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a b s t r a c t 

Cancer detection can be formulated as a binary classification in a machine learning 

paradigm. Loss functions are a critical part of almost every machine learning algorithm. 

While each loss function comes up with its own advantages and disadvantages, in this pa- 

per, inspired by ensemble methods, we propose a novel objective function that is a linear 

combination of single losses. We then integrate the proposed objective function into an Ar- 

tificial Neural Network (ANN) to diagnose breast cancer. By doing so, both the coefficients 

of loss functions and weight parameters of the ANN are learned jointly via backpropaga- 

tion. As the patients’ data are sometimes very noisy, we evaluate our method by doing 

comprehensive experiments on Wisconsin Breast Cancer Diagnosis (WBCD) dataset at dif- 

ferent noise levels. The experiments show its performance declines very slowly (from 0.97 

to 0.96) compared to the peer methods with the increase of noise level. 

© 2020 Elsevier Ltd. All rights reserved. 

1. Introduction 

Nowadays, cancer is known as the most devastating disease in the world. It is reported that In the United States, the 

number of new cancer cases are around 1,70 0,0 0 0 each year while the number of cancer deaths accounted for around 

580,0 0 0 [1] . Among women, breast cancer is the most commonly diagnosed, which accounts for 29% [1] . Nowadays, tumor 

Diagnosis is one of the trending and challenging issues in the medical informatics field of study. 

Traditionally, radiologists predict breast cancer based on mammography. In 1994, a research was conducted to evaluate 

the accuracy of radiologists’ predictions. In that research, 150 mammograms for tumour prediction were analyzed and di- 

agnosed by 10 radiologists to detect breast cancers. In their study, in spite of the proved value of using mammograms for 

cancer detection, more than 3% of cancers were undiagnosed by 90% of radiologists. Today, there is an increasing attraction 

in employing more and more artificial intelligence technologies to collect and analyze medical data. considering the large 

volume of cancer cases, physicians find it difficult to learn every detailed cancer and therefore, having automatically data 

analysis tools as an assistant would help physicians to make an efficient decision. 
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Machine learning algorithms have been used in a wide variety of applications in recent years, and researchers have 

achieved valuable results in prediction and classification Even in some researches good comparisons have been conducted 

between different methods of Machine Learning (ML) [2] . Researchers have also achieved better results compared to the 

original algorithms by developing and improving existing methods [3,4] . To improve the quality of tumour detection, many 

researchers have been tending to use ML and data mining techniques to automatically and accurately detect cancers. It has 

been experimentally proved that these techniques can achieve good results in real-world problems. Breast cancer diagnosis 

can be transferred into a classification problem in the ML research area [5] . Being trained to recognize separate types of 

tumours, the classifier would later predict unseen tumour, based on the historical tumour data. 

Since the early detection of cancer can increase the patient’s chances of being cured, the accurate prediction is of im- 

portance for medical scientists. In the past recent years, researchers have continuously attempted to detect cancer in the 

early stage especially before appearing the symptoms [6] . During the several past years, large amounts of cancer data have 

been collected Using the new developed technologies, and researchers have easily used them to develop and evaluate their 

proposed tools. 

Supervised learning is all about the ability to generalize knowledge. Specifically, the goal of supervised ML techniques is 

to train a classifier based on training data, in such a way that it would be able to correctly classify new unseen data, which is 

indicated by generalization capability. The generalization of a classifier is in correlation with its robustness to perturbations 

of the data. In other words, if a classifier can cope with data disturbance, it is expected to generalize well. In this paper, to 

improve robustness on one hand and generalization on the other hand, the use of a simple classifier extended with a new 

combined loss function is proposed. 

The contributions of this paper are summarized as follows:- 

1. inspired by ensemble techniques, we apply the ensemble approach to the objective function by incorporating an 

ensemble loss function to a multilayer neural network and it is then tested on Wisconsin Breast Cancer Diagnosis 

(WBCD) dataset. 

2. incorporating the ensemble loss function as a tool, we advance the advantages of each individual loss function. 

3. The advantage of our method compared to the current ensemble methods is that it simultaneously learns the param- 

eter of the learner and the weights associated with every single loss. 

This paper is structured as follows. We review the related works in Section 2 . The supervised learning framework is 

discussed in Section 3 . A review of several existing loss functions with their characteristics are provided in Section 4 . The 

proposed method is explained in Section 5 for which the implementation and test results are provided in Section 6 . Lastly, 

conclusion are included in Section 7 with a range of suggestions for future works. 

