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Abstract 

Breast cancer is one of the most common types of cancer that affects women globally and it is the primary 

cause of death. Early detection of breast cancer is a vital process that can facilitate appropriate treatment, 

stop the progression of cancer cells, and reduce morbidity and mortality. Artificial Intelligence (AI) and 

Machine Learning (ML) are the most popular methods that can be used to detect and classify breast cancer 

accurately. In this paper, a new strategy for classifying breast cancer using Neutrosophic Techniques (NTs) 

and machine learning techniques is introduced, which is called Breast Cancer Classification Strategy (BC2S). 

The proposed BC2S consists of two phases, which are; Data Preprocessing Phase (DP2) and Breast Cancer 

Classification Phase (BC2P). The main aim of the data preprocessing phase is to; (i) extract features from 

mammogram images and then remove the outlier items, (ii) select the most effective and informative features 

from those extracted features using new feature selection method called Efficient Ant Colony Optimization 

(EACO), and (iii) convert the selected features from classical domain into neutrosophic domain using NTs to 

give accurate classification through the next classification phase BC2P. The proposed classification model 

uses Deep Neural Network (DNN) to determine whether the patient is normal or infected with benign or 

malignant cancer. According to experimental results, the proposed strategy outperforms other competitors in 

terms of accuracy, precision, recall, and F-measure. 

Keywords: Breast classification, Artificial Intelligence, Feature Selection, Neutrosophic Techniques, Deep 

Neural Network. 

1. Introduction  

Breast cancer is the most dangerous type of cancer that affects women. According to the American Cancer 

Society (ACS), new cases for 2021 will be 284,200 in the United States and the estimated number of death 

will be 44,130 [1]. Every year, at least 1.67 million cases of invasive breast cancer are detected worldwide, 

and about 522,000 deaths, so breast cancer represents a grave healthcare problem [2]. Hence, detection and 

classification of breast cancer at early stage is a vital process to prevent the spread of cancer cells as well as 

helping patients to take the treatment, thus saving many lives. Various medical imaging techniques are 

available to detect breast cancer [3]. These techniques are Magnetic Resonance Images (MRI), Positron 

Emission Tomography (PET), Thermography (Thermal Imaging) Ultrasound imaging (Sonography), and 

Mammography as illustrated in figure 1.

Magnetic Resonance Images (MRI) are employed for diagnosing breast cancer. MRI images are performed 

using radio waves and magnetic fields to produce extremely defined cross sections images [4]. Although it is 

the best choice for women who have high risk factor for breast cancer, it is not suitable for patients with 



metallic devices such as bullets, shrapnel, and surgical clips. Also, MRI machine makes some people 

uncomfortable [4]. For a PET scan, a radioactive substance called Fluoro Deoxy Glucose (FDG) is injected 

into the arm vein to separate the tissues. The most radioactive sugar is consumed by the harmful tissues, which 

are the most active cells. Due to an abnormal increase in glucose metabolism, PET has the ability to detect 

malignant pathology. But, there are many disadvantages of PET scan such as being very expensive, slow, and 

not accurate enough [5].  

Thermography (Thermal Imaging) is an infrared scan in which an image is performed by mapping the variation 

of temperature over the breasts. Although thermography is painless, fast, safe, and non-invasive, there is no 

evidence to support its effectiveness. [6]. For ultrasound imaging (Sonography), it utilizes sound waves for 

the inner assessment of the body part. The main advantages of ultrasound imaging are the absence of radiation 

and it is a painless technique. However, it cannot completely cover the breasts and also has poor resolution 

[7]. 

Mammography is an X-ray examination. It is the most popular way used to screen breast cancer, however, it 

suffers from; (i) a false-negative mammogram looks normal even though breast cancer is present, (ii) a false-

positive mammogram looks abnormal even though there is no cancer in the breast, and (iii) periods of waiting 

when additional examinations are required. Therefore, it is important to improve the sensitivity and specificity 

of any imaging technique used for detecting breast cancer by reading them more than once by different 

radiologists [8]. Double reading leads to high costs for patients and needs experienced radiologists [8]. Hence, 

another assist to accurately detect breast cancer should be used such as the use of artificial intelligence. Table 

1 shows a brief comparison between various imaging techniques. 

Artificial intelligence (AI) has proven to be an efficient tool in healthcare applications. AI techniques are 

becoming faster, smaller, and more robust over time. These developments are considered the engine of AI to 

solve complex problems in many fields especially in the medical field [9]. Hence, AI is the best choice for 

Breast Cancer Imaging Techniques 

MRI Thermograph 

1 5

Mammography 
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radiologists and pathologists for disease detection. ML or AI uses the concept of programming to learn how 

to perform a task automatically. By following this concept, it becomes more efficient and accurate over time. 

Actually, all ML techniques work in the same way. First, they receive the input training data to build a 

mathematical model. This mathematical model is based on the input training data. Then, use this mathematical 

model to solve the problem at hand [10]. Several techniques based on AI and ML have been developed to 

detect and classify breast cancer [11-15]. However, they cannot introduce the required accuracy and they are 

more complex.  

Neutrosophy is a branch of philosophy which is an extension of fuzzy sets [16].  Neutrosophy is applied in 

many applications to solve the problem of uncertainty and indeterminacy. Actually, there are many approaches 

to neutrosophy includes neutrosophic set theory, neutrosophic logic, neutrosophic probability, and 

neutrosophic statistics [16,17]. These approaches have proven their superiority in the medical field [18-20]. 

Neutrosophy set (NS) is considered as a generalization of the classic set, interval valued fuzzy set, fuzzy set, 

interval valued intuitionistic fuzzy set, and the intuitionistic fuzzy set where each element is defined by a 

degree of membership, indeterminacy, and non-membership [16,17]. Actually, using neutrosophic techniques 

provides more information than fuzzy classifiers. 

This paper focuses on introducing a new Breast Cancer Classification Strategy (BC2S) to detect and classify 

breast cancer based on neutrosophic techniques using mammogram images. The proposed strategy consists of 

two phases, which are; i) Data Preprocessing Phase (DP2), and ii) Breast Cancer Classification Phase (BC2P). 

Through DP2, historical breast cancer patient’s data are collected. Then, four main processes are performed 

which are; feature extraction, outlier rejection, feature selection, and applying neutrosophic techniques to 

transform the selected features into neutrosophic domain. Firstly, the features are extracted from the input 

mammogram images using Grey Level Co-occurrence matrix (GLCM). Then, hasted data that has a very 

exponential behavior compared to the others should be rejected. Moreover, to promote the classification 

accuracy and reduce time complexity, the redundant features should be removed and select only the most 

Disadvantages Advantages Procedure Imaging Techniques 

 It is not suitable for 
patients with metallic 
devices. 

 The MRI machine 
makes some people 
uncomfortable. 

 It is suitable for women 
who have high risk 
factor for breast 
cancer. 

MRI images are performed using 
radio waves and magnetic fields. 

Magnetic Resonance (MRI) Imaging 

 High expensive, slow, 
and not accurate 
enough.  

 Able to detect 
malignant pathology. 

In PET scan, fluoro Deoxy 
Glucose (FDG) is infused into an 
arm vein to separate between 
tissues. 

Positron Emission Tomography (PET) 

 No evidence to prove 
its effectiveness. 

 Safe, fast, painless and 
non-invasive. 

Thermography is an infrared 
scan maps the variation in 
temperature over the breasts and 
afterward, the image is formed. 

Thermography ( Thermal Imaging) 

 Cannot completely 
cover the breasts 

 Poor resolution. 

 Absence of radiation 
 Safe and painless. 

In ultra-Sound imaging, the 
images were performed using 
sound waves. 

Ultrasound imaging (Sonography) 

 It suffers from false 
positive and false 
negative. 

 It doesn't prevent 
breast cancer, but they 
can save lives by 
finding breast cancer 
as early as possible. 

Mammography is an X-ray 
examination for breast cancer. 

