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Abstract—Breast cancer (BC) is a standout disease of the most well-known 

cancers among women around the world. The analysis and prediction of BC leads to 

early manage the disease and protect the patients from further medical 

complications. In the light of its noticeable focal points in basic highlights 

identification from complex BC datasets, Machine Learning (ML) is generally 

perceived as the technique of decision in BC design order and gauge displaying. 

Because of the high performance of the Multi-layer Perceptron (MLP) algorithm as 

one of the ML techniques, we conducted experiments in order to enhance the 

accuracy rate of MLP by tuning its hyper-parameters along with studying the effect 

of feature selection methods and feature reduction of MLP. As feature selection 

results indicated that an increase in the number of input parameters tends to reduce 

the error associated with the estimator model. The tuned MLP proposed in this 

paper, based MLP best fit hyper-parameters along with feature selection is applied 

for breast cancer classification using Wisconsin Diagnostic Breast Cancer (WDBC) 

dataset. As the tuned MLP experimental result shows an accuracy reached 97.70% 

as it outperforms the basic MLP. 
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1. INTRODUCTION 

According to the American Cancer Society (ACS), worldwide studies reported 

627,000 deaths from breast cancer in 2018 and this number is expected to increase 

impacting 2.1 million women in 2019. Breast cancer has turned into a typical disease 

around the globe caused 22.9% of a wide range of cancers in women and the main source 

of cancer death [1]. Furthermore, about 10% of women have breast cancer in western 

nations, millions of women experience the ill effects of this weakening dangerous disease 

[2]. 

The development of massive breast cancer screening leads to earlier diagnosis and 

rapid management with a significant improvement in survival rate. The treatment and 

analysis of medical images is a rapidly expanding area. The problem of automatically 

searching for information contained in medical images is needed, due to the diversity of 

medical imaging devices and the difficulty of interpretation of such images [3]. In order 

to process this large volume of information, doctors are currently turning to the use of 

systems to assist in the analysis and interpretation of these images. This analysis aims to 
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facilitate the diagnosis made by the practitioner and to make it as accurate and reliable. 

This can be achieved by Machine learning (ML) techniques, although breast cancer 

analysis remains real public health and a very sensitive problem. Therefore, the necessity 

for accurate ML models is required. 

Machine learning (ML) is one of Artificial Intelligence (AI) fields that imitates the 

human brain in processing data and creating patterns for using in decision making[4]. ML 

techniques endeavor to develop supervised prediction models for steadily classifying 

future occasions with historical information. These techniques have often shown up in 

different practice regions and particularly health-care and biology[5]. Classification and 

prediction issues have an essential role in medical decision making[6]. In this manner, 

because of illnesses diagnosis significance to humankind, a few examinations have been 

led on modeling procedures for their classification [6, 7]. 

In this study, we used MLP technique as a prediction model for the breast cancer 

tumors , as we conducted a set of experiments on a variant parameter of the MLP model 

to enhance the prediction accuracy  of the generated model. This research aims to study, 

as an enhancing, one of machine learning techniques in order to classify or predict breast 

cancer. With a plethora of techniques, each of which owns a process for building the 

predictive model. In addition to the importance of detecting the tumour in the early 

stages, the necessity to find sub-optimal models is required. This research presents the 

results of the MLP method that would be baselines for researchers to focus more on 

improving such techniques for the future of breast cancer diseases. 

The paper is organized as follows: Section 2 discusses background information about 

MLP technique and related works in improving its parameters on some applications. 

Section 3 proposes the methodology in tuning the MLP hyper-parameters. Section 4, the 

experimental results and discussions were presented along interpretations to the 

constructed models. Section 5, concludes the final results and exhibits the future work.  

 

2. BACKGROUND AND RELATED WORK 

In this section, we present and discussed the main concepts of MLP, feature selection, 

and grid search, as they are the backbone of this paper. 

 

2.1. MULTILAYER PERCEPTRON 

By training on a dataset, the supervised learning algorithm MLP, comes under the 

functions classifier category that learns a function  
where m, is the number of dimensions for input and o is the number of dimensions for 

output. MLP can be one or more a non-linear layer, which is different from logistic 

regression, when a set of features   is given and a target y, MLP 

can learn non-linear function approximator for either classification or regression. Figure 1 

shows one hidden layer between the input and the output layer, with scalar output.   

Fig. 1   One hidden layer MLP  [8] 
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Advantages: To use for regression and mapping, the MLP algorithm is a generally very 

good algorithm. It tends to be utilized to map an N-dimensional input signal to an M-

dimensional output signal, this mapping can likewise be non-linear.  

Disadvantages:  The principal restriction of the MLP algorithm is that the number of 

Hidden Neurons must be set by the user, setting this value too low may result in the MLP 

model underfitting while at the same time setting this value too high may result in the 

MLP model overfitting. Another restriction of the MLP algorithm is that due to how it is 

trained, it can't ensure that the minima it stops at amid training are the global minima. The 

MLP algorithm can stall out in local minima [9]. 