2. Related works 

Today, several machine learning algorithm-based breast cancer classification methods are available. In the following, a 

number of the most common algorithms will be presented using past studies carried out in this area. 

In [7] a model utilized to diagnose and categorize breast cancer; it was offered to assist patients and doctors to accurately 

classify breast cancer. This model employs a Normalized Multi-Layer Perceptron Neural Network. The results obtained from 

this model display a high accuracy in comparison with the results acquired from past research with the use of Artificial 

Neural Networks (ANN). Data normalization was revealed to be very important in this study. 

In [8] , to early detect breast cancer four machine learning algorithms were utilized. This research aims to analyze the 

results of blood tests via various machine learning methods. This is performed to specify the effectiveness of these methods 

in to diagnosis of breast cancer detection. ANN, support-vector machines (SVM), extreme learning machines (ELM), and the 

k-nearest neighbors (k-NN) algorithm were employed to carry out the study. In this research, some attributes of a UCI library 

dataset were used, which are listed in [8] . The results reveal that the standard ELM yielded the highest level of accuracy 

and the minimum training time. 

Authors in [9] investigate computer-aided detection and diagnosis systems that work based on deep learning techniques 

that are utilized to carry out breast cancer screening. Thanks to deep neural networks, it is possible to identify learning 

algorithms almost as efficiently as it would be if it was carried out by a human. In some case studies, it was discovered 

that some remarkable progress has been attained concerning common machine learning methods. Deep learning has been 

improved in several areas. 

A three-step hybrid structure utilized for breast cancer diagnosis was presented in the proposed method [10] . The data 

is normalized in the first step. Next, in the second step, the k-means clustering features are employed to weigh the nor- 

malized data. Ultimately, AdaBoostM1 is utilized for the classification of the weighted set. For breast cancer diagnosis, a 

hybrid model has been offered. This model consists of normalization, feature weighting and classification to combine breast 

cancer datasets. It is possible to use alternative and new clustering algorithms instead of k-means clustering. These alter- 

native options include clustering based on optimization, mean-shift clustering, and fuzzy c-means. The results display that 

AdaBoostM1 classifiers in combination with the MAD normalization method constitute 75% of the accuracy level in the 

diagnosis of breast cancer. Whereas the combined method yielded a success level of 91.37%. The results indicate that the 

suggested system can be employed to detect breast cancer accurately. 
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In [11] , it was tried to identify important factors involved with the occurrence of metastatic in breast cancers. The re- 

search was conducted via comparing logistic regression (LR) and ANN models. For detecting metastatic in breast cancers, 

the ANN is an appropriate alternative option compared to traditional LR models. 

In [12] , it was tried to examine machine learning techniques and their application for the diagnosis as well as the prog- 

nosis of breast cancer. This study [12] reviewed many machine learning techniques consisting of ANNs, SVMs, decision trees 

(DTs), and k-NNs. Next, these techniques are investigated through comparisons performed using the Wisconsin Breast Cancer 

Diagnosis (WBCD) dataset. 

A new classification method for breast cancer was provided in [13] . In that method, first, data is clustered via Expec- 

tation Maximization (EM). In the next step, noise is removed. Next, the data is classified into two classes namely benign 

and malignant. In the classification step, Classification and Regression Trees (CART) are utilized to extract fuzzy rules. The 

experimental results from the WBCD and Mammographic Mass datasets reveal the fact that the method improves accuracy 

up to a significant level. They recommend that their method can be exploited as a clinical assistant system to help doctors 

with their healthcare activities. 

A hybrid smart classification model is presented in [14] . This model comprises three stages. These stages include sample 

selection, feature selection, and classification. In the stage of sample selection, the fuzzy-rough feature selection method 

based on a weak gamma evaluator has been employed. This leads to the removal of unneeded or useless items. In the 

phase of feature selection, consistency-based feature selection method combined with an algorithm for re-ranking is utilized. 

These two steps of pre-processing help improve the training time. In the stage of model classification, fuzzy-rough nearest 

neighbor algorithm is employed. The WBCD dataset was used to test the effectiveness of the presented model. 