Mammography 

Table 1: A brief comparison between various imaging techniques. 



effective and significant features using Efficient Ant Colony Optimization (EACO). EACO is a new proposed 

feature selection method that combines between Binary Ant Colony Optimization (BACO) and crossover 

strategy. In fact, using BACO can provide accurate subset selection, but it falls into the local optimum. Hence, 

crossover strategy is applied to solve the problem of limited search space by producing new ant.  Consequently, 

EACO can select the most effective subset of features as; (i) it can provide accurate selection by using BACO 

as a wrapper method, and (ii) it can solve the problem of limited search space of Ant Colony Optimization  

(ACO) by the using the crossover strategy. Finally, neutrosophic techniques are applied to convert those 

selected features from classical domain into neutrosophic domain by extracting three components which are; 

membership degree (or T), indeterminacy degree (or I), and non-membership degree (or F) for each selected 

feature. Then, the most robust component of these three components which is membership component is used 

to provide better classification.  

During the second phase (e.g. BC2P), the most robust and efficient component from these three components 

for each feature namely membership component is used to train the proposed classification model. In this 

paper, Deep Neural Network (DNN) is used to detect and classify breast cancer patients. DNN is an artificial 

neural network with multiple hidden layers between input layer and output layer. DNN is an effective tool 

used in many applications especially in the medical field. Hence DNN can detect and classify breast cancer 

patients accurately as; (i) it depends on the most robust neutrosophic component for each selected feature, (ii) 

it has the ability to work with insufficient knowledge, and (iii) it not only follows an algorithm, but it can also 

predict a solution to a task and draw conclusions based on previous experience. Experimental results have 

shown that the proposed model outperforms other competitors as it provides the best classification accuracy. 

The rest of the paper is organized as follows; Section 2 provides the previous efforts about breast cancer 

patients’ classification. Section 3 focuses on the proposed Breast Cancer Classification Strategy (BC2S). 

Experimental results are introduced in section 4. Finally, conclusions are presented in section 5. 

2. Related Work 

During this section, the previous efforts to classify breast cancer patients were discussed. In [21], an automatic 

breast cancer classification method was proposed. The proposed method depended on deep feature fusion and 

enhanced routing called Feature Extraction BreaKHis CapsNet (FE-BKCapsNet). In fact, the proposed FE-

BKCapsNet consists of two networks, called Convolutional Neural Network (CNN) and Capsule Network 

(CapsNet). CNN was used to highlight semantics, while Capsule Network (CapsNet) focused on detailed 

information about the position and posture. The proposed FE-BKCapsNet passes through two steps. Firstly, 

convolution features and capsule features were extracted simultaneously. These features were combined into 

new capsules to create more discriminative features. Then, the routing coefficients were optimized indirectly 

and adaptively by adjusting the loss function and incorporating the routing process into the overall 

optimization process. Experimental results in [21] demonstrated that the proposed model achieved the highest 

classification accuracy in detecting malignant breast cancer. 

As illustrated in [22], a novel Deep Learning Framework (DLF) to detect and classify breast cancer in early 

stage was developed. DLF based on the concept of transfer learning. The proposed DLF was implemented in 

two steps. In the first step, the image features were extracted using different pre-trained CNN architectures, 



namely; GoogLeNet, Visual Geometry Group Network (VGGNet), and Residual Networks (ResNet). Then, 

these extracted features were used to feed a fully connected layer to classify malignant and benign cells using 

average pooling classification. Results in [22] proven that the proposed DLF outperforms all other deep 

learning architectures for detecting and classifying breast tumors in terms of accuracy. 

As presented in [23], a new Deep Learning (DL) based model was proposed to distinguish between cancer and 

normal cases using mammogram images. The proposed DL model uses Convolutional Neural Network (CNN) 

architecture based on simplified feature learning and fine-tuned classifier model. Actually, the proposed DL 

model aims to, (i) evaluate the applicability of different feature learning models, and (ii) enhance the learning 

ability of the DL models using various CNN architectures for diagnosing of breast cancer accurately. The 

experimental results in [23] proven the efficiency of the proposed DL model in terms of accuracy, sensitivity, 

specificity, and precision in which it provides about 92.84%, 95.30%, and 96.72% respectively. 

In [24], a new method for detecting the immunohistochemical response of breast cancer was proposed. The 

proposed method works by finding heterogeneous thermal patterns in the target area. Firstly, ResNet-50 pre-

trained model was used to extract deep high dimensional features from low-rank thermal matrix approximation 

using sparse principal component analysis. Then, a trained Sparse Autoencoder (SA) was used to reduce the 

dimensions of these features to 16 latent space thermal features. Finally, Random Forest (RF) was used to 

perform the classification process using these features. The experimental results in [24] shown that the 

proposed model (ResNet-50-SARF) was performed well. 

As deposited in [25], a Patch-Based Classifier using Convolutional Neural Network (PBC-CNN) was 

proposed. PBC-CNN was used for classifying breast cancer into 4-classes which are; normal, benign, in situ 

and invasive carcinoma. Actually, the proposed PBC-CNN was implemented in two different modes, One 

Patch in One Decision (OPOD) and All Patches in One Decision (APOD). OPOD mode was used to predict 

the class label of each patch. While, in APOD mode, for each extracted patch, the class label was extracted as 

done in OPOD. Then, the final decision about the class label of the image was taken by using a majority voting 

scheme. According to results in [25], the proposed OPOD mode achieved a patch-wise classification accuracy 

of 77.4% for 4 and 84.7% for 2 classes respectively, while APOD technique achieved an image-wise 

classification accuracy of 90% for 4-class and 92.5% for 2-class classification respectively. 

In [26], an improved Random Forest (RF) based Rule Extraction (RFRE) method was developed for breast 

cancer diagnosis. RFRE was used to perform accurate and interpretable classification rules from a decision 

tree ensemble. Firstly, RF was used to build a large number of decision trees models to generate a large number 

of decision rules. Then, a rule extraction approach was developed to separate the decision rules from trained 

trees. At last, an improved multi-objective evolutionary algorithm was used to search for an optimal base 

predictor in which the constituent rule set is the best trade-off between accuracy and interpretability.  

As illustrated in [27], a new method using pre-trained Deep Residual Network (DRN) model and Support 

Vector Machine (SVM) was proposed. DRN-SVM was used to detect and classify benign and malignant breast 

tumors using ultrasound images. The proposed DRN-SVM was proposed to reduce the physician effort and 

improve the classification performance. Firstly, pre-trained DRN was used to extract image features from the 

convolutional layer of the trained network. Then, SVM with a sequential minimal optimization solver was 

https://www.sciencedirect.com/topics/computer-science/convolutional-neural-network
https://www.sciencedirect.com/topics/medicine-and-dentistry/carcinoma-in-situ
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utilized to classify these extracted features. The proposed DRN-SVM was applied to 2099 unlabeled 2D breast 

ultrasound images. Results in [27] proven the potential applicability of the proposed approach to detect and 

classify benign and malignant breast tumors. 

As presented in [28], a Support Vector Machine (SVM) based diagnosis system for breast tumor detection 

was developed. The proposed diagnosed system called Principle Component Analysis (PCA) based 

Differential Evolution (DE) algorithm and SVM (PCA-DESVM). The proposed PCA-DESVM system 

consists of three main steps. In the first step, the redundant information was removed from the original data 

and informative patterns were extracted using PCA. Then, the optimal values for SVM parameter were tuned 

using DE algorithm. At last, SVM was used to differentiate between the incoming tumors. In the above 

literature, the proposed breast cancer classification techniques advantages and disadvantages have been 

summarized in table 2. All these previous proposed methods used various techniques to diagnosis breast cancer 

at early stages. 

Classification Methods Description Advantages Disadvantages 

Feature Extraction BreaKHis 
CapsNet (FE-BKCapsNet) [21] 

FE-BKCapsNet consists of two 
networks called CNN and 
Capsule Network (CapsNet). 
CNN was used to extract deep 
features, while CapsNet was 
used to extract capsule 
features.  

CNN-CapsNet has the ability to 
detect malignant tumors from 
breast cancer efficiently. 

It is very time-consuming to 
classify breast tumor based on 
capsule features and 
convolution features. 

