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Breast cancer is a malignant tumor that begins in the cells of the breast and it is the second leading cause of women's death after lung cancer. Futhermore, the exponential increase of medical data is a resource for the creation of artificial intelligence systems (AIS). In this article, we have proposed an ensemble learning method which is a combination of three (3) statistical learning techniques specifically the support vector machine (SVM), the artificial neural network (ANN) and the decision tree (C4.5). The resulting model (TechCE) is created by using the University of Wisconsin Hospital breast cancer database. TechCE achieved a precision of 97%.

I INTRODUCTION

Breast cancer is a disease in which the cells in the breast tissue change and divide uncontrollably, usually resulting in a lump or mass.

The majority of breast cancers start in the lobules (mammary glands) or in the ducts that connect the lobules to the nipple [START_REF] Essam | Ponnuthurai Nagaratnam Suganthan. Deep and machine learning techniques for medical imaging-based breast cancer: A comprehensive review[END_REF] and American Cancer Society(2019)). If not diagnosed early, it can lead to death. This disease can be divided into two (2) groups: normal and abnormal; it can also be divided into two (2) categories: benign (non-dangerous) and cancerous (malignant). Benign tumors grow quite slowly and do not invade adjacent tissues and do not spread to different parts of the body [START_REF] Essam | Ponnuthurai Nagaratnam Suganthan. Deep and machine learning techniques for medical imaging-based breast cancer: A comprehensive review[END_REF] and [START_REF] Al-Masni | Simultaneous Detection and ClassiÞcation of Breast Masses in Digital Mammograms via a Deep Learning YOLO-based CAD System[END_REF]). Moreover, it is the second leading cause of death in women, after lung cancer (Hiba et al. (2016) and American Cancer Society (2019)).

The survival rate of this disease is strongly influenced by the malignant stage during diagnosis. Therefore, early determination is necessary to give legitimate treatment to patients with this scourge and to reduce the rate of sadness and mortality [START_REF] Fung Fung Ting | Convolutional Neural Network Improvement for Breast Cancer Classification[END_REF] 

and Danny et al.(2012)).

There are several techniques that can be used to distinguish benign breast lesions from malignant lesions that will continue to infiltrate other organs. Intelligent automatic prediction systems based on statistical learning could improve cancer diagnostic ability and reduce diagnostic errors (Moloud et al.( 2018)). Among these statistical methods, the best known and most used nowadays are artificial neural networks (although there are different architectures, we can mention deep learning which is classified as a form of artificial neural network), support vector machines and decision trees.

The introduction of statistical learning techniques into the process of medical analysis of breast cancer has been shown to have many advantages. It increases diagnostic accuracy, reduces costs and human resources (Lingxi et al.( 2016)).

With traditional statistical methods, one must first come up with a model, test it, and then come up with another until a sufficiently accurate model is obtained. An ANN, on the other hand, is trained on data by a learning mechanism that acts on the constituents of the network to best perform the desired task (Manel et al.( 2012)). For instance, the use of support vector machines (SVMs) in medical X-ray processing allows a large number of variables to be classified in a non-linear fashion. The separation of variables is achieved with maximum margin using similarity functions (or kernels) which are used to transform the data and choose resulted support vectors. The algorithm must be trained on an initial set of patients (data) to determine these support vectors, which will then be used on other patients (data) with unknown fates [START_REF] Bibault | Intelligence artificielle appliquée à la radiothérapie[END_REF]).

Classification of breast cancer is a difficult task, which requires efficient and robust classifiers. However, classical classification techniques, which consist in considering a single basic estimator (classifier), are generally confronted with the "bias-variance" dilemma, which often seriously affects their efficiency and robustness.

In this work, to mitigate this problem, we propose a method called ensemble learning that combines three (3) statistical learning techniques commonly used in breast cancer classification.

The remaining part of this article is organized as follows: the first section studies some machine learning techniques that have been applied in the detection and diagnosis of breast cancer; the second section presents the materials and methods; the third section presents the results and discussion; concluding remarks were given in section four.