A kind of Neural Network algorithm was proposed in [15] that is named GONN. Neural network is employed genetically 

to optimize architecture (consisting of weight and structure) for the purpose of classification. Moreover, some new crossover 

and mutation operators were presented that mitigates the harmful nature of common operators. In this research, the GONN 

algorithm is used to classify breast cancer tumors into the two different types of benign or malignant tumors. The WBCD 

database was employed to evaluate this algorithm. The results indicate that their proposed method works properly with the 

breast cancer database. Also, it was revealed that it could be a good alternative to popular machine learning methods. 

In [16] , a comparison was made on some machine learning algorithms on the WBCD dataset. These algorithms included, 

Naive Bayes (NB), k-NN, SVM, and Decision Tree (C4.5). The goal was to identify the highest level of classification accuracy. 

These algorithms performance was tested in terms of precision, specificity, accuracy, and sensitivity. The results suggested 

that SVM had the highest accuracy (97.13%). It had the lowest rate of error. It was effective and had a good accuracy level 

and a low rate of error for breast cancer detection. All the tests were conducted in similar simulation environments. 

In [17] , a neural-network based method named FFBPN was employed to classify breast cancer. Two types of breast cancer 

including malignant and benign are exist. In this research, some samples taken from the WBCD have been trained and also 

validated. They examined the effect of a different number of layers (1, 2, and 3 layers) on ANN in terms of output accuracy. 

Moreover, their research offers the results of the performance of ANN based on the number of different neurons in the 

hidden layer. Based on the results, it was discovered that the best design for the network is one that has three hidden 

layers, with 21 neurons present in its hidden layer and also TANSIG as its activation functions. 

An approach to predict benign breast cancer based on neural networks was proposed in [18] . In that study, a feed- 

forward neural network was made. Next, a differential evolution propagation algorithm was employed for network training. 

The algorithm was tested using the Wisconsin Diagnostic and Prognostic Breast Cancer dataset. The purpose of the study 

was creating an effective tool to build neural models to help with the classification of different classes of breast cancer. 

In this study, in order to offer topologies with random-random policies and compare their results, two different types of 

migration topologies were offered. Based on the experiments, the time it takes for torus topology is higher in comparison 

with random topology. However, they offer similar quality levels. With this model, it becomes a possibility to automatically 

classify different kinds of breast cancers without expert opinion. The results show decreased time complexity and higher 

solution quality. 

In [19] , recent machine learning methods for cancer progression modeling were reviewed. Different input features and 

data samples were utilized to interpret predictive models. By analyzing the results acquired using these models, it was 

discovered that the integration of multidimensional heterogeneous data along with the utilization of various techniques for 

feature selection and classification offers an appropriate tool for the determination of cancer progression level. 

ML algorithms have been introduced with several features, including effective performance in health care datasets. At the 

same time, noise in some applications can be a serious challenge [20] . Data quality issues such as noise, outliers, missing or 

duplicated data are exciting. In order to improve the quality of the resulting analysis, the quality of the data should also be 

improved [21] . 

The quality of classification systems is based on the training dataset on which the classification models are built. When 

class labels are incorrectly assigned to samples, the training process changes and can therefore have a negative impact on 

classification performance. This problem is formally known as class label noise. 

One of the most effective ways to reduce the harmful consequences of inaccurate objects is noise of three classification 

algorithms (C4.5, SVM, and NN), with and without filtering that removes noisy samples from training data. Two approaches 

have been introduced to control the class noise and its negative affect on the learning process [22] : Algorithm-level ap- 

proaches that reconcile existing algorithms to properly manage the noise. For instance, they used C4.5 which uses pruning 

strategies to build the tree in such way that is less influenced by noisy data. Data-level techniques which rely on eliminating 
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Fig. 1. The supervised learning framework. 

noisy samples to decrease the effect of noise before building classifiers. In [22] the effectiveness of various noise filters on 

real-world medical datasets which are affected by class noise were investigated. They analyzed the performance of noise 

filtering by considering six different noise filters and 12 medical datasets with different noise levels. After reviewing the 

results, they did not come up with a general solution but they recommended to test all the available classifiers and noise 

filters on similar issues to obtain the best result. 

3. The supervised learning framework 

Fig 1 shows the supervised learning framework which generally consists of three major components: 

Data. Let ( X, Y ) represents all samples where inputs denotes by X = { � x 1 , � x 2 , . . . , � x N } and Y = { y 1 , y 2 , . . . , y N } as the true 
labels. � x i ∈ R d is a vector with d elements, each for one feature and y i ∈ { +1 , −1 } for binary classification. 