Deep Learning Framework (DLF) 
[22] 

DLF is used to detect and 
classify breast cancer in early 
stage. In DLF, features are 
extracted using three different 
CNN architectures then; these 
features are used to feed a 
fully connected layer for 
classification.  

Transfer learning allows the 
training of data with fewer 
datasets and requires less 
calculation costs. 

One of the biggest limitations to 
transfer learning is the problem 
of overfitting. 

Deep Learning (DL) model [23] 

DL model is used to distinguish 
between cancer and normal 
cases on mammogram using 
CNN architecture. 

CNN has the ability to classify 
breast cancer accurately.  

This method is slow. 

The proposed ResNet-50 based 
on a Sparse Autoencoder and 
Random Forest (ResNet-50-
SARF)[24] 

ResNet-50-SARF is a new 
method that was used to 
Detect Vasodilation as a 
Potential Diagnostic 
Biomarker in Breast Cancer 
Using Deep Learning-Driven 
Thermomics. 

This method addressed one of 
the biggest challenges in high-
dimensional deep feature 
selection, which selected the 
best representative deep 
thermomics from high-
dimensional features extracted 
from a pre-trained deep neural 
networks model. 

This method cannot provide the 
optimal accuracy. 

Patch-Based Classifier using 
Convolutional Neural Network 
(PBC-CNN) [25] 

PBC-CNN is used for 
automatic classification of 
breast cancer into 4 classes. It 
consists of two mode; OPOD 
and APOD. 

OPOD mode cannot give the 
optimal accuracy. 

This method is slow. 

Improved Random Forest (RF) 
based Rule Extraction (RFRE) 
[26] 

RFRE is used to perform 
accurate and interpretable 
classification rules from a 
decision tree ensemble. RFRE 
consists of IRF that was used 
was used to create the 
abundant decision rules and 

Data normalization is not 
required as it uses a rule-based 
approach. 

RFRE cannot give the optimal 
accuracy. 

Table 2: a brief comparison of the current breast cancer classification methods. 
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RE that was developed to 
separate the decision rules 
from trained trees. 

Deep Residual Network model 
and Support Vector Machine 
(DRN-SVM) [27] 

DRN-SVM is used to detect 
and classify benign and 
malignant ultrasound breast 
tumors images. DRN-SVM 
consists of DRN that was 
used for feature extraction 
and SVM that was used to 
classify extracted features.  

SVM is more effective in high 
dimensional spaces. 

SVM requires long training time 
for large datasets 

Principle Component Analysis 
(PCA) based Differential 
Evolution (DE) algorithm and 
SVM (PCA-DESVM) [28] 

PCA-DESVM was used for 
breast tumor detection. Firstly, 
PCA was used to extract 
informative patterns from 
original data then; DE was 
used to tune SVM parameter 
that was used to differentiate 
between the incoming tumors. 

PCA-DESVM has the ability to 
classify breast tumor 
accurately. 

The proposed PCA-DESVM is 
slow 

3. The proposed Breast Cancer Classification Strategy (BC2S) 

Breast cancer is the most dangerous disease that women face. As a result, automatic medical diagnosis has 

become extremely important, particularly when a quick, correct, and accurate decision is required. [29-31]. In 

this section, the proposed Breast Cancer Classification Strategy (BC2S) will be explained in detail. The main 

target of the automatic system is to reduce human errors. Human errors resulted from many reasons such as; 

low experience of radiologists, or errors resulted from image interference, noise, blurring, etc. Consequently, 

using an automatic system will help to avoid these errors as well as reduce costs and reduce time, thus, saving 

many patients [32]. As shown in figure 2, the proposed BC2S is composed of two phases. These phases are; 

Data Preprocessing Phase (DP2) and Breast Cancer Classification Phase (BC2P). The main aim of DP2 is to 

extract a set of features, reject outlier items, and eliminate redundant features. Then, neutrosophic technique 

is applied to the filtered features to provide efficient data for the next phase. In BC2P, a robust, fast, and 

accurate classification process is performed using Deep Neural Network (DNN). 

3.1.Data Preprocessing Phase (DP2) 

The main objective of the Data Preprocessing Phase (DP2) is to clean and filter the patient data. To achieve 

this goal, DP2 consists of three stages. These stages are; feature extraction stage, feature selection stage, and 

neutrosophic stage. The details of each stage will be explained in the following subsections. 

3.1.1. Feature Extraction Stage  

Feature Extraction (FE) is the process of transforming the input image into a set of features. The main aim of 

FE is to decrease the number of features in a dataset by producing new features from the existing features and 

then removing the original features [33]. In fact, FE process is performed before using the classification model. 

Extracting features from mammograms helps the classification model to perform well and thus, make the right 

decisions [34,35]. Recently, there are several techniques used for feature extraction. These techniques are; 

Gabor filter, co-occurrence matrix, wavelet transform based-features, etc. [33]. Actually, Gray Level Co-



occurrence Matrix (GLCM) is the most popular, robust method used to convert the input image into a set of 

features [34,35].   
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These features are; contrast, homogeneity, correlation, entropy, energy, cluster shade, cluster prominence, 

autocorrelation, maximum probability, sum of squares (variance),…etc. [34,35].   

After performing feature extraction process, outlier items should be rejected before starting to train the used 

classifier. This is known as outlier rejection. Hence, outlier rejection is the process of removing or eliminating 

hasted data that has very exponential behavior when compared to others [36-39]. In fact, it is difficult to design 

a perfect classification model in the presence of these outliers. Therefore, eliminating those outliers can 

enhance the performance of the classification model by using outlier methods. Actually, outlier methods can 

be classified into two categories which are; classic outlier approach and spatial outlier approach [37,38]. In 

this paper, Genetic Algorithm (GA) has been used as an outlier rejection method to eliminate hasted data from 

the input to promote the classifier’s performance [40].  

3.1.2. Feature Selection Stage 

After the feature extraction stage is completed, removing redundant features from those extracted features is 

a vital task. The reason is that the existence of redundant features can reduce the classifier’s performance, 

increase the training time, and make the system more complex. Thus, removing the redundant features and 

selecting the most effective and informative ones leads to provide a more robust, efficient, and cost-effective 

classification model [41-43]. In this paper, a new feature selection method is introduced. The proposed method 

called Efficient Ant Colony Optimization (EACO). EACO is a wrapper feature selection method that is used 

to select the most informative features based on a specific evaluation matrices. EACO is a new technique that 

can precisely select the optimal subset of features that involves the most effective, significant, and informative 

features for breast cancer classification. Unlike classic method that searches from a single point, EACO deals 

with large search spaces. 

EACO is based on a metaheuristic algorithm which is called Ant Colony Optimization (ACO). ACO was 

proposed by Dorigo et al. and it was inspired by the behaviors of real ant colonies [44]. It was motivated to 

solve the problem of traveling salesman by finding the shortest path, similar to the behavior of ants to find the 

food source [45,46]. Ants start from the nest and move along the same path by following another one. The 

reason is that every ant deposits a chemical substance called pheromone during its passage and the other ants 

follow the path that has a high concentration of pheromone. ACO was designed to solve problems in 

continuous search spaces. In fact, feature selection is an optimization problem that occurs in binary search 

spaces. Hence, ACO is converted to Binary ACO (BACO) to solve binary optimization problems (e.g. feature 

selection). Consequently, BACO is a modified version of ACO by assuming that each feature node has two 

sub-nodes, “1” for selecting the feature and “0” for deselecting the feature, as shown in figure 3.  

