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I. Introduction 

This paper presents a method for improving the performance of classification algorithms. 
A nonlinear transformation is applied to the input data before the classification is performed. A 

variant of this method is also presented which uses the same idea as behind kernel methods [1] as it 
extends the dimensionality of the input e.g. increases the dimensionality of the feature space. I show 
experimentally that the proposed method is capable of improving the performance of different 
classification algorithms. The experiments were conducted on well-known machine learning 
benchmark datasets [2].  

The method is rather simple since it is only a nonlinear mapping of the input data through a 
nonlinear function. The extension is a little bit more complicated though as it consists one or two 
transformation steps of the input vectors and the concatenation of two vectors.  

II. Mathematical considerations 

Let us consider a usual formulation of a K class classification problem in the case of a given 
empirical data of N samples, 
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the case of a general classifier is given by [4], 
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where ( )idP  are the a priori probability of the classes and ( )idp |x  are the class conditional 

probability distributions and iR  represents the decision region formed by the classifier. Let 
nnf RR →: be a nonlinear function, so that ( ) [ ]( )nxxff ,...,1=x , and let us transform the data 
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This mapping gives a new dataset to be classified by the classifier. Considering this transformation 

as a probability distribution transform, it changes the probability distribution of the data. For 
monotonic, bijective function it follows as 
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which can be generalized. In the same time the probability of being correct given by Eq. 2 also 
changes. An extension of this method can be reached if one uses for example the following 
transformation, 
 knn RR →Φ : , (5) 
which, if 2=k , gives the following transformation, 
 ( ) ( ) ( ) ( ) ( )( )nnn xfxfxfxfxx 2121111 ,...,,,...,,...., a , (6) 
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that is, Φ  is the concatenation of two differently transformed input vectors. The extension of the 
dimensionality of the input space can be arbitrary. As transformation functions many functions can 
be used, Table 1 contains a few examples. 

 
Sigmoidal ( ) [ ]( )cxxscs n +⋅=+⋅ ,...,tanhtanh 1x  

Logistic ( )( ) [ ]( )( )cxxscs n +⋅−+=+⋅−+ ,...,exp11exp11 1x  

Gaussian ( )( ) [ ]( )( )csxxcs n +−=+− 2
1

2 ,...,expexp x  

Table 1: Suitable functions 

III. Experiments and results 

The experiments were conducted on well-known machine learning benchmark datasets using a 10-
fold cross-validation scheme. I used neural networks, decision trees and subspace methods (CLAFIC, 
ALSM) [3] as classifiers. The settings of the different classification algorithms are the same, except 
when using the input extension when the weights in the input layer of the neural networks are 
doubled. As nonlinear function I used only the hyperbolic tangent function in the basic case (‘Tr’), 
and I used the hyperbolic tangent and Gaussian functions in the extended case (‘ExtTR’). The results 
are shown in Table 2.  

 
Dataset Neural network Decision tree CLAFIC ALSM 
 N Tr ExtTr N Tr ExtTr N Tr ExtTr N Tr ExtTr
breast-cancer 3.65 3.21 2.92 6 3.43 - 15.47 8.16 4 11.32 8.35 3.63
cleveland  19.07 16.41 15.55 25.38 24.21 - 22 19.78 19.37 17.87 17.16 17.29
crx 14.67 13.36 13.19 17.19 14.29 - 17.86 15.28 15.19 15.25 14.14 14.43
glass 32.43 31.82 29.17 30.82 30.28 - 44.13 38.65 38.18 32.52 30.53 31.42
hepatitis 19.4 19 17.5 23 18.2 - 16.73 16.63 15.53 16.73 16.63 14.63
hypo 5.97 2.01 1.91 0.61 0.59 - 15.94 13.9 11.96 3.77 3.72 2.8
sonar 18.06 14.17 10.86 30.16 27.9 - 22.64 20.5 16.14 19.83 17.9 16.44

Table 2: Error rates for the different classification algorithms and transformations 
 
Table 2 contains three columns for each algorithms, ‘N’ stands for the run without transforming 

the input data. ‘Tr’ stands for the simple transformation (see Eq. 3) and ‘ExtTr’ stands for the 
extended transformation (see Eq. 5). As one can see, the results with transformed input vectors are 
better for each classification algorithm in all cases and in many cases they are better significantly.  

IV. Conclusions 

Applying the proposed transformation the performance of different classification algorithms can 
be improved. Extending the dimensionality of the input space can also increase the performance, but 
it changes the classification problem significantly. The main question is how to determine the 
parameters of the transformation and which functions are the most suitable. 
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