II STATE OF THE ART

Artificial neural networks

In Or et al.(2018), breast cancer is detected by using two electronic noses (ENs) to analyze breath and urine samples. The first EN used was the MK4 model and the second EN used was Cyranose 320. The model obtained, i.e. the artificial neural network based on the analysis carried out by the MK4 and the Cyranose 320, was able to classify breast cancer patients with an average accuracy of over 95%. Sertan et al.(2017) proposed a method which is based on the representation of images using discrete Haar wavelets. Then they are introduced into artificial neural networks.The images are classified using two classifiers, namely the Neural Network Back Propagation (NNBP) with a precision of 59.02% and the Radial Basis Function Network (RBFN) with a precision of 70.49%. Boukhobza and Mimi(2012) also proposed a computational model based on an artificial neural network. This model is capable of detecting the presence or absence of abnormalities on a mammogram. Finally, they demonstrated the performance of the model obtained for the detection of breast cancer on a mammogram with a correct recognition rate of 91.66%.

Deep learning

Fung et al.(2018) presented the convolutional neural network improvement algorithm for breast cancer classification (CNNI-BCC). Indeed, the sensitivity of the convolutional neural networks (CNN) to radiological images prompted the authors to improve CNN. To detect and classify into malignant, benign and normal categories, the CNNI-BCC method uses feature-based data extension algorithms (FWDA), convolutional neural network-based classification (CNNBS) and interactive detection-based lesion locator (IDBLL). This model can be incorporated into wearable devices, such as smartphones. CNNI-BCC achieved an accuracy of 90.50%. In order to alleviate the lack of early detection of breast cancer, Simon et al.(2020) also proposed a cancer detection approach based on convolutional neural networks (CNN). This technique can simultaneously locate and classify the mass as benign or malignant on a mammographic image. Ultimately, the model was trained and evaluated via mammographic images and achieved an accuracy of 91.86%.

Support vector machines

In Hiba et al.( 2016), statistical learning algorithms such as Support Vector Machine (SVM), decision trees (C4.5), Naive Bayes (NB) and K-nearest neighbours (K-NN) have been used to classify and predict breast cancer. The authors compared the performance of these algorithms using Wisconsin breast cancer datasets from the UCI machine learning benchmark. They were able to show that SVM has the highest accuracy (97.13%) and the lowest error rate (2%). . This new approach is used to create an accurate automatic prediction model that can classify patients into benign and malignant categories. Secondly, it allows several ensemble methods to be applied at the same time with the aim of improving the performance of the prediction system. In addition, the final classifier is constructed by combining the results of the generated classifiers. In this research, the authors created four (4) nested two (2) layers classifiers based on voting and stacking techniques. The proposed model (SV-Naïve Bayes-3-MetaClassifiers) achieved an accuracy of 98.07%.

Ensemble methods

Ensemble classification techniques have attracted considerable interest in breast cancer

III MATERIALS AND METHODS

Materials

In this work, we used a breast cancer database obtained from the University of Wisconsin Hospitals in the USA (avalaible at https : //archive.ics.uci.edu/ml/datasets/breast + cancer + wisconsin + %28original%29). It contains 699 clinical cases. The patients are characterized by 11 attributes, 9 of which represent the clinical cases. Table 1 shows the information for these attributes and Table 2 shows characteristics of our computer. For the creation of the model, we used a library called WEKA. 

Methods

We used the aforementioned statistical learning technique called ensemble method. This technique is able to give better precision compared to using a single stastical method. Finally, this technique takes a collection of learners and forms a single strong learner. We used an ensemble learning technique called Stacking. With this method, we were able to combine three (3) statistical learning techniques including the support vector machine, the artificial neural network and the decision tree (C4.5). Table 3 shows the components of the model. The choice of these 3 techniques is based on the precision of these methods according to our review of the literature and we used a 10-fold cross-validation, and this allowed us to randomly partition our original sample into 10 sub-samples of equal size.

As shown in Figure 1, we used the stacking method to combine the three (3) basic classifiers including Sequential Minimal Optimization (SMO), Multilayer Perceptron (MP) and C4.5 (J48 in weka). This technique is used in this study because it combines finite models and then estimates the nonparametric density, so that generalization error can be reduced. In addition, in the kaggle competition, the most successful teams have adapted the stacking to obtain excellent results (Yufeng(2019)). Finally, the diversity of classifiers used in this paper contributed to the quality of the stacking.