1 2 j 3 n-1

𝝉𝟏𝟎 𝝉𝟐𝟎 𝝉𝒋𝟎 𝝉(𝒏−𝟏)𝟎
nj+1

𝝉(𝒏−𝟏)𝟏𝝉𝟏𝟏 𝝉𝟐𝟏 𝝉𝒋𝟏
Figure 3, BACO graph. 
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As shown in figure 3, the graph's edges are made up of “0” and “1” values, which represent the state candidates 

for each bit. At each iteration, an ant visits all nodes in order to construct a candidate solution. Ants start to 

search for the optimal path by moving from node 1 to n on the graph. Initially, the pheromone concentration 

is equal in both routes of ‘1’ and ‘0’. Assume that the pheromone value on the “i” bit to state “j” is represented 

by 𝜏𝑖,𝑗, where jϵ {0, 1}. Ant “A” determines the direction based on the concentration of pheromone in the 

different routes. The probability of movement is calculated by using (1) and (2) [47]:  𝑃𝑖,𝑗𝐴 (0)(𝑡) = [ 𝜏𝑖,𝑗(0)]𝛼∗[ 𝜂𝑖,𝑗(0)]𝛽[ 𝜏𝑖,𝑗(0)]𝛼∗[ 𝜂𝑖,𝑗(0)]𝛽+[ 𝜏𝑖,𝑗(1)]𝛼∗[ 𝜂𝑖,𝑗(1)]𝛽      (1) 

𝑃𝑖,𝑗𝐴 (1)(𝑡) = 1 − 𝑃𝑖,𝑗𝐴 (0)(𝑡)        (2)
Where 𝑃𝑖,𝑗𝐴  (𝑡) is the probability of movement of ant “A” from bit “i” to state “j” at time t. Additionally,  𝜏𝑖,𝑗(0)

is the pheromone density of the side which the “j” is “0” and  𝜏𝑖,𝑗(1) is the pheromone density of the side 

which “j” is “1”. α is the relative importance of the pheromone; α> 0. β is the relative importance of the 
visibility; β> 0.  𝜂𝑖,𝑗(0),  𝜂𝑖,𝑗(1) are the visibility density of the side which the “j” is “0” and “j” is “1” 

respectively and  𝜂𝑖,𝑗 = 1 𝑑𝑖,𝑗⁄ ; 𝑑𝑖,𝑗 is the Euclidian distance. According to the probability of movement, each 

ant chooses their path based on the concentration of pheromones on both sides. After each ant has completed 

its tour, it has a candidate solution in which its length is equal to the number of extracted features. Thus, each 

solution is represented in the form of a binary vector, where “1” donated that the feature is selected and “0” 

donates that the feature is eliminated or deselected. Table 3 shows an example of an ant solution, assuming 

that the number of features “n=12” in n-dimensional feature space (n = no. of extracted features). Thus, the 

ant solution can be represented as; s= {f1, f2, f3, f4,…, f12}. 

Hence, implementing EACO as a feature selection method necessitates a number of critical steps, as illustrated 

in Figure 4. In figure 4, after each ant builds its own solution, all the ants’ solutions are represented in S. Then, 

to measure the degree of each ant Ai, the fitness function of EACO is implemented based on the accuracy 

index of the classifier. In fact, the fitness function represents the accuracy of a classifier used such as Naïve 

Bayes (NB) classifier to determine which features are most effective for classifying breast cancer. The fitness 

function of each ant can be calculated by using (3): 𝐹𝑖𝑡(𝐴𝑖 ) = 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (𝐴𝑖)                  (3)

Where Accuracy (Ai) is the classification accuracy according to a subset of features in ith ant. The algorithm 

searches for the best ant with the highest Fit (Ai). Although BACO can accurately select the most effective 

features, it falls into local optimum, which causes premature convergence. Consequently, to solve this 

f1 f2 f3 f4 f5 f6 f7 f8 f9 f10 f11 f12

1 0 0 0 1 1 0 1 0 0 1 0 

Table 3, the presentation of a binary solution structure.



problem, BACO combined with crossover strategy to enhance the exploration of the search space. Combining 

BACO with crossover strategy leads to create a new solution as described in (4): 𝐴𝑙𝑜𝑤−𝑏𝑒𝑠𝑡(𝑡) = 𝑐𝑟𝑜𝑠𝑠𝑜𝑣𝑒𝑟(𝐴𝑙𝑜𝑤𝑒𝑠𝑡(𝑡), 𝐴𝑏𝑒𝑠𝑡(𝑡))   (4)

Where 𝑐𝑟𝑜𝑠𝑠𝑜𝑣𝑒𝑟() is a process that performs the crossover-based process on the loser ant. 𝐴𝑙𝑜𝑤𝑒𝑠𝑡(𝑡) is the 

loser ant at iteration t, and 𝐴𝑏𝑒𝑠𝑡(𝑡) is the winner (best) ant at iteration t. After evaluating all the ants’ solutions, 

the crossover process takes place, where the best ant and the lowest ant according to their fitness function are 

selected to perform a pairwise competition and the lowest ants are updated according to the best ones. Hence, 

this technique includes more exploration and improvements on the lowest ant by creating similar random 

opportunities either to choose a number of features from the best ant or to keep the existing features according 

to equation (5): 

𝐴𝑙𝑜𝑤−𝑏𝑒𝑠𝑡𝑖 (𝑡) =  { 𝐴𝑏𝑒𝑠𝑡𝑖 (𝑡)                                                          𝑖𝑓 𝑟𝑎𝑛𝑑(𝑖) = 1𝐴𝑙𝑜𝑤𝑒𝑠𝑡𝑖 (𝑡)                                                          𝑖𝑓 𝑟𝑎𝑛𝑑(𝑖) = 0  

              (5)

Where 𝐴𝑏𝑒𝑠𝑡𝑖 (𝑡) is the ith feature in the best ant at iteration t, and 𝐴𝑙𝑜𝑤𝑖 (𝑡) is the ith feature in the lowest ant at 

iteration t. 𝑟𝑎𝑛𝑑(𝑖) is the generated random value (0 or 1). After updating the lowest ant, the new ant 𝐴𝑙𝑜𝑤−𝑏𝑒𝑠𝑡𝑖 (𝑡) is evaluated using equation (3). Then, the best ant in all swarm SGlobal (SG) is selected according 

to (6): 𝑆𝐺(𝑡) =  { 𝐴𝑏𝑒𝑠𝑡(𝑡) 𝑖𝑓 𝐹𝑖𝑡(𝐴𝑏𝑒𝑠𝑡(𝑡)) > 𝐹𝑖𝑡(𝐴𝑙𝑜𝑤−𝑏𝑒𝑠𝑡(𝑡))𝐴𝑙𝑜𝑤−𝑏𝑒𝑠𝑡(𝑡) 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒               (6)

Where 𝑆𝐺(𝑡) is the global solution which represents the best solution in the swarm at iteration t. 𝐴𝑏𝑒𝑠𝑡(𝑡) is 

the winner (best) ant at iteration t. Additionally, 𝐴𝑙𝑜𝑤−𝑏𝑒𝑠𝑡(𝑡) is the new generated ant from lowest and best 

ants. Fit (𝐴𝑏𝑒𝑠𝑡(𝑡)) represents the fitness value of the best ant at iteration t, and 𝐹𝑖𝑡(𝐴𝑙𝑜𝑤−𝑏𝑒𝑠𝑡(𝑡)) represents 

the fitness value of the new generated ant at iteration t. Figure 5, shows an illustrated example of crossover 

strategy. 

After selecting the best ant in the swarm, the pheromone density is updated. Actually, by the time, the 

pheromone density will evaporate. Suppose that 𝜏𝑖,𝑗(𝑡 + 1) is the intensity at the next iteration (t+1), then the 

pheromone density is updated according to (7) & (8) [45]: 𝜏𝑗𝑠(0)(𝑡 + 1) = (1 − 𝜌)𝜏𝑖,𝑗(0)(𝑡) + 𝛥 𝜏𝑖,𝑗𝑏𝑒𝑠𝑡         (7)

𝜏𝑗𝑠(1)(𝑡 + 1) = (1 − 𝜌)𝜏𝑖,𝑗(1)(𝑡) + 𝛥 𝜏𝑖,𝑗𝑏𝑒𝑠𝑡         (8) 
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Where 𝜏𝑖,𝑗(𝑡 + 1) is the intensity at the next iteration (t+1), 𝜌 is the evaporation rate; 𝜌 ∈ [0,1]. Additionally, 𝛥 𝜏𝑖,𝑗𝑏𝑒𝑠𝑡  is the incremental pheromone which is defined as; 𝛥 𝜏𝑖,𝑗𝑏𝑒𝑠𝑡 =
1𝑓(𝑆𝑏𝑒𝑠𝑡); 𝑓(𝑆𝑏𝑒𝑠𝑡) is the best fitness value, 

if value “j” is selected for i-bit of the built solution by ant and zero otherwise. According to equation (7) and 

equation (8), the pheromone density for the next iteration (t+1) is updated only for the best ant. These 

processes are continued until the termination conditions is satisfied. At last, the best ant in the swarm SGlobal 

with the highest fitness value according to the accuracy index of NB classifier is the output and the algorithm 

terminates where all features donated “1” represent the most significant features for classifying breast cancer. 

