging tasks due to similarity and the high number of 
features among the various subtypes of histopathological BC 
images, making it challenging to have an accurate class 
prediction for different cancer subtypes. According to 
Sotiriou et al. [26], different cancer subtypes respond to 
different treatments. The authors further suggested that it is 
crucial to classify the cancer disease so that patients can 
receive more precise and decent treatment while also saving 
medical costs associated with an unneeded diagnosis. 
Support vector machines, naive bayes, and k-nearest 
neighbor are the most frequently utilized approaches in 
cancer classification problems [24]. In this study, Cubic-
SVM was adopted to classify the extracted features into 
different subtypes of benign and malignant BC. 

G. Performance Measure Evaluations 

The performance of the proposed DRNet model is 
evaluated in terms of accuracy, precision, sensitivity (recall), 
and F1 score metrics as defined by equations "(1)" to "(4)", 
based on the confusion matrix obtained in the classification 
phase. The confusion matrix acquired will help to measure 
the overall model performance for the four (4) levels of 
magnification (40×, 100×, 200×,400×) on the Breakhis 
dataset. The terms "true positive" (TP) and "true negative" 
(TN) values utilized in this study represented the number of 
malignant histopathological instances in the breakhis image 
database, correctly classified as malignant (cancerous). At the 
same time, TN refers to the number of benign (non-
cancerous) correctly identified by the model as benign. The 
terms "false positive" (FP) and "false negative" (FN) were 
used to describe the number of benign and malignant 
histopathological instances that were wrongly classified as 
benign and malignant by the model, respectively. The term 
"n(T)" is the number of actual cases in a class, while "n(C)" 
is the number of classified cases in a class, as adopted in this 
study. 
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IV. RESULTS AND DISCUSSION 

Table III shows that the proposed DRNet model-based 
deep feature extractions yield an average classification 
accuracy rate of 98.61%, a precision of 93.4%, a recall of 
94.75%, and an F1 score of 94.0, respectively, at a 40× 
magnification level to classify eight (8) subtypes of benign 
and malignant images from the Breakhis image database using 
an SVM classifier. In this process, For the classification 
accuracy, 1-all and 5-fold cross-validation were adopted to 
obtain the maximum accuracy. INCA was also utilized to 
select 369 low-level features from the Breakhis image 
database for eight (8) subtypes of benign and malignant breast 
cancers, then classified using an SVM classifier. 

TABLE IV.  DRNET MODEL EVALUATION RESULTS FOR 40× 
MAGNIFICATION LEVEL USING THE CUBIC-SVM CLASSIFIER 

Class n(T) n(C) Acc 

(%) 

Pr 

(%) 

Re 

(%) 

F1 

Score 

(%) 

A 115 114 99.85 99.0 98.0 99.0 

F 878 864 95.49 96.0 94.0 95.0 

TA 261 253 99.20 98.0 95.0 97.0 

PT 155 156 96.44 77.0 77.0 77.0 

DC 202 205 99.45 97.0 98.0 97.0 

LC 136 145 99.35 92.0 99.0 95.0 

MC 101 109 99.40 91.0 98.0 94.0 

PC 

 

Average 

147 
- 

149 
- 

99.70 
 
98.61 

97.0 
 
93.4 

99.0 
 
94.75 

98.0 
 
94.0 

 

Table IV shows that the proposed DRNet model-based 
deep feature extractions attained an average classification 
accuracy rate of 98.04%, a precision of 91.0%, a recall of 
91.75%, and an F1 score of 91.25%, respectively, at a 100× 
magnification level, to classify eight (8) subtypes of benign 
and malignant images from the Breakhis image database using 
an SVM classifier. 