 

2.2. FEATURE SELECTION 

Because of a lot of data streaming over the network real-time machine learning is 

practically generally complex. Feature selection can reduce calculation time and model 

complexity. Research on feature selection began in the early 60s. Essentially, feature 

selection is a strategy of choosing a subset of pertinent/vital features by evacuating the 

most irrelevant and redundant features from the data for structure a viable and proficient 

learning model.[10] As shown in Figure 2. 

 

 

Fig. 2   Block diagram of the adaptive feature selection process [11] 

The procedure of Feature Selection forms, as shown in Figure 3, includes four 

fundamental strides in a run of the mill feature selection strategy that appeared in Figure 

2. First is age strategy to produce the following competitor subset; the second one is an 

assessment capacity to assess the subset and the third one is a halting rule to choose when 

to stop, and an approval technique to check whether the subset is valid [10]. 

Fig. 3   Feature selection process [10] 
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2.3. GRID SEARCH 

Grid search is the way toward performing hyperparameter tuning to decide the ideal 

qualities for a given model. This is critical as the performance of the whole model 

depends on the hyperparameter esteems determined [12]. It works iteratively, for some of 

the parameters related to the model you enter some great likely qualities and the Grid 

search emphasizes through every one of them and looks at the outcome for each value 

and afterward gives you the best parameters which are appropriate for your model [13]. 

 

2.4. EVALUATION METRICS 

Classification Accuracy is referred to the capacity of the algorithm to anticipate the 

correct class name for instances of obscure class labels (testing set), as shown Equation 1. 

The accuracy measure is utilized for evaluating and comparing the underlying basic MLP 

classifications. [14] 

          (1) 

 

2.5. RELATED WORK 

This section illustrates several related works to the tuning of MLP and its 

hyperparameter or other methodologies to improve machine learning. 

A hybrid model composed of MLP with either a particle swarm optimization (PSO) 

algorithm or a cuckoo optimization algorithm (COA) was proposed in [15]. Their 

approach based on plus-l-take-r for feature selection as it increases the number of 

parameters used for the training model with the aim of minimizing the error rate of the 

model. As they concluded to reduce the number of parameters to only five parameters for 

the prediction model. They conducted experiments to compare MLP-COA and MLPPSO 

hybrid models, the results shows that MLPPSO outperforms MLP-COA in term of 

accuracy. 

An ensemble based feature selection utilizing random trees and wrapper technique was 

proposed in [16]. The proposed ensemble learning classification technique infers a subset 

utilizing the wrapper strategy, bagging, and random trees. The proposed strategy 

evacuates the unimportant features and selects the ideal features for classification through 

probability weighting criteria[18,19]. The proposed features selection technique is 

evaluated utilizing Support Vector Machines (SVM), Random Forest (RF), and Naïve 

Bayes (NB) evaluators and the exhibitions are thought about against the Feature Selection 

Naïve Bayes (FSNBb), Feature Selection Support Vector Machines(FSSVMb), Genetic 

Algorithm and Support Vector Machine (GASVMb), Genetic Algorithm and Naïve 

Bayes (GANBb), and Genetic Algorithm and Random Forest (GARFb) strategies. The 

proposed strategy accomplishes mean classification accuracy of 92% and beats the other 

ensemble techniques. 

A hybrid machine learning approach named Multi-layer Perceptron Neural Network 

(MLP)and Biogeography-based Optimization (BBO (MLP-BBO) for the prediction of the 

coefficient of consolidation of soft soil was presented in [17]. This technique depends on 

Multi-layer Perceptron Neural Network (MLP)and Biogeography-based Optimization 

(BBO). For this, an all-out number of 164 soil tests. In the displaying, input parameters 

utilized include clay (%), moisture content (%), liquid limit (%), plastic limit (%), 

plasticity index (%), and liquidity index (%). To approve the execution of the models, 

standard techniques, for example, Root-Mean-Square Error (RMSE), Mean Absolute 

Error (MAE), and relationship coefficient (r) were utilized. For the examination of the 

execution of the models, mainstream machine learning strategies were utilized to be 

specific Back propagation Multi-layer Perceptron Neural Networks (Bp-MLP Neural 
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Nets), Radial Basis Functions Neural Networks (RBF-Neural Nets), Gaussian Process 

(GP), M5 Tree, and Support Vector Regression (SVR). Consequences of the model 

examination demonstrate that the proposed strategy MLP-BBO has the most noteworthy 

prescient capacity ((RMSE=0.397, MAE=0.302 and r=0.827), followed by the SVR 

(RMSE=0.403, MAE=0.299 and r=0.819), the Bp-MLP Neural Nets (RMSE=0.478, 

MAE=0.398 and r=0.805), the RBF-Neural Nets (RMSE=0.412, MAE=0.281 and 

r=0.804), the GP (RMSE=0.440, MAE=0.301 and r=0.777), and the M5 Tree 

(RMSE=0.494, MAE=0.322 and r=0.728), in the prediction of Cv, separately. Along 

these lines, it very well may be inferred that however execution of every single connected 

model is good in the prediction of the coefficient of consolidation of soil yet execution of 

the MLP-BBO is the best. 