Hypothesis class. In the learning process, candidate hypotheses are considered as the class F which consists of functions 

from X to Y . It reflects some kind of prior knowledge about the problem at hand. Here, is an example about the class of 

half-spaces, 

H hal f space = { f w ( � x ) = sign (w 

T �
 x ) | f w ∈ F : R d → { +1 , 1 } , w ∈ R d } 

Loss function. a loss function is to quantify how much the estimated label calculated by the classifier f ∈ F is close to 

the true label. The loss function is defined as a function l( � x , y ; f ) . The most intuitive loss function in the binary case is the 

0 − 1 loss function which is defined by 

l( � x i , y i ; f ) = 1 [ f ( � x i ) � = y i ] 

A learning algorithm is aimed to find a classifier f ∈ F which is optimal [23] . It means that the expected loss function 

over all samples (seen and unseen) which is defined as follows is minimized 

R l,P ( f ) = 

∫ 
X×Y 

l(y, f ( � x )) dP (X, Y ) 

where P ( X, Y ) is the joint probability distribution over X and Y . Generally R l,P ( f ) is not generally computable as the distribu- 

tion P ( X, Y ) is unknown. Instead, an approximation of R ( f ) which is known as empirical risk is calculated. It is the average 
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value of loss function over all training set containing n samples [24] , 

R emp ( f ) = 

1 

n 

n ∑ 

i =1 

l(y i , f ( � x i )) , and 

ˆ f = arg min 
f∈F 

R emp ( f ) 

As it is shown in the above equation, loss functions have an important role in the optimization problem and the obtained 

classifier. In the following section, we explore different types of loss functions and their useful characteristics. 

4. Loss functions 

The central components of machine learning algorithms are loss functions indicating which sample and how much it 

affects the model training. In other words, loss functions attribute to each sample a value, which indicates how much that 

sample is involved in the optimization problem. For example, If the employed loss function assigns a very large value to 

an outlier sample, the outlier may negatively impact the model’s parameters [25] . To better explain our purpose, three loss 

functions with almost similar shapes are explained. 

As the 0 − 1 loss function penalizes all misclassified samples (even outliers) with value 1, it is known as robust. An 

outlier does not influence much the obtained classifier, which leads to a robust learner. This characteristic is desired for a 

robust classifier but it does not penalize correct samples with small margins and thus, it cannot be an appropriate choice 

for applications with margin importance [26] . 

The Sigmoid function as another type of a loss function is, in appearance, similar to the 0 − 1 function. The only dif- 

ference is that Sigmoid is differentiable while 0 − 1 is not. Still, Sigmoid assigns a value (although very small) to correct 

samples, which means that those samples also participate in the optimization problem, and thus, it leads to a less sparse 

optimization compared to 0 − 1 loss. 

Ramp loss function whose shape is almost similar to 0 − 1 loss with a minor difference that correct samples with small 

margins is also penalized by Ramp. This difference makes Ramp loss function more suitable for applications with margin 

importance [27] compared to 0 − 1 loss. On the other hand, since Ramp loss is not differentiable, the optimization process 

under Ramp loss function is not easy. These three loss functions are shown in Fig. 2 . 

The ultimate goal of a learning method is the ability of classifying unseen data. Thus, the classifier should be robust to 

data perturbance. Sometimes training and testing data may be sampled from different processes, which are similar to some 

extent but are not identical. A more difficult scenario can happen in noisy environments where outliers corrupt the training 

data, testing data or both. In order to cope with very noisy environments, an effective approach is the use of a robust loss 

function. 

Robust loss function . a loss function is known as robust if a constant k exist that samples with e i > k do not be given 

large values by the loss function where e i denotes the error of i th sample [26] . 

Correntropy loss function which is defined as follows was first introduced by Liu in 2006. It is a kind of robust loss 

function and has been applied to many machine learning algorithms including Covoloutional Neural Networks (CNNs), Least 

Mean Square (LMS) Filters, etc. 

L corr ( ̂  y i , y i ) = 1 − exp 

(
−|| y i − ˆ y i || 2 

σ 2 

)
(1) 
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where y i is the label of i th sample, ˆ y i is the corresponding estimated label, and σ is the kernel bandwidth. Correntropy loss 

function with different values of σ is depicted in Fig. 3 and as is illustrated by Fig. 3 the higher bandwidth, the sooner it 

levels off. 