After applying EACO algorithm on the breast’s datasets, seven features will be selected as the most significant 

features. These features are; contrast, homogeneity, correlation, entropy, energy, cluster prominence, and 

shade.  

To implement EACO, suppose that there are ‘n’ dimensional Feature Space; FS= {f1, f2,…fn}. Additionally, 

the input training data of ‘x’ patients can be expressed as; M= {S1, S2,… Sx} and the testing data of ‘v’ patients 

can be expressed as; H= {B1, B2,…, Bv}. Each item of SiM and BjH is expressed as an ordered set of ‘n’ 

features; Si(f1, f2, …., fn)=[f1i, f2i, .., fni]and Bj(f1, f2, .., fn]=[f1i, f2i, .., fni]. Hence, each item Si and Bj can be 

expressed in ‘n’ dimensional features space. In our case, it is very important to reduce ‘n’ dimensions or 

remove redundant features from breast’s dataset to overcome overfitting problem and promote the 

classification model performance. Algorithm 1 illustrated the sequential steps of EACO method.  

 Assume that the input features FS= {f1, f2,….,fn}; n=10 (no. of features) and each feature has two sub-node 1 

and 0. After each ant generate its solution and evaluated according to the fitness value.   

 The selected best ant is 𝐴𝑏𝑒𝑠𝑡 = {0,1,1,1,0,0,1,0,1,1}, and the lowest ant is 𝐴𝑙𝑜𝑤𝑒𝑠𝑡 = {1,0,0,0,0,1,0,1,0,0}. 

 Then 𝐴𝑙𝑜𝑤−𝑏𝑒𝑠𝑡(𝑡) = 𝑐𝑟𝑜𝑠𝑠𝑜𝑣𝑒𝑟(𝐴𝑙𝑜𝑤𝑒𝑠𝑡(𝑡), 𝐴𝑏𝑒𝑠𝑡(𝑡)) according to the generated random vector in which each 

element has one value; 0 or 1. Let the random vector is:  

0 1 0 1 0 1 0 1 1 1 

Then, 𝐴𝑙𝑜𝑤−𝑏𝑒𝑠𝑡 is generated as follow:   

Random vector 0 1 0 1 0 1 0 1 1 1 

Best Ant (Abest) 0 1 1 1 0 0 1 0 1 1

Lowest Ant (Alowest) 1 0 0 0 0 1 0 1 0 0

Low-best Ant (Alow-best) 1 1 0 1 0 0 0 0 1 1

Figure 5, An illustrated example of crossover strategy. 



3.1.3. Neutrosophic Stage  

In 1980, F. Smarandache introduced the neutrosophy theory, which is a branch of philosophy [48,49]. 

Neutrosophic technique (NT) uses neutrosophic sets and the principles of neutrosophic logic. Neutrosophic 

set (NS) is a generalization of the fuzzy set theory, intuitionistic fuzzy set, paraconsistent set, dialetheist set, 

Inputs:  

        K=No. of ants in swarm "swarm size" 
       A=A1….AK; group of ants in swarm. 
      TRD= (M, FS); Training dataset. 
      TED= (H, FS); Testing dataset. 
      n=|FS|; No. of features in training and testing dataset. 
      t= number of iterations. 𝜏o = initial pheromone level for each node state. 
     Initiate ρ; evaporation rate. 
    Initiate α; the relative importance of the pheromone value
    Initiate β; the relative importance of the heuristic information. 

Output:  

      O= the optimum ant of the whole swarm (SGlobal). 

Steps:  
// Construct a complete path for each ant. 

1:   For each ant AiA 

            For each bit  

2: 𝑷𝒊,𝒋𝑨 (𝟎)(𝒕) = [ 𝝉𝒊,𝒋(𝟎)]𝜶∗[ 𝜼𝒊,𝒋(𝟎)]𝜷[ 𝝉𝒊,𝒋(𝟎)]𝜶∗[ 𝜼𝒊,𝒋(𝟎)]𝜷+[ 𝝉𝒊,𝒋(𝟏)]𝜶∗[ 𝜼𝒊,𝒋(𝟏)]𝜷
3:                            𝑷𝒊,𝒋𝑨 (𝟏)(𝒕) = 𝟏 − 𝑷𝒊,𝒋𝑨 (𝟎)(𝒕)

   4:     End For 

   5:   End For  

            // Evaluate fitness value of each ant. 

6: For every AiA 

7:                Fit (Ai)=Accuracy (Ai)

8:    End for 

   9:  Select the two ant Abest, Alowest according to Fit (Ai).

// applying crossover strategy using “random value". 

10: Apply crossover to Abest and Alowest to produce new ant solution  

            Alow-best according to random value  

   11: For every𝑨𝒃𝒆𝒔𝒕𝒊 , 𝑨𝒍𝒐𝒘𝒆𝒔𝒕𝒊
12: 𝐴𝑙𝑜𝑤−𝑏𝑒𝑠𝑡𝑖 = { 𝐴𝑏𝑒𝑠𝑡𝑖                                       𝑖𝑓 𝑟𝑎𝑛𝑑(𝑖) = 1   𝐴𝑙𝑜𝑤𝑒𝑠𝑡𝑖                                               𝐸𝑙𝑠𝑒               
13: End for

                 // Update the optimum solution of the whole swarm (SGlobal). 

  14: For every AiA 

15: 𝑆𝐺𝑙𝑜𝑏𝑎𝑙 = 𝑆𝐺 =  {𝐴𝑏𝑒𝑠𝑡                 𝑖𝑓( 𝐹𝑖𝑡(𝐴𝑏𝑒𝑠𝑡) > 𝐹𝑖𝑡(𝐴𝑙𝑜𝑤−𝑏𝑒𝑠𝑡))𝐴𝑙𝑜𝑤−𝑏𝑒𝑠𝑡                                  𝐸𝑙𝑠𝑒                        
16: End for

Algorithm Parameters 

K No. of ants in swarm "swarm size 

A Group of ants in swarm; A=A1,….AK. 

TRD 
Training dataset contents of training items M and its 

features FS; TRD= (M, FS). 

TED 
Testing dataset contents of testing items H and its 

features FS; TED= (H, FS). 

n No. of features in training and testing dataset; n=|FS|. 

t Number of iterations. τo Initial pheromone level for each node state. 

ρ Evaporation rate; ρϵ [0,1]. 

α The relative importance of the pheromone value; α>0. 

β The relative importance of the heuristic information; 

β>0. 
rand Uniformly distributed random number; rand ϵ [0,1]. 

O The optimum ant of the whole swarm (SGlobal). 

A Group of ants in swarm; A=A1, A2,…., AK. 

Ai The ith ant in the swarm. 

Accuracy(Ai) 
The classification accuracy according to the selected 

features in ith ant. 

Fit(Ai) The fitness value of Ai ant. 𝑃𝑖,𝑗𝐴 The probability of movement from the bit “i” to the 

state “j” at time t, j ϵ [0,1]. 𝜏𝑖,𝑗(0) The pheromone density of the side which the “j” is “0” 𝜏𝑖,𝑗(1) The pheromone density of the side which the “j” is “1” 𝜂𝑖,𝑗(0) The visibility density of the side which the “j” is“0” 𝜂𝑖,𝑗(1) The visibility density of the side which the “j” is“1” 

Abest The best solution in the swarm 

SGlobal The optimum solution of the whole swarm; SG. 