A knowledge-based system for predicting breast cancer is proposed in [20]. the system 

uses Expectation Maximization (EM) and Principal Component Analysis (PCA), as they  

were individually exploited for clustering and addressing the multicollinearity problem 

within the datasets. Moreover, they used Regression Trees (CART) to consequently 

create set fuzzy rules from the dataset that will help predict the presence of Brest cancer 

of mammogram images. They evaluated the knowledge-based system for two real-world 

datasets, WDBC and Mammographic mass same as related to other studies [21, 22]. 

 

3. PROPOSED TUNED MLP MODEL 

The classification is a core process for a large number of breast cancer prediction, 

which requires features that are extracted from dataset. [18] The Tuned MLP extensions 

are generally divided into two categories, one investigated the reduction of the extracted 

feature size, while the other investigated the enhancement of the classification power. 

This section introduces a tuned MLP for local feature extraction by extending the MLP 

with the aim of reducing the size of the extracted feature and enhance the classification 

power discriminating against different ML classification algorithms. 

 

 

Fig. 4   The Tuned MLP 
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The proposed model used consists of the following steps:  

A. Data Selection and Preparation:  

The dataset is selected from WDBC. This dataset includes 569 instances and 32 

attributes. 

B. Preprocessing Data  

In this step the data set is loaded then a supervised filter which is attribute-based is 

applied on the data set which removes unnecessary attributes and therefore 1 attribute was 

selected.  

C. Classification Iteration 1 

In this step, we determine to classify and select cross-validation 10 and select the MLP 

algorithm. 

D. Ensemble feature selection 

In step, we define and select attributes and choose a search method and attribute 

evaluators such as search method;( attribute evaluators): (Ranker; 

InfoGainAttributeEval), (BestFirst; CfsSubsetEval), (Greedy Stepwise; CfsSubsetEval), 

(BestFirst; WrapperSubsetEval), (Greedy Stepwise; WrapperSubsetEval). 

E. Voted of the best relevant features 

As in the previous step, the number of features will be reduced, in this step the voting 

for the best relevant features through the following equation: 

 

Y = w1c1+w2c2 + w3c3+w4c4+ w5c5                                     (2) 

 
F. Classification using the tuned MLP 

By trying and experimenting and comparing the parameters of the MLP algorithm to 

raise its accuracy in the classification of breast cancer. 

That Tuned MLP parameters that we used in the proposed model are as follows, N: the 

number of the hidden layers, activation function for the first N-1 of the hidden layer, the 

last hidden layer activation function (is sigmoid because the type of class is binary), the 

optimizer, hyper-parameter (learning rate=0.001, patch size= 5, number of epochs =150 

and dropout to avoid overfitting problem =0.1. 

 

4. EXPERIMENTAL RESULT AND DISCUSSION  

In this section, the experimental result conducted for the Tuned MLP through setting 

the hyper-parameters of basic MLP, and compare the result with tuned MLP along with 

other ML such as KNN, RF. 

 

4.1. PARAMETER SETTINGS AND DATASET 

Before conducting the experiments, a set of parameters for the MLP and dataset were 

set up as in Table I. 

Table I. Parameter Settings of MLP classification algorithms 

Parameter MLP 

Input layer 31 

Output layer 1 

Type of class Binary { M = malignant, B = benign } 

dataset WDBC 
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The tuned MLP is mainly about the best fit for MLP to improve the accuracy, where 

several parameters that affect the MLP results. That parameters are as follows, N: the 

number of the hidden layers, activation function for the first N-1 of the hidden layer, the 

last hidden layer activation function (is sigmoid because the type of class is binary), the 

optimizer, hyper-parameter (learning rate=0.001, patch size= 5, number of epochs =150 

and dropout to avoid overfitting problem =0.1. The values of parameters for the 

conducted experiments for basic MLP and its accuracy without ensemble feature 

selection is shown in Table II. 