Sometimes, despite the fact that the learned classifier is able to classify the training data well, it fails to estimate unseen 

data (test), and it leads a high generalization error although the training error is low. A reason for this failure is often known 

as the overfitting problem, which means that the classifier fits on the training data and lose its ability of generalization. 

A solution for better generalization is to use a loss function resulting in a more generalized classifier. in the following 

characteristics of such a loss function are discussed. 

Loss functions with better generalization . A loss function results in a more generalized classifier if minimization of 

expected loss value leads to a enhanced-margin classifier. If a classifier has an enhanced margin, it will work better with 

the unseen data and would be better generalized. Penalizing correct samples close to the classification line would result in 

an enhanced classifier [26] and the loss function is called margin enhancing. For example, Zero-One loss function does not 

penalize correct samples at all and therefore, it is not margin enhancing. 

Hinge loss function which is used in SVM algorithm penalizes correct data near the classification line (this is why it is so 

useful to determine margins), and hence, it is a margin enhancing loss function. The other advantage of Hinge loss function 

over others is that it does not penalize the correct samples and so, it would lead to dual sparsity (not guaranteed). However, 

it does not help at probability estimation which is a big advantage of the Logistic loss function [28,29] . 

To conclude this section, as each loss function comes with its own merits and demerits and there is not yet a compre- 

hensive loss function working well with all applications, we propose the use of an ensemble of losses in our classification 

model. 

5. The proposed method 

Let ( x, y ) be a sample where x ∈ R 

d is the input and y ∈ {0, 1} C is one-hot encoding of the label ( C is the number of 

classes). Let θ be the parameters of neural network classifier with a top softmax layer so that the probability estimates 

are ˆ y = sof tmax ( f (x ; θ )) . We make use of a novel objective function which is the combination of Correntropy loss function, 

Hinge loss function and Cross-Entropy. The weights of the neural network are updated through backpropagation in the 

training stage. Fig. 4 shows the ANN and the way it is updated through backpropagation. 

Our purposed objective function is a combination of Correntropy, Hinge and Cross-Entropy loss functions which are 

leading to a more robust, generalized and improved probability estimator respectively. Using these three loss function 

we assume that the classifier performance will increase significantly. Let 
{
L j (y, ̂  y ) 

}K 
j=1 

denote K single loss functions. In 

addition to finding the optimal parameter of the neural network, the goal is to find the best weights, { λ1 , λ2 , . . . , λK } , 
to combine K base loss functions in order to generate a better application-tailored loss function. We need to add a 

further constraint to avoid yielding near zero values for all λi weights. The proposed objective function is defined as 

below. 

L = 

K ∑ 

j=1 

λ j L j (y, ̂  y ) , 
K ∑ 

j=1 

λ j = 1 (2) 
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Table 1 

Several well-known loss functions, z = y ′ · ˆ y ∈ R . where y is the 

true label and ˆ y is the estimated one. 

Name of loss function L (y, ̂  y ) 

Hinge Loss L H = 

{
0 z ≥ 1 

max (0 , 1 − z) z < 1 

Cross-Entropy Loss L C−E = log (1 + exp (−z) ) 

Correntropy Loss L C = exp 
‖ y − ˆ y ‖ 2 2 

σ 2 

Eq. (3) shows the optimization, given N training samples 

minimize 
w,λ

N ∑ 

i =1 

K ∑ 

j=1 

λ j L j (y i , ̂  y i ) 

s.t. 

K ∑ 

j=1 

λ j = 1 , λ j ≥ 0 

(3) 

where y i are the true labels and ˆ y i are the estimated label. To omit λj ≥ 0, we use λ2 
j 
instead of lambda j The resulting 

optimization problem is 

minimize 
w,λ

N ∑ 

i =1 

K ∑ 

j=1 

λ2 
j L j (y i , ̂  y i ) 

s.t. 

K ∑ 

j=1 

λ2 
j = 1 

(4) 

We then incorporate the constraint, 
∑ K 

j=1 λ
2 
j 
= 1 as a regularization term based on the concept of Augmented Lagrangian. 