In Mariele(2017), stacking method combines multiple base classifiers trained by using different learning algorithms L on a single dataset S, by means of a meta-classifier. Each training sample s j = (X j , y j ) is a pair composed by an array of features X j and the class label y j . Algorithm 1 below shows more details about the stacking method.

Combined techniques

Meta Classifier Multilayer Perceptron(MP), Sequential Minimal Optimization (SMO), C4.5 (J48) C4.5 (J48) Since we want to show the effectiveness of ensemble learning, we chose a limited dataset, but the database we have used is known to be effective in training artificial intelligence systems focusing on the binary classification of breast cancer. In addition, we used the cross-validation method because our dataset is limited and we know that this technique is effective, even if the size of the available data is limited.

Sequential Minimal Optimization (SMO)

Since Sequential Minimal Optimization (SMO) solves a quadratic programming (QP) problem and our study is based on a binary classification then we will consider a binary classification problem with a data set (x 1 , y 1 ), ..., (x n , y n ) where x i is an input vector and y i ∈ {-1, +1}. A soft-margin support vector machine is trained by solving a QP problem, which is expressed in the following dual form:

max α i n i=1 α i - 1 2 n i=1 n j=1 y i y j K(x i , x j )α i α j , (1) 
subject to:

0 ≤ α i ≤ C, f or i= 0, 1, 2, . . . , n n i=1 y i α i = 0
where C is an SVM hyperparameter, K(x i , x j ) is the kernel function and α i are the Lagrange multipliers.

SMO is an iterative algorithm for solving the previous optimization problem.

Multilayer Perceptron (MP)

An artificial neural network f is a nonlinear mathematical application in its parameters θ associating an image y ∈ R ny with an antecedent x ∈ R nx .

The formal neuron indexed by i is a function h of the inputs x 1 , ..., x n weighted by the reals W i,1 , ..., W i,nx and often with bounded values in R. These parameters are called the input weights of the neuron and are completed by a bias W i,0 associated with the constant x 0 = 1. The output y of the i ime formal neuron is thus modeled by: y = h(v) where v= nx j=0 W ij x j = W i,0 + nx j=1 W ij x j is the potential of the i ime neuron.

It is customary to use as transition function h, also called activation function, one of the following types:

-the identity function :h

(v) = Id(v) = v; -the sigmoid function: h(v) = 1/(1 + exp(-v)); -the hyperbolic tangent function:h(v) = 2/(1 + exp(-2v)) -1; -the threshold function: h(v)=1 [β,∞[ (v)= v si v ≥ β 0 0 sinon
An artificial neural network is a structure composed of several hidden layers of formal neurons where the output of a neuron from one layer becomes one of the inputs of the neurons from the next layer. Moreover, the output of a formal neuron can be an input of a neuron of the same layer or of a previous layer: we then speak of a looped neural network. If this is not the case, it is called a forward propagation neural network. In addition, there is a last layer of neurons, called output neurons, which are generally associated in the context of regression problems with the identity function as an activation function.

Among neural networks and used for regression, multilayer perceptrons are the most commonly used. They have the following characteristics :

-a layer of inputs;

-several layers of hidden neurons all comprising, on the same level, an activation function from the same class;

-a layer of output neurons all comprising the identity activation function.

In Matthias(2013), the Figure 2 represents a multilayer perceptron defined by : f (x; θ) = f (1) (x; θ), ..., f (ny) (x; θ)

T ∈ R ny (2) 
Note: the 1 of Figure 1 is the bias and The activation function of the output neurons h 1 being the identity within the framework of the regression, we denote h := h1 and we remove h 2 from the writing; the formulation classically retained is then:

f (k) (x; θ) = h 2 nn i=1 W (k) i h 1 nx j=1 W ij x j + W i0 + W (k) 0 (3) 
f (k) (x; θ) = nn i=1 W (k) i h 1 nx j=1 W ij x j + W i0 + W (k) 0 (4) 
Where: -W (k) 0 , k∈ {1, ..., n y }, are the output biases;

-θ = W ij j∈{1,...,nx} W i0 i∈{1,...,nn} W (k) i i∈{1,...,nn} W (k) 0 k∈{1,...,ny}
, represents the set of parameters of f .