Alowest The worst solution in the swarm. 

Alow-best The updated worst solution ∆𝝉𝒊,𝒋𝒃𝒆𝒔𝒕 The incremental pheromone; ∆𝝉𝒊,𝒋𝒃𝒆𝒔𝒕 =
1𝑓(𝑆𝑏𝑒𝑠𝑡)

, 𝑓(𝑆𝑏𝑒𝑠𝑡); 𝑏𝑒𝑠𝑡 𝑓𝑖𝑡𝑛𝑒𝑠𝑠 𝑣𝑎𝑙𝑢𝑒𝝉𝒊,𝒋(𝒕 + 𝟏) The intensity at time (t + 1)

Feature Selection using EACO Algorithm

   17: //   Updating the values of pheromone considering the deposition 

                   by each ant

18: For the best ant in whole swarm; AbestA

19: 𝝉𝒊,𝒋(𝟎)(𝒕 + 𝟏) = (𝟏 − 𝝆)𝝉𝒊,𝒋(𝟎)(𝒕) + ∆𝝉𝒊,𝒋𝒃𝒆𝒔𝒕
𝝉𝒊,𝒋(𝟏)(𝒕 + 𝟏) = (𝟏 − 𝝆)𝝉𝒊,𝒋(𝟏)(𝒕) + ∆𝝉𝒊,𝒋𝒃𝒆𝒔𝒕

20:   End for

 21:  if (there are more generations to process) then 

22: Go to step 1. 

23:        Else

24:  Return SGlobal in O, where all ones bits in this       

                      path represents the best selected features.  

25:   End if 

    26:   Validated the selected features using NB classifier. 

Algorithm 1: Efficient Ant Colony Optimization (EACO). 



paradox set, and tautological set. NS is an enhanced mathematical model that is applied to solve the problem 

of uncertain and ambiguous data. It includes a simple neutrosophic rule-based method in the form of; IF A

AND B THEN Y to solve the problem rather than trying to design a system that is mathematically similar to 

the fuzzy classifier [48-50]. Thus, NT is similar to fuzzy technique. By using fuzzy system, the implementation 

of neutrosophic inference system was based on Mamdani’s fuzzy inference method [51]. Figure 6, shows the 

block diagram of neutrosophic system using fuzzy logic toolbox in MATLAB. As shown in figure 6, the Fuzzy 

Inference System (FIS) was designed through three components. These components are; Neutrosophic truth 

component, Neutrosophic indeterminacy component, and Neutrosophic falsehood component.

Suppose that Y be a universe of discourse and A be a set included in Y, which consists of bright pixels. The 

image is transformed into neutrosophic domain by representing it using three distinctive membership 

components (T, I, and F) where T represents the truth scale, F indicates the scale of false, and I defines the 

scale of intermediate. All of these components are independent of one another and their values are between 0 

Crisp  
Input (X) 

FIS: Neutrosophic truth component

Rule base

R1

FIS: Neutro. Indeterminacy component

Rule base

R2

FIS: Neutrosophic falsehood component
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and 1. According to this definition, the neutrosophic image pixels set PNS are represented by these components

T, I, F. Hence, the image pixel P in neutrosophic domain is defined as PNS( T, I, F) and belongs to A as follows; 

t% of bright pixel set is true membership function, i% of bright pixel set is indeterminacy membership 

function, and f% is a falsity-membership function in the set, where t, i, and f are varies in T, I, and F 

respectively. Then, to convert any image from the classical domain into neutrosophic domain, each pixel in 

the image is represented by three membership components (e.g. T, I, F). Consequently, the pixel P(m,n) can 

be converted into neutrosophic domain (PND) using the following equation[52]: 𝑃𝑁𝐷(𝑚, 𝑛) = {𝑇(𝑚, 𝑛), 𝐼(𝑚, 𝑛), 𝐹(𝑚, 𝑛)}         (9) 

Where 𝑃𝑁𝐷(𝑚, 𝑛)is the image pixels in neutrosophic domain, 𝑇(𝑚, 𝑛) is the probability that the pixel P(m,n)

belongs to white object, 𝐼(𝑚, 𝑛) is the probability that the pixel P(m,n) belongs to indeterminate set, and 𝐹(𝑚, 𝑛) is the probability that the pixel P(m,n) belongs to background (non-white group). The probability that 

the pixel P(m,n) belongs to white object 𝑇(𝑚, 𝑛) can be determined by using (10) [53] 

𝑇(𝑚, 𝑛) =
�̅�(𝑚,𝑛) − �̅�𝑚𝑖𝑛�̅�𝑚𝑎𝑥 − �̅�𝑚𝑖𝑛          (10)

Where �̅�(𝑚,𝑛)is the local mean window size pixels. The probability that the pixel P(m,n) belongs to

indeterminate set 𝐼(𝑚, 𝑛) can be calculated using (11)[ 53]: 

𝐼(𝑚, 𝑛) = 1 − 𝐻𝑜(𝑚, 𝑛) − 𝐻𝑜𝐻𝑜𝑚𝑎𝑥 − 𝐻𝑜𝑚𝑖𝑛       (11)

Where 𝐻𝑜(𝑚, 𝑛) is the homogeneity value of T at (m,n) that can be determined by eq. (12) [53]: 𝐻𝑜(𝑚, 𝑛) = |𝑔(𝑚,𝑛) − �̅�(𝑚,𝑛)|       (12)

Finally, the probability that the pixel P(m,n) belongs to background (non-white group) 𝐹(𝑚, 𝑛) can be 

calculated using eq.(13)[ 53]: 𝐹(𝑚, 𝑛) = 1 − 𝑇(𝑚, 𝑛)         (13)

In our proposed model, after extracting GLCM features and selecting the most significant features, these 

selected features are transformed into neutrosophic components as shown in figure 7. Hence, each feature is 

represented by three neutrosophic sets, T, I, F. Thus, we can make a better choice and rank all the alternatives 

according to those three functions. As mentioned before, the selected features are homogeneity, contrast, 

correlation, entropy, energy, cluster prominence, and shade. Those features are transformed from classical 

domain into neutrosophic domain as follows: 



A) Neutrosophic Homogeneity Feature

Image homogeneity measures the similarity of the elements distribution in the gray level co-occurrence matrix 

which can be calculated by using (14): 𝐻𝑜𝑚𝑜𝑔𝑒𝑛𝑖𝑡𝑦 = ∑ ∑ 1

1 + (𝑚 − 𝑛)2 . 𝑃(𝑚, 𝑛)        (14)

𝐾−1
𝑛=0

𝐾−1
𝑚=0

Where 𝑃(𝑚, 𝑛) refers to element m, n of GLCM, K is the number of image gray levels. m, n donate the number 

of rows and columns. To convert the homogeneity image into neutrosophic domain, it is represented by three 

neutrosophic sets, T, I, F which are determined using the following equations: 

𝐻𝑂𝑀(𝑇) =  ∑ ∑ 1

1 + (𝑚 − 𝑛)2 . 𝑃𝑇(𝑚, 𝑛)        (15)

𝐾−1
𝑛=0

𝐾−1
𝑚=0

𝐻𝑂𝑀(𝐼) = ∑ ∑ 1

1 + (𝑚 − 𝑛)2 . 𝑃𝐼(𝑚, 𝑛)            (16)  

𝐾−1
𝑛=0

𝐾−1
𝑚=0

𝐻𝑂𝑀(𝐹) =  ∑ ∑ 1

1 + (𝑚 − 𝑛)2 . 𝑃𝐹(𝑚, 𝑛)         (17) 

𝐾−1
𝑛=0

𝐾−1
𝑚=0

Figure 7, Transforming GLCM features into neutrosophic domain.
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Where 𝐻𝑂𝑀(𝑇) is the neutrosophic homogeneity truth component, 𝐻𝑂𝑀(𝐼) is the neutrosophic homogeneity 

indeterminacy component, and 𝐻𝑂𝑀(𝐹) is the neutrosophic homogeneity falsehood component. The same is 

applied for the rest of the selected features. Table 4 shows the transformation of some of the selected features 

from classical domain into neutrosophic domain.  