The modified objective function using Augmented Lagrangian is presented in Eq. (5) [25] . 

minimize 
w,λ

N ∑ 

i =1 

K ∑ 

j=1 

λ2 
j L j (y i , ̂  y i )+ 

η1 

( 

K ∑ 

j=1 

λ2 
j − 1 

) 

+ η2 

( 

K ∑ 

j=1 

λ2 
j − 1 

) 2 (5) 

Note that η2 must be significantly larger that η1 . lambda j and the weights of network are learned through backpropaga- 

tion using the gradient descent method. In the new section, we provide more details on the new objective function. 

5.1. The objective function 

In particular, the objective function is a linear combination of three loss functions: 1) cross-entropy, 2) correntropy, and 

3) hinge. The formula of each loss is shown in Table 1 . The ensemble loss function inherits the advantages of each. 

1. Cross-Entropy is a very popular loss function in neural networks. The minimization of the average value of the cross- 

entropy loss function over data means maximization of the conditional log-likelihood of the data. 

2. Correntropy is less sensitive to outliers since it is a bounded function. The Correntropy loss, therefore, leads to robust 

classifiers. Section 4 contains more explanation on robust loss functions. 
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Table 2 

Some Statistics on WBCD dataset. 

Attributes Mean Standard error Maximum 

Radius 6.98-28.11 0.112-2.873 7.93-36.04 

Texture 9.71-39.28 0.36-4.89 12.02–49.54 

Symmetry 0.106-0.304 0.008-0.079 0.157-0.664 

Perimeter 43.79–188.50 0.76-21.98 50.41–251.20 

Compactness 0.019-0.345 0.002-0.135 0.027-1.058 

Smoothness 0.053-0.163 0.002-0.031 0.071-0.223 

Concavity 0.000-0.427 0.000-0.396 0.000–1.252 

Fractal dimension 0.050-0.097 0.001-0.030 0.055-0.208 

Area 143.50–2501.00 6.80–542.20 185.20–4254.00 

Concave points 0.000-0.201 0.000-0.053 0.000-0.291 

Table 3 

Network’s configuration. 

Description Values 

Hidden Layers 16, 16, 16 

Activation function ReLu 

Dropout rate 0.1 

Mini-Batch size 128 

Regularization weight 0.1 

number of epochs 150 

Correntropy’s kernel width 0.1 

3. Hinge is margin enhancing which leads to a better generalization. The character of a loss function causing better 

generalization have been fully explained in Section 4 . 

In the following section, some experiments on benchmark datasets are provided. 

6. Experiments 

We evaluate our method on a benchmark dataset of Wisconsin Breast Cancer Diagnostic (WBCD) from the Unversity of 

California- Irvine repository. The WBCD data set contains 32 features in 10 categories for each cell nucleus, which are tex- 

ture (standard deviation of gray-scale values), radius (mean of distances from center to points on the perimeter), smoothness 

(local variation in radius lengths), perimeter, area, concave points (number of concave portions of the contour), c symmetry, 

compactness ( perimeter 2 / area − 1 . 0 ), concavity (severity of concave portions of the contour) and fractal dimension (”coast- 

line approximation”- 1). We have calculated maximum value, standard error and mean value for every category reported in 

Table 2 . Those different measurements are treated as different features in the dataset. As scales of different features are not 

the same, the error function is affected by large-scale values. Therefore, we first normalize the data. The dataset contains 

569 instances and true labels. Fig 5 and Fig 6 provides some statistics about on dataset. As is illustrated by Fig. 6 the dataset 

is quite balanced. We first normalize all the data so that they are between [ −1 , 1] . 

While the proposed cost function can be incorporated into other classifiers, we have applied it into a neural network 

classifier to detect cancer. it works good on WBCD dataset but its speed may reduce regarding high dimensional data as it 

does not use any feature reduction technique. 

The proposed objective function is incorporated into a neural network with three hidden layers contains 16 neurons 

followed by a dropout layer. We also use 5 fold cross-validation to tune the network’s parameters. Table 3 shows the hyper 

parameters’ values. 

We use precision, recall, f1-Score and accuracy to compare our models with the peers one. The diagnosis accuracy is 

defined as follows 

Accuracy = 

TP + TN 

TP + TN + FP + FN 

which FP denotes False Positive, TN is True Negative, TP: True Positive and FN denotes False Negative. 