C4. 5

In Seema (2013), C4.5 is based on the information gain ratio that is evaluated by entropy. The information gain ratio measure is used to select the test features at each node in the tree. Such a measure is referred to as a feature (attribute) selection measure. The attribute with the highest information gain ratio is chosen as the test feature for the current node. Let D be a set consisting of (D1,. . . , Dj) data instances. Suppose the class label attribute has m distinct values defining m distinct classes, Ci (for i = 1,. . . ,m). Let Dj be the number of samples of D in class Ci. The expected information needed to classify a given sample is given by :

Splitinf o A (D) = -(|Dj|/|D|) × log((|Dj|/|D|))
Gain ratio(A) = Gain(A)/splitinf o A (D)

Where:

Gain = Inf o(D) -Inf o A (D) Inf o(D) = -P i log 2 (P i) and Inf o A (D) = -(|DJ|/|D|) × Inf o(DJ)
Where Pi = probability of distinct class Ci, D = data set, A = sub attribute from attribute, (|Dj|/|D|) acts as the weight of the jth partition. In other words, Gain (A) is the expected reduction in entropy caused by knowing the value of feature A.

Performance Evaluation Measures

We consider the following performance evaluation measures : Where :

P recision = T P T P + F P ; (5) 
Recall = T P T P + F N ; (6) 
F -M easure = 2 × Recall × P recision Recall + P recision ; (7) 
-Precision is the ratio between the number of true positives (TP) and the sum of true positives (TP) and false positives (FP). A value of 1 expresses the fact that all the samples classified as positive really were.

-A Recall of 1 means that all positive samples have been found.

-F-Measure :this quantity makes it possible to group the performance of the classifier (for a given class) into a single number.

For a given class, a classifier and a sample; four cases can arise:

1. The sample is of this class, and the classifier is not mistaken: it is a true positive (TP).

2. The sample is of this class, but the classifier is wrong: it is a false negative (FN).

3. The sample is not of this class, but the classifier assigns it anyway: it is a false positive (FP).

4. The sample is not of this class, and the classifier does not place it in this class either: it is a true negative (TN).

IV RESULTS AND DISCUSSION

Results

Ensemble techniques are methods for combining two (2) or more models in order to design a single efficient model. Given that our problem falls into the category of a statistical classification problem, some error measurement parameters were evaluated. Table 4 shows the confusion matrix of our method, Table 5 shows TechCE performance and Table 6 shows the precision of the Machine Learning techniques that have been combined to build our own model and the proposed technique (TechCE).

Here is the meaning of the different values of the confusion matrix or error matrix of Table 4:

-True positive (TP) = 446; which means that 446 positive class data points were correctly classified by the model.

-True negative (TN) = 232; which means that 232 negative class data points were correctly classified by the model.

-False Positive (FP) = 12; meaning that 12 negative class data points were incorrectly classified as belonging to the positive class by the model.

-False negative (FN) = 9; which means that 9 positive class data points were incorrectly classified as belonging to the negative class by the model. Table 6 shows the Precision of the C4.5 decision tree (J48 in Weka), the Multilayer Perceptron(MP), the Support Vector Machine (SVM) and the TechCE.

Discussion

The proposed method uses stacking to combine three ( In the present work, the performance of four (4) different statistical learning methods is evaluated on the University of Wisconsin Hospital Database. Table 6 shows the computation time for these techniques. Among these classification algorithms, the decision tree (J48) takes less time than the other techniques. Likewise, the same table 6 shows the precision of the four (4) algorithms. The proposed approach (TechCE) has shown a better performance in terms of precision than the three (3) other statistical learning methods. The choice of the combination of the Support Vector Machine (SMO), Artificial Neural Network (ANN) and that of the decision tree (J48) is based on the precision that these classifiers showed in our review of the literature and their very frequent use in a lot of research. For this study, a stacking technique was applied in order to obtain a single strong learner, called TechCE. In order to show that the prediction of our model is correct, we have presented the confusion matrix (or the error matrix) in Table 4.

