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Abstract

In this paper, we propose two risk-sensitive loss functions to solve the multi-category classification problems where the
number of training samples is small and/or there is a high imbalance in the number of samples per class. Such problems are
common in the bio-informatics/medical diagnosis areas. The most commonly used loss functions in the literature do not
perform well in these problems as they minimize only the approximation error and neglect the estimation error due to
imbalance in the training set. The proposed risk-sensitive loss functions minimize both the approximation and estimation
error. We present an error analysis for the risk-sensitive loss functions along with other well known loss functions. Using a
neural architecture, classifiers incorporating these risk-sensitive loss functions have been developed and their performance
evaluated for two real world multi-class classification problems, viz., a satellite image classification problem and a micro-
array gene expression based cancer classification problem. To study the effectiveness of the proposed loss functions, we
have deliberately imbalanced the training samples in the satellite image problem and compared the performance of our
neural classifiers with those developed using other well-known loss functions. The results indicate the superior performance
of the neural classifier using the proposed loss functions both in terms of the overall and per class classification accuracy.
Performance comparisons have also been carried out on a number of benchmark problems where the data is normal i.e.,
not sparse or imbalanced. Results indicate similar or better performance of the proposed loss functions compared to the
well-known loss functions.
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1. Introduction

In classification problems, the goal is often to correctly identify the class label for an observed input pat-
tern. For any classifier, its performance is dependent on the chosen loss function. For a given problem, selec-
tion of proper loss function V ðxÞ is often difficult [8,29]. Different classification techniques in machine learning
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employ different loss functions to get better classification accuracy. For example, classifiers developed using
adaptive boosting algorithms (AdaBoost) employ exponential ðexp�V ðxÞÞ loss function [5,9], support vector
machines employ loss functions of the form ð1� V ðxÞ; 0Þ [8,29] and neural network classifiers employ mean
square error minimization [7,22] or cross-entropy [23]. Recently, much attention has been paid to solve
multi-category classification problems using neural networks [7,13,22,23,25] using different loss functions.

It is well known, [7,13,22,23,25] that the classifiers using mean square error loss function produce an output
that approximates the desired posterior probability. It has also been shown [7,13,22,23,25] that other loss
functions such as modified mean square error, cross-entropy also approximate the posterior probability.
The conditions on the above loss functions such that the outputs of the neural classifiers closely approximate
the posterior probability are discussed in [13,25]. However, in most of these works only binary classification
problems have been considered. The central issue in machine learning is the extension of the results presented
for the binary classification problem to multi-category classification problems.

Usually, the multi-category classification problem is first converted into multiple two class problem (one-
versus-all or one-versus-one) and solved independently [1,3,12,20]. The one-versus-all method is then com-
bined with a winner-take-all strategy to get the class number for unknown pattern. Similarly, the one-ver-
sus-one method is combined with max-wins or pairwise coupling strategy [12]. In these approaches, the
posterior probabilities for each class in a multi-category problem are estimated using the binary classification
problem for each category. In recent years, researchers have proposed an ‘‘all-together” approach to solve
multi-category classification problem in one step by considering all the classes together [15,31]. In [14], incre-
mental class learning approach is presented. Here, the classifiers learn classes one by one. However, such
approaches require more training time and training samples per class. Recently in [7,31], the posterior prob-
ability estimation results for binary classification problems are extended to multi-category classification prob-
lem. A complete overview on loss functions and their behavior on decision performance has been presented in
[6].

In general, the performance of neural classifiers is measured by their expected misclassification instances.
To achieve better performance, the classifier employs loss functions that minimize the misclassification for
all classes. Here, the loss functions assign equal weightage to the samples in every class. For many real world
classification problems, minimization of misclassification alone is not adequate. For example, in sensitive
applications such as medical diagnosis, false alarm detection in radar systems, financial and critical control
applications, misclassification of samples in different classes have different consequences. It is often important
to measure the confidence level in the class label prediction and corresponding risk associated with the action
behind every classifier decision. This risk associated with the decision should be taken into account for better
performance of the classifier. One way to handle this problem is to integrate the risk factor in the loss function.

Another important issue in classification problems is the availability of small number of samples and a high
imbalance in the samples per class (also known as sampling bias). The small number of samples and a high
imbalance in class will incur additional difficulty to know the distribution completely. This can result in an
increased error in classification. Also, the overlap between the classes adds an additional complexity to the
problem and may cause in the deterioration of the classifier performance.

Detailed explanation of the above issues are provided in [11]. In [16], a new approach based on statistical
learning theory with a fixed cost of misclassification is presented by assuming the existence of hyperplanes that
separates the data completely. In [18,4], support vector machine based classifiers are developed using unequal
cost of misclassification to handle the above issues. In all these approaches, the cost of misclassification is fixed
a prior. Fixing the cost of misclassification for a given problem is often difficult. Since, the classifier formula-
tion includes the cost of misclassification, selection of these values influences its performance significantly. For
multi-category classification problems with strong overlap between classes and high imbalance in samples per
class, fixing the cost a priori is nearly impossible.

In order to overcome these difficulties in multi-category classification problems, in this paper, we introduce
two new risk-sensitive loss functions. In the proposed loss functions, a risk factor is integrated with the existing
cross-entropy and modified hinge loss functions. During the learning process, the risk factor is adapted using
the cost of misclassification and approximate posterior probability of appropriate class of the given training
samples. The estimated risk factor is used further in the learning process to reduce the error in classification.
Here, the risk factors are estimated such that they increase with an increase in misclassification. For example,

2622 S. Suresh et al. / Information Sciences 178 (2008) 2621–2638



Download English Version:

https://daneshyari.com/en/article/394860

Download Persian Version:

https://daneshyari.com/article/394860

Daneshyari.com

https://daneshyari.com/en/article/394860
https://daneshyari.com/article/394860
https://daneshyari.com