Table 4 reports experimental results in a normal situation. RBF was used for the kernel SVM with the gamma and C 

parameters selected by grid search from [1,0.1,0.01,0.001] and [0.1,1,10,100] respectively. 5 neighbours has been considered 

for kNN algorithm. At normal situation (without adding any noise), as the data are not very complicated. all the classifiers 

achieve acceptable results with Kernel SVM and our proposed method obtaining the best result (0.97). Kernel SVM uses a 

kernel to cope with the nonlinearity of data and also the Hinge loss function which leads to an enhanced margin classifier, 

so it improves the performance in the face of unseen data (test data). The proposed approach which uses 3 loss function, 

which each of them is to handle one difficulty (margin enhancing, robustness) also achieves the best result as well. 
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Fig. 5. Visualizing selected features by target. 

As is explained in Section 5.1 , Correntropy, Cross-Entropy and Hinge loss functions are selected for the individual losses 

and used to form the proposed ensemble loss function. Table 5 reports the results obtained by the ensemble loss compared 

to each individual loss function. The ensemble loss achieves the best result. 

We also explore the contribution of each loss function in forming the ensemble loss function. As the constraints included 

in Eq. (4) are not hard ones, 
∑ 3 

j=1 λ
2 
j 
� = 1 . So we re-scaled the λj to satisfy 

∑ 3 
j=1 λ

2 
j 
= 1 and the weights are reported in 

Table 6 . 

To explore the robustness of the proposed method, we add label noise to the training samples. We investigate the per- 

formance of our method on data corrupted with label noise. To add label noise, we randomly select 10% and 30% of samples 

and change their labels. The accuracy obtained in the face of label noise is reported in Table 7 . The best results are presented 

with boldface. As is shown in Table 7 , all the classifiers experience decrease respect to label noise while our proposed ob- 

jective function performed well. since we use an ensemble of loss function as the objective function. Correntropy loss as a 

part of our proposed objective function works well in the face of outliers as it does not assign high value to the samples 

with large error. Hence, those samples do not pull the classification hyperplane towards themselves. In contrary kNN which 

is very prone to the noise achieves the worst result as it discovers the label of each sample based on its k nearest samples. 

So noisy samples affect their neighbours and the errors are somehow propagated. 
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Fig. 6. Class distribution. 

Table 4 

Results on WDBC dataset. 

Method Label Precision Recall f1-Score Accuracy 

Ours 0 1.00 0.94 0.97 0.97 

1 0.96 1.00 0.98 

kNN 0 1.00 0.85 0.92 0.94 

1 0.90 1.00 0.95 

Kernel-SVM [30] 0 1.00 0.94 0.97 0.97 

1 0.96 1.00 0.98 

Random Forest 0 1.00 0.83 0.91 0.93 

1 0.89 1.00 0.94 

SVM 0 1.00 0.90 0.95 0.96 

1 0.93 1.00 0.96 

Table 5 

Test accuracy with 5-fold cross-validation on WDBC. 

Loss Function Accuracy 

Correntropy 0.95 

Cross-Entropy 0.96 

Hinge 0.93 

Ensemble 0.97 

Table 6 

Weights of each loss function in the ensemble loss. 

Loss Function Weights 

Correntropy 0.29 

Cross-Entropy 0.36 

Hinge 0.34 

Table 7 

Accuracy for data with label noise. 

Method Accuracy (10% 

label noise) 

Accuracy (30% 

label noise) 

Ours 0.96 0.96 

kNN 0.91 0.87 

Kernel-SVM 0.94 0.93 

Random forest 0.92 0.91 

SVM 0.95 0.94 

7. Conclusion 

This paper proposed a new objective function which is a combination of three loss functions (Correntropy, Hinge and 

Cross-Entropy) for cancer prediction. This work focused on breast cancer classification task. Correntropy leads to a robust 

classifier while hinge loss function improves the generalization. We have incorporated this objective function to a very 

simple neural architecture, but in principle, the proposed method can be used in any other neural network. 
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In the task of breast cancer prediction, the proposed method shows improvements compared to other machine learning 

methods listed in Table 4 since our approach encourages generalization and robustness via the proposed objective function. 

Furthermore, the approach is more robust against the presence of label noise compared to others. Moreover, according to 

our experiments, the gradient descent method quickly converged. 

The weights of each individual loss and also the network’s parameters are simultaneously learned through error back- 

propagation using the gradient descent technique. In future works, we will explore other frameworks in order to learn 

the weights of the loss functions and the network’s parameter separately. The proposed approach does not make the loss 

functions’ weights sparse, by doing so the generalization will improve as well as the time complexity. 
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