V CONCLUSION AND FUTURE WORKS

This article has shown the importance of intelligent systems in the detection and diagnosis of breast cancer. We have combined machine learning (or statistical learning) methods in order to prove the effectiveness of the proposed approach. Finally, the resulting statistical learning model makes it possible to classify breast cancer as malignant or benign, with a precision rate of 97%.

Our future works :

-Test whether other combinations (with two base classifiers) with better classification performance and computation time cannot be formed from the three base classifiers we used.

-Image processing, especially mammographic images.

-Design and develop a complex deep learning model applied to mammographic images to classify normal and abnormal patients using popular technologies such as Tensorflow and Keras.

  research, as they help to achieve more accurate diagnosis, prognosis and treatment within relatively short time (Mohamed et al.(2019)). In Moloud et al.(2018), in order to improve classification algorithms for early diagnosis of breast cancer, the authors proposed a new hybrid ensemble technique called nested ensemble (NE)

Algorithm 1 :: 1 .Figure 1 :

 111 Figure 1: Proposed method-TechCE.

Figure 2 :

 2 Figure 2: Artificial Neural Network of type Multilayer Perceptron with a hidden layer, with activation function h 1 for hidden neurons and h 2 for output neurons (Matthias (2013)).

-

  x j , j∈ {1, ..., n x }, are the input parameters or input neurons; -W i0 , i∈ {1, ..., n n }, are the biases of the neurons of the hidden layer; -W ij , (i, j)∈ {1, ..., n n }×{1, ..., n x }, are the weights of input neurons associated to the neurons in the hidden layer; -W (k) i , i∈ {1, ..., n n }, k∈ {1, ..., n y }, are the weights of the neurons of the hidden layer linked to output neurons;

Table 4 :

 4 Confusion matrix with a = benign class; b = malignant class .

Table 1 :

 1 Patient characteristics.

	Number	Attributes	Definitions
	1	Sample code number	Patient identifier
	2	Clump ThicknessD	1-10
	3	Uniformity of Cell Size	1-10
	4	Uniformity of Cell Shape	1-10
	5	Marginal Membership	1-10
	6	Single Epithelial Cell Size	1-10
	7	Bare Nuclei	1-10
	8	Bland Chromatin	1-10
	9	Normal Nucleoli	1-10
	10	Mitoses	1-10
	11	Class	Benign or Malignant
		Processor	RAM
	AMD E2-9000e Radeon R2, 4 Computer Cores 2C+2G 1,50Ghz 4.00 GB (3.89 usable)

Table 2 :

 2 Characteristics of the computer.

Table 3 :

 3 Model components.

Table 5

 5 shows the Precision, Recall and F-Measure of our proposed model.

	Proposed model TechCE
	Precision	97%
	Recall	97%
	F-Measure	97%

Table 5 :

 5 TechCE method performance .

	Methods Precision Time (seconds)
	J48	94.99%	0.17
	MP	95.28%	2.98
	SVM	96.85%	0.66
	TechCE	97%	31.29

Table 6 :

 6 Precision of the combined techniques and the proposed technique.

  3) statistical learning techniques on the University of Wisconsin Hospital database, which contains 699 clinical cases for breast cancer.Sertan et al.(2017) proved that artificial neural networks can be used to classify digital images. However, they did not obtain acceptable results and this is due to insufficient data. There is no doubt that the approach proposed in Boukhobza et al.(2012) is able to classify normal and abnormal images in the MIAS generated database. However, the authors did not demonstrate in their study the performance of the model on other databases apart from MIAS. The work in Fung et al.(2018) shows the importance of convolutional neural networks as they can be improved to achieve a particular goal in a domain such as breast cancer. However, the proposed approach is unable to fully resolve dark-field affected mammographic images. The approach proposed in Simon et al .(2020) has the quality of locating and classifying the mass as benign or malignant. However, the authors did not take into account macrocalcification anomalies. SVM gave the best classification accuracy in Hiba[START_REF] Asri | Using Machine Learning Algorithms for breast Cancer Risk Prediction and Diagnosis[END_REF], with the lowest warning error rate. The model obtained in Moloud et al.(2018) allows the classification of patients into benign or malignant categories. However, it is difficult to implement especially when dealing with large volumes of data.