Table II. Tuning MLP Parameters 

seed activation1  activation2 hidden layer optimizer accuracy 

2 Relu sigmoid 1 rmsprop 97.35% 

2 Relu sigmoid 1 adem 96.13% 

2 Tanh sigmoid 1 rmsprop 96.65% 

2 Tanh sigmoid 1 adem 96.65% 

2 sigmoid sigmoid 1 rmsprop 96.47% 

2 sigmoid sigmoid 1 adem 97.00% 

2 Relu sigmoid 2 rmsprop 97.53% 

2 Relu sigmoid 2 adem 96.83% 

2 Tanh sigmoid 2 rmsprop 97.18% 

2 Tanh sigmoid 2 adem 97.00% 

2 sigmoid sigmoid 2 rmsprop 97.18% 

2 sigmoid sigmoid 2 adem 97.00% 

2 relu sigmoid 4 rmsprop 96.30% 

2 relu sigmoid 4 adem 97.01% 

2 tanh sigmoid 4 rmsprop 95.61% 

2 tanh sigmoid 4 adem 96.65% 

2 sigmoid sigmoid 4 rmsprop 97.52% 

2 sigmoid sigmoid 4 adem 96.99% 

2 relu sigmoid 6 rmsprop 96.30% 

2 relu sigmoid 6 adem 96.65% 

2 tanh sigmoid 6 rmsprop 96.83% 

2 tanh sigmoid 6 adem 96.30% 

2 sigmoid sigmoid 6 rmsprop 97.18% 

2 sigmoid sigmoid 6 adem 97.70% 

 

4.2. RESULT AND DISCUSSIONS 

At the beginning the first experiments for the basic MLP accuracy result (96.66%) as 

shown in Table III, then started the tuning process, by implementing extra hyper-

parameters for the proposed tuned MLP, to find the best fit that eventually will produce 

higher accuracy for the prediction of Brest cancer. 
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Table III. Accuracy results of MLP on the WDBC dataset before the selected feature 

Scheme Accuracy  

Correctly 

Classified 

Instances 

Incorrectly 

Classified 

Instances 

Kappa 

statistic 

Mean 

absolute 

error 

Root 

mean 

squared 

error 

Relative 

absolute 

error 

Root 

relative 

squared 

error 

MLP 96.66% 3.34% 0.93 0.04 0.17 7.82% 34.98% 

 

The second experiment, for the tuned MLP through reduced the feature selection from 

31 attributes to only 4 attributes that were most influential by identifying the tumour type. 

Search methods were implemented with different attribute evaluators, for example, 

Ranker with InfoGainAttributeEval, BestFirst with CfsSubsetEval, Greedy Stepwise with 

CfsSubsetEval, BestFirst with WrapperSubsetEval, and Greedy 

StepwiseWrapperSubsetEval, Then , we voted the selected feature, as the number of 

feature was reduced from 31 to 4 feature results indicated four features (texture_mean, 

concave points_mean, Radius_worst, Smoothness_worst) of WDBC dataset  that were  

dominant for determining of presence of Brest cancer. 

Table V. Accuracy results of basic MLP algorithm on the WDBC dataset after selected 

attributes 

Scheme Accuracy  

Correctly 

Classified 

Instances 

Incorrectly 

Classified 

Instances 

Kappa 

statistic 

Mean 

absolute 

error 

Root 

mean 

squared 

error 

Relative 

absolute 

error 

Root 

relative 

squared 

error 

MLP 97.19% 2.81% 0.94 0.04 0.15 7.80% 31.03% 

 

The third experiment  were conducted by exploiting the use of Grid Search method, 

which is used to find the optimal hyperparameters (as shown Table II)of a model which 

results in the most ‘accurate’ predictions, to find the best value of the parameters for the 

optimizers in terms of epochs, batch-size and seed. The result of experiments is evaluated 

based on which of the Grid Search method produces the best result in terms of accuracy 

as shown in Figure 5. 

As noted in Figure 5, the best parameters that produce accuracy (97.70%), which is 

better as compared to the basic MLP (96.66%) as discussed early in this section. The best 

fit for the Tuned MLP as proposed in this paper is as follows:  as the activation function 

for the first N-1 Hidden layers is sigmoid, the number of hidden layers is six, the 

optimizer is Adem. 
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Fig. 5   Experiments for Tuned MLP Parameters 

5. CONCLUSION 

In this paper, a tuned MLP   for breast cancer prediction is proposed, which is aimed at 

improving the accuracy of MLP compared to the basic MLP algorithm. The Tuned MLP 

is based on reducing the size of the extracted feature, as we used search methods were 

used with different attribute evaluators, and then voted of the best relevant features where 

it was reduced features from 31 attributes to only 4 attributes of WDBC dataset. 

Moreover. The proposed Tuned MLP proven that the use of Grid Search method to 

find the optimal hyperparameters of a model which results in the most ‘accurate’ 

predictions as compared to the basic MLP. The tuned MLP best fit for hyperparameters 

are as follows:  as the activation function for the first N-1 Hidden layers is sigmoid, the 

number of hidden layers is six, the optimizer is Adem as the experimental results proven 

over the WDBC dataset showed that the accuracy enhancement of tuned MLP compared 

to the original MLP is around 1.04%. 
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