3.2.Breast Cancer Classification Phase (BC2P) 

The second and final phase in the proposed strategy is Breast Cancer Classification Phase (BC2P) in which the 

final decision is taken to classify the input case as a normal case or infected with benign or malignant breast 

cancer. Hence, the main objective of the classification process is to determine which category the new case 

will be included in. The classification process consists of two phases; training phase and testing phase. In the 

training phase, the classifier is learned on a set of the most efficient and robust membership component from 

the three components (e.g. T, I, F) that are extracted from a set of selected features which are extracted from 

the breast cancer image. In the testing phases, the learned classifier is used to discriminate between data that 

was not necessarily encountered during the training phase. In this paper, due to its performance and efficiency, 

Deep Neural Network (DNN) was used to perform the classification process. 

DNN is an artificial neural network with multiple hidden layers between the input layer and the output layer. 

It is a powerful machine learning method used for various applications [54]. DNN is a forward neural network 

where the input flows along with weights and bias directly from the input layer to the output layer through a 

number of hidden layers. The basic DNN parameters are; the number of nodes in input and output layers, bias, 

learning rate, initial weights, number of hidden layers, number of nodes in every hidden layer, and the 

termination conditions. Actually, the number of hidden layers should be more than two layers and they are 

Features Description Classical domain Neutrosophic Domain

Contrast (CON) 

CON calculates the 
intensity difference 
between a pixel and its 
neighbors. 

𝐶𝑂𝑁 = ∑ 𝑘2𝐾−1
𝑚=0 ∑ 𝑃(𝑚, 𝑛)

𝐾−1
𝑚=0

Where : 𝑘 = |𝑚 − 𝑛|

 𝐶𝑂𝑁(𝑇) = ∑ 𝑘2𝐾−1𝑚=0 ∑ 𝑃𝑇(𝑚, 𝑛)𝐾−1𝑚=0
 𝐶𝑂𝑁(𝐼) = ∑ 𝑘2𝐾−1𝑚=0 ∑ 𝑃𝐼(𝑚, 𝑛)𝐾−1𝑚=0
 𝐶𝑂𝑁(𝐹) = ∑ 𝑘2𝐾−1𝑚=0 ∑ 𝑃𝐹(𝑚, 𝑛)𝐾−1𝑚=0

Correlation (COR) 
COR computes the joint 
probability occurrence of 
the specified pixel pairs. 

𝐶𝑂𝑅 = ∑ ∑ (𝑚 − 𝜇)(𝑛 − 𝜇)𝜎2𝐾−1
𝑛=0

𝐾−1
𝑚=0 . 𝑃(𝑚, 𝑛)

Where: 𝜇 = ∑ 𝑚. 𝑃(𝑚. 𝑛)

𝐾−1
𝑚,𝑛=0𝝈 = ∑ (𝑖 − 𝜇)2. 𝑃(𝑚, 𝑛)

𝐾−1
𝑚,𝑛=0

 𝐶𝑂𝑅(𝑇) = ∑ ∑ (𝑚−𝜇)(𝑛−𝜇)𝜎2𝐾−1𝑛=0𝐾−1𝑚=0 . 𝑃(𝑇)(𝑚, 𝑛)

 𝐶𝑂𝑅(𝐼) = ∑ ∑ (𝑚−𝜇)(𝑛−𝜇)𝜎2𝐾−1𝑛=0𝐾−1𝑚=0 . 𝑃(𝐼)(𝑚, 𝑛)

 𝐶𝑂𝑅(𝐹) = ∑ ∑ (𝑚−𝜇)(𝑛−𝜇)𝜎2𝐾−1𝑛=0𝐾−1𝑚=0 . 𝑃(𝐹)(𝑚, 𝑛)

Entropy  (ENT) 
ENT is a measure of 
randomness that defines 
the amount of information.

𝐸𝑁𝑇 = ∑ ∑ − ln(𝑃(𝑚, 𝑛). 𝑃(𝑚, 𝑛)

𝐾−1
𝑛=0

𝐾−1
𝑚=0

 𝐸𝑁𝑇(𝑇) = ∑ ∑ − ln(𝑃(𝑇)(𝑚, 𝑛). 𝑃(𝑇)(𝑚, 𝑛)𝐾−1𝑛=0𝐾−1𝑚=0
 𝐸𝑁𝑇(𝐼) = ∑ ∑ − ln(𝑃(𝐼)(𝑚, 𝑛). 𝑃(𝐼)(𝑚, 𝑛)𝐾−1𝑛=0𝐾−1𝑚=0
 𝐸𝑁𝑇(𝐹) = ∑ ∑ − ln(𝑃(𝐹)(𝑚, 𝑛). 𝑃(𝐹)(𝑚, 𝑛)𝐾−1𝑛=0𝐾−1𝑚=0

Energy (ENG) 

ENG provides the sum of 
squared elements in the 
GLCM. Also known as 
uniformity or the angular 
second moment. 

𝐸𝑁𝐺 = ∑ ∑(𝑃(𝑚. 𝑛))2𝐾−1
𝑛=0

𝐾−1
𝑚=0

 𝐸𝑁𝐺(𝑇) = ∑ ∑ (𝑃(𝑇)(𝑚. 𝑛))2𝐾−1𝑛=0𝐾−1𝑚=0
 𝐸𝑁𝐺(𝐼) = ∑ ∑ (𝑃(𝐼)(𝑚. 𝑛))2𝐾−1𝑛=0𝐾−1𝑚=0
 𝐸𝑁𝐺(𝐹) = ∑ ∑ (𝑃(𝐹)(𝑚. 𝑛))2𝐾−1𝑛=0𝐾−1𝑚=0

Table 4: shows the transformation of contrast, correlation, entropy, and energy into neutrosophic components.



activated using different activation functions such as Relu, Sigmoid, etc. The number of neurons in the output 

layer is proportional to the number of target classes. Thus, for binary class, only one neuron is used in the 

output layer, so the number of neurons is equal to the number of target classes [54]. Figure 8, shows the 

architecture of DNN model.  

In this paper, the most robust component of the three neutrosophic components that are extracted from the 

selected features is used to train DNN classifier for breast cancer classification. DNN classifier has one input 

layer with n input nodes. Additionally, three hidden layers are used with 10, 20, and 10 nodes, and an output 

layer with three nodes. Although, using more hidden layers makes the model more complex, it provides the 

best results. In the DNN model, the bias value is set to be l and the learning rate is 0.15, which is the default 

value. Additionally, the weights of the nodes can be randomly generated. Actually, after every epoch, the 

weights are updated by the network during back propagation by calculating the error rate. Also, the termination 

condition is met by either reaching the number of epochs or achieving the result expected from the learning 

model. In fact, the output is predicted as a normal patient, or a patient infected with benign or malignant breast 

cancer, so softmax activation function is the best choice to train the classification model. Since it is a multi-

classification process, softmax is the right choice. 

4. Experimental results 

In this section, the proposed Breast Cancer Classification Strategy (BC2S) will be evaluated. It is composed 

of two phases, which are, (i) Data Preprocessing Phase (DP2), and (ii) Breast Cancer Classification Phase 

(BC2P). In DP2, the features are extracted from mammogram images using GLCM and the outlier items are 

rejected. Then, the most informative and significant features are selected from those extracted features using 

the proposed EACO method. Finally, the selected features are transformed into neutrosophic domain to 
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Figure 8, The architecture of DNN model. 
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provide the best classification. During BC2P, the most efficient and robust component of the extracted three 

components is used to train DNN model to make the correct decision. Our implementation is based on MIAS 

mammogram dataset [55,56]. MIAS is an internet dataset, which has been used to reproduce the results 

introduced in this paper. MIAS dataset is a public data that has been generated on Kaggle. It contains 322 

cases, of which 209 are normal cases, 61 have benign breast cancer, and 52 have malignant breast cancer. It 

has been divided into two categories, namely; training set and testing set. The training set is used to train the 

model. While the testing set is used for measuring the performance of the proposed model. Hence, the number 

of training and testing patients are 226 (70%) and 96 (30%) respectively as illustrated in table 5. Table 6 shows 

the applied parameters with the corresponding used values.  

