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Abstract 

Breast cancer is one of the deadliest cancers among women worldwide and one of the main causes of mortality for 

women in the United States. Breast cancer can be detected earlier and with more accuracy, extending life 

expectancy at a lower cost. To do this, the efficiency and precision of early breast cancer detection can be increased 

by evaluating the large data that is currently available utilizing technologies like machine learning fusion-based 

decision support systems. In this paper, we investigate the prediction performance of various regression models and 

a decision support system based on these models that provided the predicted category along with a prediction 

confidence measure. The various machine learning (ML) algorithms applied include decision tree regressor, MLP 

regressor, SVR, random forest regressor, and K-Neighbors regressor. The models are enhanced by average ensemble 

and ensemble using K-Neighbors regressor. We used the Breast Cancer Wisconsin Dataset from Wisconsin 

Prognostic Breast Cancer (WPBC) with 569 digitized images of a fine needle aspirate (FNA) of breast mass and 10 

real-valued feature information. Among all five machine learning methods, K-Neighbors regressor had the best 

performance and ensemble using K-Neighbors regressor gave the best accuracy. The results show that there is a 

decrease in RMSE, MAE, MBE, R, R2, RRMSE, NSE, and WI when compared to the traditional methods. 

Keywords: Breast Cancer; Ensemble model; Machine learning Fusion; Regression model. 

1 Introduction 

Cancer is brought on by alterations, or mutations, in the genes that control cell proliferation. The cells' mutations 

enable uncontrolled cell division and proliferation. Cancer-related or causative agents fall into the following main 

categories: chemical or toxic substance exposures, ionizing radiation, certain infections, and human genetics. 

Anything that can cause a normal body cell to develop abnormally has the potential to cause cancer. (As of today's 

Medical News, 2021) Cancer signs and symptoms vary depending on the type and stage of the disease; however, 

although general signs and symptoms are not very specific, patients with various cancers may experience the 
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following: fatigue, weight loss, pain, skin changes, changes in bowel or bladder function, unusual bleeding, a 

persistent cough or voice change, fever, lumps or tissue masses. Breast cancer is the most prevalent type of cancer in 

the US, followed by lung and prostate cancers, according to the National Cancer Institute, which excluded 

nonmelanoma skin cancers from these data (Medical News Today, 2021) [1]. 

 

Breast cancer is one of the most lethal cancers among women worldwide and one of the main causes of death in the 

United States. In the U.S., over 41,000 women passed away from breast cancer in 2015, while approximately 

266,000 new cases were discovered in 2018. The most prevalent cancer in women worldwide and one of the main 

causes of cancer death in women is breast cancer [2]. Globally, 2.09 million women were diagnosed with breast 

cancer in 2018, according to Globocan data, making it the most common type of cancer in women. The incidence of 

breast cancer varies greatly by geography around the world, with industrialized nations experiencing a markedly 

greater prevalence than developing nations [3]. The chance of having breast cancer in the United States is one in 

eight women. The data from 1999 to 2015 indicated a consistent rise over the entire nation, and the number of 

people with diagnoses increased to 242,476. However, after declining for six straight years from 1999 to 2005, the 

annual rate of new cases continued to stabilize [3]. 

 

Regular breast cancer screenings allow for early detection and treatment of breast cancer. Artificial intelligence and 

machine learning techniques are now frequently used to enhance cancer detection. Data on cancer has been 

successfully classified in the medical field using statistical machine learning fusion techniques [4-6]. Many machine 

learning techniques, such as a convolutional neural network (CNN) or deep neural network (DNN), have 

outperformed conventional picture identification performance in medical imaging by using data volume and 

computation as the driving force [4]. Other cutting-edge ML models, including Logistic Regression, Support Vector 

Machine, Decision Trees, and Nave Bayes, have been found to yield good prediction performance for medical data 

consisting of numerical, ordinal, and nominal attributes, whereas Artificial Neural Network (ANN) models have 

been found to yield good prediction performance for image data [7, 8]. One of the earlier studies utilizing ANN in 

cancer detection, which used demographic data and mammographic findings, had demonstrated that it can achieve 

an area under the curve (AUC) value of 0.965 with good accuracy even for a big dataset [7]. However, other studies 

using ANN applications in a small dataset of lung cancer patients revealed poorer accuracy [8]. 

 

In this work, breast cancer prediction has been done using different regression methods. We proposed five different 

models that include regression models such as decision tree regressor, multi-Layer perceptron Model (MLP) 

regressor, support vector regression (SVR), random forest regressor, and K-Neighbors regressor. In addition, the 

ensemble model is proposed to optimize the parameters of the regression models.  Also, the proposed have been 

evaluated using statistical metrics such as Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), 

Mean Square Error (MSE), Root Mean Square Error (RMSE), and R2. Results show the achievement of better 

performance with decreased error rate when compared to traditional prediction models. 