TABLE V.  DRNET MODEL EVALUATION RESULTS FOR 100× 
MAGNIFICATION LEVEL USING THE CUBIC-SVM CLASSIFIER 

Class n(T) n(C) Acc  

(%) 

Pr  

(%) 

Re(%) F1 

Score 

(%) 

A 115 113 99.62 97.0 96.0 96.0 
F 253 260 98.51 93.0 95.0 94.0 
TA 118 121 98.99 90.0 92.0 91.0 
PT 153 150 99.28 96.0 94.0 95.0 
DC 927 903 94.62 95.0 93.0 94.0 
LC 168 170 95.77 74.0 74.0 74.0 
MC 207 222 98.32 89.0 95.0 92.0 
PC 

 

Average 

140 
- 

142 
- 

99.23 
 
98.04 

94.0 
 
91.0 

95.0 
 
91.75 

94.0 
 
91.25 

 

INCA was also utilized to select 392 low-level 
features from the Breakhis image database for eight (8) 
subtypes of benign and malignant breast cancers, then 
classified using an SVM classifier. 
 
Table V shows that the proposed DRNet model-based 

deep feature extractions produced an average classification 
accuracy rate of 97.68%, a precision of 88.63%, a recall of 
90.0%, and an F1 score of 89.38%, respectively, at a 200× 
magnification level, from the confusion matrix obtained, as it 
was used to classify eight (8) subtypes of benign and 

malignant images from the Breakhis image database using an 
SVM classifier 

TABLE VI.  DRNET MODEL EVALUATION RESULTS FOR 200× 
MAGNIFICATION LEVEL USING CUBIC-SVM CLASSIFIER ON BREAKHIS 

Class n(T) n(C) Acc 

(%) 

Pr 

(%) 

Re(%) F1 

Score 

(%) 

A 112 111 99.65 97.0 96.0 97.0 
F 263 264 97.57 91.0 91.0 91.0 
TA 104 108 98.41 83.0 87.0 85.0 
PT 140 140 99.30 95.0 95.0 95.0 
DC 920 896 93.84 94.0 92.0 93.0 
LC 151 163 95.43 68.0 74.0 71.0 
MC 193 196 98.36 91.0 92.0 92.0 
PC 

 

Average 

130 
- 

135 
- 

98.86 
 
97.68 

90.0 
 
88.63 

93.0 
 
90.0 

91.0 
 
89.38 

 
For the classification accuracy, 1-all and 10-fold 

cross-validation were adopted to obtain the maximum 
accuracy. INCA was also utilized to select 643 low-level 
features from the Breakhis image database for eight (8) 
subtypes of benign and malignant breast cancers, then 
classified using an SVM classifier. 

 
Table VII shows that the proposed DRNet model-

based deep feature extractions yield an average 
classification accuracy rate of 97.71%, a precision of 
88.5%, a recall of 89.9%, and an F1 score of 89.25%, 
respectively, at a 400× magnification level, to classify 
eight (8) subtypes of benign and malignant images from 
the Breakhis image database using an SVM classifier. Fig. 
5.10 shows the graphical representation of the results 
obtained, based on the performance measure evaluations 
defined in equations” (1) “to “(4)”. 

TABLE VII.  DRNET MODEL EVALUATION RESULTS FOR 400× 
MAGNIFICATION LEVEL USING THE CUBIC-SVM CLASSIFIER 

Class n(T) n(C) Acc 

(%) 

Pr 

(%) 

Re 

(%) 

F1 Score (%) 

A 111 106 99.18 95.0 91.0 93.0 
F 237 237 98.35 94.0 94.0 94.0 
TA 113 115 98.46 87.0 88.0 88.0 
PT 133 130 99.29 96.0 94.0 95.0 
DC 814 788 93.74 94.0 91.0 93.0 
LC 126 137 95.44 66.0 71.0 68.0 
MC 159 169 98.35 88.0 94.0 91.0 
PC 

 