4.1.Evaluation Matrices 

During the next experiments, accuracy, error, precision, and recall are calculated. Then, additional criteria will 

be measured to clear the application result, which are; F-measure, macro-average, and micro-average. 

Confusion matrix is applied to calculate the values of these measurements as introduced in table 7. Noticeably, 

various formulas are used as a summarization of the confusion matrix as depicted in table 8. 

4.2.Testing the proposed Breast Cancer Classification Strategy (BC2S) 

In this subsection, it is the time to test the proposed BC2S. To prove the effectiveness of our proposed strategy, 

it is compared against some of the recently used classification methods as presented in table 2. Those recent 

Table 6: The parameters applied with the corresponding used values.

Applied 
value 

Description Parameter 

22 No. of extracted features n 

0.2 Initial Pheromone for each state 𝜏o

0.2 Evaporation rate ρ 

2 
The relative importance of the 

pheromone value 
α 

1 
The relative importance of the 

heuristic information 
β 

Predicted Label 

Positive Negative 

Known 
Label 

Positive 
True 

Positive 
(TP) 

False 
Negative 

(FN) 

Negative 
False 

Positive 
(FP) 

True Negative
(TN) 

Table 7: Confusion matrix. 

Table 8: Confusion matrix formulas. 

Measure Formula Intuitive Meaning 

Precision (P) TP / (TP + FP) 
The percentage of positive 

predictions those are correct. 

Recall / 
Sensitivity(R) 

TP / (TP + FN) 

The percentage of positive 
labeled instances that were 

predicted as positive. 

Accuracy(A) 
(TP + TN) / (TP + TN + FP + 

FN) 

The percentage of predictions 
those are correct. 

Error(E) 1-Accuracy 
The percentage of predictions 

those are incorrect. 

Macro-average 
∑ 𝑃𝑖𝑐𝑖=1 /𝑐     “for Precision” The average of the precision 

and recall of the system on 
different c classes. ∑ 𝑅𝑖𝑐𝑖=1 /𝑐           “for Recall” 

Micro-average 

(TP1 + TP2) / (TP1 + TP2 + 
FP1 + FP2)     “for precision” 

the summation up to  the 
individual true positives, false 
positives, and false negatives 

of the system for different 
classes  and the apply them to 

get the statistics 

(TP1 + TP2) / (TP1 + TP2 + 
FN1 + FN2) 

“for Recall” 

F-measure 2*PR/(P+R) 
The weighted harmonic mean 

of Precision and Recall 

Table 5: MIAS database image selection for training and testing. 

TotalMalignantBenignNormal

226 40 46 140 Training 

96 12 15 69 Testing 

322 52 61 209 Total 



methods are FE-BKCapsNet [21], DLF [22], ResNet-50-SARF [24], PBC-CNN [25], and RFRE [26]. All 

capabilities proposed are used in our BC2S, hence, EACO is used for feature selection, and the proposed DNN 

model is employed for classification. The experimental results are presented in figures (9s shown in 

figures (912), our strategy achieves the highest values of accuracy, precision, and recall. On the other hand, 

it achieves a minimum error rate as compared to other competitors. Moreover, it introduces the highest values 

of macro-average precision, macro-average recall, micro-average precision, micro-average recall, and F-

measure as illustrated in figures (1317). This proves the effectiveness of the proposed strategy BC2S for 

classifying breast cancer patients. 
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Figure 9, Accuracy of the different classification 
techniques.
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Figure 10, Error of the different classification 
techniques. 
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Figure 12, Recall of the different classification 

techniques

Figure 11, Precision of the different classification 

techniques
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Figure 13, Macro-average precision of the different 
classification techniques.  
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Figure 15, Micro-average precision of the different 
classification techniques.  

Figure 14, Macro-average recall of the different 
classification techniques. 

Figure 16, Micro-average recall of the different 
classification techniques

Figure 17, F-measure of the different classification 

techniques.



As shown in figures (9it is concluded that the performance of all methods is enhanced by increasing 

the number of training patients. Figure 9, presents the accuracy for a different number of training patients. 

When training patients=226, the accuracies are 0.87, 0.88, 0.83, 0.89, 0.90, and 0.999 for FE-BKCapsNet, 

DLF, ResNet-50-SARF, PBC-CNN, RFRE, and BC2S respectively. While the error values are 0.13, 0.12, 0.17, 

0.11, 0.1, and 0.01 respectively, as shown in figure 10. According to figure 9 and figure 10, the proposed BC2S 

provides the best performance. The reason is that the proposed BC2S gives accurate classification for infected 

patients based on the most efficient and robust neutrosophic component, namely, membership component that 

are extracted from the most effective and informative features which are selected using the proposed EACO 

method. Hence, the proposed strategy could help to classify breast cancer patients with a minimum error rate. 

Results in figure 11 and figure 12, when training patients=226, the precision values are 0.7, 0.72, 0.69, 0.77, 

0.82, and 0.88 for FE-BKCapsNet, DLF, ResNet-50-SARF, PBC-CNN, RFRE, and BC2S respectively. 

Additionally, when training patients= 226, the recall values are 0.69, 0.68, 0.65, 0.72, 0.78, and 0.82 for FE-

BKCapsNet, DLF, ResNet-5-SARF, PBC-CNN, RFRE, and BC2S respectively.  

The results in figures (13show that BC2S is better than for FE-BKCapsNet, DLF, ResNet-50-SARF, 

PBC-CNN, and RFRE. When training patients=226, BC2S provides the highest macro-average precision with 

a value equal to 0.795, while ResNet-50-SARF introduces the lowest value. Additionally, BC2S provides the 

highest macro-average recall with value of 0.76, while it is 0.59 for ResNet-50-SARF. When training patients 

=226, the micro-average precision values are 0.62, 0.66, 0.6, 0.69, 0.75, and 0.78 for FE-BKCapsNet, DLF, 

ResNet-50-SARF, PBC-CNN, RFRE, and BC2S respectively. At the same order, the micro-average recall 

values of FE-BKCapsNet, DLF, ResNet-50-SARF, PBC-CNN, RFRE, and BC2S are 0.61, 0.63, 0.6, 0.66, 

0.67, and 0.702. Moreover, the proposed BC2S provides the highest F-measure with a value equal to 0.82, 

while the lowest value reached to 0.65 provided by ResNet-50-SARF as shown in figure 17. Hence, the results 

of the proposed strategy shown in figures (9, prove the effectiveness of the proposed strategy that 

outperforms other competitors in terms of accuracy, precision, recall, and F-measure. BC2S is more simple, 

robust, efficient, and flexible for classifying breast cancer patients.  

5. Conclusions 

Nowadays, breast cancer is one of the most common diseases affecting women. It is the second cause of death. 

According to World Health Organization (WHO) and American Society Center (ASC), early detection of 

breast cancer is a vital process that provides a great opportunity to make the right decision to select the suitable 

treatment protocol, consequently, saving many lives. In this paper, a new strategy for detecting and classifying 

breast cancer was introduced. The proposed strategy called Breast Cancer Classification Strategy (BC2S) 

which is composed of two phases, which are; Data Preprocessing Phase (DP2) and Breast Cancer Classification 

Phase (BC2P). In DP2, the features are extracted from mammogram images, then, rejected the hasted data and 

selected the most informative features using Efficient Ant Colony Optimization (EACO) method. EACO is an 

improved method that combines BACO and crossover strategy. Although the EACO method accurately 

identifies the most useful features, it suffers from time complexity. But the process of selecting the most 

important features is only done once. Finally, the selected features are transformed into neutrosophic domain 

for more accurate classification. During BC2P, the most efficient neutrosophic component is used to feed the 



DNN model to classify patients into normal patients, patients infected with benign breast cancer, or patients 

infected with malignant breast cancer. Experimental results prove the effectiveness of the proposed strategy 

as it outperforms other competitors in terms of accuracy, error, precision, recall, and F-measure. 
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