 

The rest of the paper is organized as follows. In Section 2, we present the literature review. In Section 3, the 

methodology is presented. Section 4 includes the experimental setup. Finally, Section 5 includes the conclusion and 

suggestions. 

2 Literature Review 

Many studies reported in the literature have utilized several data mining techniques in breast cancer. Many 

researchers have conducted the research using the regression methodology. This article includes some research 

articles and shows the trends of prediction using the regression analysis method.  

In [9], the author discussed a study on the use of several regression approaches to predict disease outbreaks. The 

importance of regression approaches in several facets of the healthcare industry was covered by the authors in [10]. 

Based on the data in the work [11], which compares various machine learning approaches, they included the 

prediction of breast cancer incidence using the linear regression method and the UCI repository data set, and with 

that, they discovered the accuracy of linear regression to be 99.06%. Authors in [12] employed CUDA parallel 

programming assistance and the logistic regression approach to detect breast cancer with good results. 

In [13], authors investigated a logistic regression approach to create a prediction model for clinical application. They 

discussed the value of prediction models utilizing logistic regression in the clinical area by considering a real-time 
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dataset and ultimately concluded that regression is crucial to delivering better treatment at a lower cost. Another 

study [14] discussed how to anticipate the increase of diabetes using the regression approach while considering 

actual hospital data from Africa using the Weka tool and the logistic regression method. They also employed certain 

categorization algorithms. In [15], the author used logistic regression to predict heart illnesses and reached an 

accuracy of the result of 86.89%; they also compared their findings to those of knn and naive Bayes algorithms, but 

the regression approach produced good results. In [16], the authors used a variety of machine learning techniques to 

predict the variables that affect a breast cancer patient's chance of survival; in this study, they also used logistic 

regression as one of the machine learning fusion techniques for prediction.  

In [17], the authors demonstrated the prediction of breast cancer utilizing supervised approaches such as logistic 

regression, KNN, and support vector machines. The logistic regression method produced good results. For the 

purpose of predicting heart disease, the study in [18] employed a multiple linear regression model, and the level of 

accuracy attained was satisfactory. In addition, several writers demonstrated how we can forecast the proportion of 

breast cancer patients who would survive by comparing decision trees and logistic regression in [19] and discussing 

the various aspects influencing the survival rate. In the research conducted by the authors of this publication [20], a 

logistic regression model and a Bayesian strategy for gene classification and selection using microarray data are 

provided.  

The research presented in this publication [21] focuses on identifying drug-related physiological effects using HER 

records. To investigate the methodological changes, a regression model is created. Authors in [22] examined the use 

of data-mining technology on clinical big data to encourage the generation of research findings that are helpful to 

physicians and patients. Using machine-learning algorithms, the author's investigations in [23] concerning the 

prediction and diagnosis of breast cancer have determined which methods are the most efficient in terms of 

confusion matrices, accuracy, and precision. Additionally, some authors discussed statistical models for the 

examination of a group of medical data in [24]. 

3 Methodology 

In this work, we use regression models, that are presented in [25, 26], for breast cancer prediction. We employ five 

regression models: K-Nearest Neighbors, Decision Tree Regressor, MLP Regressor, SVR Regressor, and Random 

Forest Regressor. Figure 1 shows a summary of the regression model for predicting breast cancer. It is divided into 

three levels: Data pre-prospecting and feature extraction are included in the first level; five different regression 

models are contained in the second level's second layer and are used to predict breast cancer along with their 

underlying principles; and finally, the prediction process is completed in the third level, which includes training, 

testing, and evaluating the models. 

3.1 Data Pre-processing 

Data preparation is the process by which we load our data into an appropriate location and make it ready for use in 

our machine learning training. After gathering all of our data, we'll randomly order them. 

3.2 Feature extraction 

The process of choosing a subset of pertinent characteristics to be used in the creation of a model is known as 

feature selection in machine learning and statistics, as well as the variable selection and attribute selection. Selection 

of the Data File and Feature Wisconsin Breast Cancer (Diagnostic) - Data out of 31 parameters, we chose roughly 

8–9 parameters from the machine learning repository. Breast cancer diagnosis, whether it is malignant or benign, is 

our target parameter. For Feature Selection, the Wrapper Method was utilized. The study's key findings include: 

Concave points worse, Area worst, Area se, the worst texture, the average texture, the average smoothness, the 

average radius, and the average symmetry. 
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Figure 1: Regression model for the breast cancer prediction 

3.3 The proposed models 

We proposed a decision tree regressor, MLP regressor, SVR, random forest regressor, and KNeighbors regressor to 

build five models as presented in [25, 26]. We give a brief overview of these methods as follows. 