Average 

127 
- 

138 
- 

98.85 
 
97.71 

88.0 
 
88.5 

96.0 
 
89.9 

92.0 
 
89.25 

 
For the classification accuracy, 1-all and 10-fold cross-

validation were adopted to obtain the maximum accuracy. 
INCA was also utilized to select 346 low-level features from 
the Breakhis image database for eight (8) subtypes of benign 
and malignant breast cancers, then classified using an SVM 
classifier. In summary, we can observe that for the 40× 
magnifications level, DRNet_SVM the model attains an 
average classification accuracy rate of 98.61% in identifying 
different subtypes of (A), (F), (TA), (PT) for benign and (DC), 
(LC), (MC), (PC), for malignant, respectively, BC 
histopathological images in the breakhis dataset based on the 
extracted features. For the 100× magnification, DRNet_SVM 
attains an average classification accuracy rate of 98.04% 
compared to the 98.61.71% attained at 40×, this means, SVM 

Authorized licensed use limited to: ULAKBIM UASL - Maltepe University. Downloaded on June 23,2022 at 09:09:29 UTC from IEEE Xplore.  Restrictions apply. 



slightly performs better at classifying each of the subtypes of 
benign and malignant based on the extracted features. For the 
200× magnification, DRNet_SVM produced a classification 
accuracy rate of 97.68% when compared with the 97.71% 
accuracy attained at 400×, this also shows that SVM slightly 
performs better at classifying each of the extracted features in 
the data. Table VII shows the number of extracted features by 
the pre-trained networks. 

 

Fig. 6. A graphical representation of the performance measure evaluation 
results of the SVM classifier. 

A comparison of the proposed DRNet model with its prior 
state-of-the-art counterpart studies explored in the literature 
on breakhis data is presented in Table VIII Based on the 
obtained results presented in this study, the DRNet model 
outperformed other methods in all performance measure 
evaluations, The DRNet model has the highest classification 
accuracy under all magnification levels. Thus, it is proving to 
be very robust at extracting features of raw histopathological 
images from the breakhis dataset compared to some of the 
studies explored in the literature. 

TABLE VIII.  COMPARISON OF THE PROPOSED DRNET MODEL 
WITH OTHER STATE-OF-THE-ART STUDIES 

References Dataset Model Accuracy 
(%) 

Spanhol et 

al. [2] 

Breakhis Benign and 
Malignant 
classification 

83±0.125 

Spanhol et 

al. [3] 

Breakhis 
40× 
100× 
200× 
400× 

Deep feature 
extraction using 
Decaf, a variant 
of AlexNet 

 
84.6±2.9 
84.8±4.2 
84.2±1.7 
81.6±3.7 

Deniz et al. 

[6] 

Breakhis           
a. 40× 
                          
b.  100× 
                           
c. 200× 
                           
d. 400× 

Fine-tuned 
AlexNet 

90.96±1.5 
90.58±1.96 
91.37±1.72 
91.30±0.74 

Bayramoglu 

et al. [5] 

Breakhis       
a. 40× 
                      
b. 100× 
                      
c. 200× 
                      
d.  400× 
                      

Deep learning 
model for 
magnification 
independent 

83.08±2.08 
83.17±3.51 
84.63±2.72 
82.10±4.42 
 

Murtaza et 

al. [4] 

Breakhis A tree-based 
multiclassifcation 

83.33 

Proposed 

DRNet 

model 

Breakhis 
40× 
100× 
200× 
400× 

A combined 
ResNet50 and 
DenseNet201 
with SVM 
classifier 

98.61 

98.04 

97.68 

97.71 

 
 

 

V. CONCLUSIONS 

In this research paper, we presented a novel deep feature 
extraction DRNet model to classify different categories of 
breast cancer using the Breakhis dataset. We also 
demonstrated the potential of the transfer learning approach 
for feature extraction by utilizing the knowledge of an already 
pre-trained convolutional neural network with minimum 
resources and less computing power to extract the most 
relevant features needed to carry out the classification of BC 
subtypes. Based on the obtained results, our proposed model 
outperforms some of the studies pointed out in the literature. 
The approach is robust at handling deep feature extraction 
from raw histological images of breast cancer before applying 
any image processing techniques. Thus, the proposed model 
enables medical experts to obtain fast and accurate results and 
to know the treatments needed for different breast cancer 
subtypes in their early stages, thereby saving additional 
women's lives and resources. 
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