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要約 
Thesis outline  

In machine learning classification problems, class balances between training and test data 

are generally assumed to be equal. However, sample selection bias or non-stationarity of the 

environment often causes a violation of this assumption in real-world classification problems. 

Such violations in which class balances differ between training and test data are referred to 

as class-prior change. This doctoral thesis is devoted to developing statistical approaches for 

classification when class-prior change is an issue. 

It is a well-known fact that a naively trained classifier systematically yields a biased 

solution under class-prior change. Fortunately, a weighted classifier, which is trained 

according to the ratio of the class-priors of the training and test data, can correct such a bias. 

However, training this weighted classifier becomes a problem in real-world applications since 

class-priors of test data are generally unknown. Recently, several class-prior estimation 

methods, which directly estimate class-priors by minimizing the distance between the true 

test distribution and a model of the test input distribution, have been proposed under a 

semi-supervised learning setup. These existing class-prior estimation methods assume that 

the class-wise training and test input distributions are equal, and use a mixture of class-wise 

training input distributions as a model for the test input distribution. The advantage of these 

existing class-prior estimation methods is that they perform the task of fitting the model of 

the test input distribution with the true test input distribution, distribution matching, 

without first going through the procedure of estimating class-wise training input 

distributions and a test input distribution. In the framework of distribution matching, 

existing class-prior estimation methods employ various divergences for distance 

minimization, for instance, the Kullback-Leibler divergence, the Pearson divergence, the L2 

distance, and maximum mean discrepancy (MMD). In this doctoral thesis, we propose to use 

energy distance (ED) for class-prior estimation in the framework of distribution matching. 

Our proposed method based on ED is extremely simple and highly computationally efficient 

since ED requires no parameter tuning for the computation of the distance between two 

distributions. ED may be interpreted as a special case of MMD which utilizes a particular 

kernel function called a distance kernel, and thus our contribution can be regarded as 

providing a practical choice of the kernel function for the existing MMD-based class-prior 

estimation method. Experimental results show that all class-prior estimation methods, 



including our ED-based method, have similar improved accuracies when using a weighted 

classifier in contrast to using a non-weighted classifier. However, our method significantly 

outperforms other class-prior estimation methods in terms of computation time. 

Next, we tackle the problem of high-dimensional classification under class-prior change by 

applying the ED-based class-prior estimator to this problem. When the dimensionality of 

input data is high, it is known that data processing becomes drastically more complicated. 

This issue, which is referred to as the curse of dimensionality, is recognized as one of the most 

essential problems in machine leaning. Using a supervised dimension reduction method, 

sufficient dimension reduction (SDR), is an effective and popular approach to overcoming the 

curse of dimensionality. SDR aims at reducing the dimensionality of input data so that 

information loss on output is minimal. Various SDR methods have been proposed so far. 

Among them, we focus on a novel SDR method, which is called least-squares gradients for 

dimension reduction (LSGDR). LSGDR estimates the gradients of the logarithmic conditional 

density since the gradient belongs to the span of a low-rank projection matrix which is used 

for dimension reduction. The advantage of using LSGDR is: no parametric assumption is 

required for data distributions, all the parameters in the estimation for the gradients of the 

logarithmic conditional density can be determined via cross-validation, and no iterative 

optimization procedure hinders the computational efficiency. However, since LSDGR, like all 

SDR methods, is a supervised method, labeled samples are required for finding a 

low-dimensional subspace that maintains maximal information on output data. This 

limitation may lead to low classification performance under class-prior change. To overcome 

the problem of class-prior change in high dimension, we propose to combine LSGDR with the 

ED-based class-prior estimation under a semi-supervised learning setup. Our SDR method, 

weighted LSGDR (WLSGDR), approximates a low-dimensional subspace for test data 

appropriately in spite of the fact that labeled test samples are not available. Through 

experiments, we demonstrate that WLSGDR is particularly useful when the class-priors of 

training and test data are highly imbalanced. 

We conclude that our proposed methods, the ED-based class-prior estimator and WLSGDR, 

are promising in improving both the classification accuracy and computational efficiency, and 

therefore deserve further exploration. 

 

 

 

 

 

 

 

 