Decision Trees. The decision tree is a fundamental classification approach, and the classification of instances based 

on features is represented by the tree structure of the decision tree. In fact, this classification resembles a set of if-

then statements quite a bit. Feature selection, decision tree generation, and decision tree pruning are the typical three 

processes in decision tree learning. The nodes and directed edges of a classification decision tree model. Internal 

nodes, which represent a feature or attribute, and leaf nodes, which represent a class, are the two different types of 

nodes in a tree structure [27, 28, 29]. 

Multi-Layer Perceptron Model. The Multilayer Perceptron (MLP) is a feed forward neural network type that is 

used for air pollution prediction because it has the capacity to build incredibly complex nonlinear models. The 

network receives the necessary input parameters, causing the MLP to fire. The input signals produced by these input 

parameters are transmitted across the network, first from the input layer to the hidden layer and then from the hidden 

layer to the output layer. The weights, which are real numerical values, are multiplied by the scaled input vector that 

is introduced by the neurons in the input layer [30, 31, 32]. 

Support Vector Regression. One use for the 1954-invented support vector machines (SVM) is support vector 

regression (SVR). The foundations of SVM are structural minimization and statistical learning theory. By 

transferring the data from a low-dimensional to a high-dimensional space, the kernel function's main goal is to 

convert the data from a nonlinear to a linear feature space. Radial basis functions, linear basis functions, and 

polynomial basis functions are examples of common kernel functions that can be utilized in SVR [33, 34, 35]. 

Random Forest. To produce an ensemble of trees, the Random Forest (RF) categorization aggregates the results of 

many decision-making trees. A single decision tree's ability to build either a very specific or basic model is used to 

support this claim [36]. 

k Nearest Neighbors. The k-Nearest Neighbor algorithm is another fundamental classification and regression 

analysis technique that presupposes that every instance has been given a class label based on the training data. A 

new instance is categorized by the class of its k closest training instances when it is being categorized. As a result, 

the kNN method lacks an explicit learning process. It divides the feature space in reality in accordance with the type 

of training data, and then employs this procedure as the classification model. The distance between test data and 

training data, the choice of the value of k, and the classification statement all play fundamental roles in kNN models. 

Since the feature space in kNN is an n-dimensional real vector space, there are two possible methods for calculating 

the distance between two instance points: Euclidean distance and distance. In this study, the kNN analysis uses the 

Euclidean distance. Additionally, the model's categorization output will be considerably impacted by the choice of k 
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value . 

The Proposed Ensemble Model. Each regression model in the suggested ensemble has its parameters optimized 

before being combined with other models to form a single ensemble. This ensemble includes the Decision Tree 

Regressor, MLP Regressor, SVR, Random Forest Regressor, and KNeighbors Regressor. The best-predicted value 

that most closely resembles the air quality input attributes is the ensemble model's output. 

3.4 Regression Model Training 

After the feature extraction step, the features represent the data training for models. Five separate models were 

subsequently created for testing and training. In order to deploy the models, you must first confirm the prediction 

value range. If necessary, you should then forecast if the air quality levels are satisfactory or good; if not, the models 

and datasets need to be improved once more. 

3.5 Evaluation 

The most popular evaluation criteria are the correlation coefficient (R2), Mean Absolute Error (MAE), Root Mean 

Square Error (RMSE), MBE, RRMSE, NSE, and WI. The R2 value shows the fitting degree of regression. MAE 

represents the difference between predicted and actual values. RMSE focuses on the impact of extreme values based 

on MAE, while RAE calculates the variance of a model when comparing the performance of different models. As 

MAE and RMSE depend on the scale of the data that’s why RAE can be extremely helpful when comparing 

different data with different scales.  

4 Experimental Results 

4.1 Dataset 

We use the Breast Cancer Wisconsin (Prognostic) Data Set. Each entry contains the follow-up information for a 

single case of breast cancer. Since 1984, Dr. Wolberg has seen a steady stream of patients, and only those cases with 

invasive breast cancer and no signs of distant metastases at the time of diagnosis are included in this list. From a 

digital image of a fine needle aspirate (FNA) of a breast lump, the first 30 features are calculated. They 

characterize the traits of the visible cell nuclei in the image. Multisurface Method-Tree (MSM-T), a classification 

method that builds a decision tree using linear programming, was used to achieve the separation mentioned above. 

An exhaustive search in the domain of 1-4 features and 1-3 separation planes was used to select relevant features. 

4.2 Results and discussion 

We evaluate the proposed models based on the communities and crime dataset. The metrics, that are presented in 

subsection 3.5, are used to evaluate the proposed model. The results of the proposed model are being shown in Table 

1. 

Table 1: The results of the regression model 

Model  RMSE MAE MBE R R
2
 RRMSE NSE WI  

Decision Tree 0.0678 0.0504 -0.0074 0.95 0.91 22.42 0.90 0.87 

Multi-layer Perceptron 0.0455 0.0333 -0.0014 0.98 0.96 15.05 0.95 0.91 

support vector regression 0.0417 0.0312 0.0028 0.98 0.96 13.80 0.96 0.92 

Random forest 0.0905 0.0703 -0.0210 0.91 0.83 29.94 0.82 0.81 

K-nearest neighbors 0.0181 0.0126 -0.0010 0.996 0.99 5.99 0.99 0.97 

 

As shown in Table 1, we note that the experimental results enhance the results. It is further observed all the five 

models produce good results. 

In regression results of decision tree, the RMSE, MAE, MBE, R, R2, RRMSE, NSE, and WI terms are reported by 

0.0678, 0.0504, -0.0074, 0.95, 0.91, 22.42, 0.90, and 0.87, respectively. 

In regression results of multi-layer perceptron, the RMSE, MAE, MBE, R, R2, RRMSE, NSE, and WI terms are 
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reported by 0.0455, 0.0333, -0.0014, 0.98, 0.96, 15.05, 0.95, and 0.91, respectively. 

In regression results of SVR, the RMSE, MAE, MBE, R, R2, RRMSE, NSE, and WI terms are reported by 0.0417, 

0.0312, 0.0028, 0.98, 0.96, 13.80, 0.96, and 0.92, respectively. 

In regression results of random forest, the RMSE, MAE, MBE, R, R2, RRMSE, NSE, and WI terms are reported by 

0.0905, 0.0703, -0.0210, 0.91, 0.83, 29.94, 0.82, and 0.81, respectively. 

In regression results of K-nearest neighbors, the RMSE, MAE, MBE, R, R2, RRMSE, NSE, and WI terms are 

reported by 0.0181, 0.0126, -0.0010, 0.996, 0.99, 5.99, 0.99, and 0.97, respectively. 

We note that the K-nearest neighbors achieved the best results for RMSE, MAE, MBE, R, R2, RRMSE, NSE, and 

WI terms. 

Two experiments of ensembles are conducted in this work including average ensemble and ensemble using K-

Neighbors Regressor. These models are evaluated based on the RMSE, MAE, MBE, R, R2, RRMSE, NSE, and WI 

metrics as shown in Table 2. 

 

Table 2: The results of the ensemble models 

Model  RMSE MAE MBE R R
2
 RRMSE NSE WI  

Average Ensemble 0.0399 0.0272 -0.0056 0.98 0.97 55.99 0.97 0.93 

Ensemble using KNN 

regressor 
0.0010 0.0070 -0.0004 0.999 0.998 3.29 0.998 0.98 

 

The average ensemble yielded the results of RMSE, MAE, MBE, R, R2, RRMSE, NSE, and WI by 0.0399, 0.0272, -

0.0056, 0.98, 0.97, 55.99, 0.97, and 0.93, respectively. While ensemble using K-Neighbors regressor achieved the 

results of RMSE, MAE, MBE, R, R2, RRMSE, NSE, and WI by 0.0010, 0.0070, -0.0004, 0.999, 0.998, 3.29, 0.998, 

and 0.98. 

The above results illustrate that our ensemble model is more accurate than the other five regression models for the 

prediction. The regression results allow to believe that our proposed ensemble model is efficient for handling these 

data. In addition, the ensemble using KNN regressor achieved the best results for breast cancer prediction.    

5 Conclusions 

In this paper, we proposed different regression models for breast cancer prediction. In particular, we aimed to 

predict the number of breast cancer prediction cases receive. The proposed models include decision tree regressor, 

MLP regressor, SVR, random forest regressor, and K-Neighbors regressor. The average ensemble and ensemble 

using K-Neighbors regressor are used for enhancing the proposed models. The MSE, MAE, MBE, R, R2, RRMSE, 

NSE, and WI metrics are used to evaluate the proposed models. The results show that the regression models perform 

well, which are the competitive models. Also, the ensemble using KNN regressor achieved the best results for breast 

cancer prediction. 
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