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Abstract

Classifier evaluation has been a wide and long time concern in the areas of pattern recognition [1] 
and data processing [2]. In recent years, it becomes a hot topic in machine learning, data mining, and web 
search [3-5]. A selection of proper evaluation measures is still an open problem in machine learning. This 
is particularly true for classifications. If considering binary classifications, one can find out over thirty 
measures available for uses [5]. However, most of the existing measures are generally unable to handle 
the generic classifications including rejection class. In engineering practice, rejection, or  abstention, on 
samples is a common scheme which generally improves the classification accuracy [6-7]. However, the 
conventional performance measures may fail to provide an objective ranking on two classifiers if they 
hold different accuracy and rejection rates. 

This work is an extension of our early studies [8-10] on developing the information measures for 
classifier  evaluations,  particularly  on  the  programming  implementation.  In  our  previous  studies,  we 
demonstrated  that  one  of  the  most  advantages  of  information  measures  over  the  conventional 
performance measures  is  the ability of  handling classifications  with rejection operations.  This  work, 
falling within OpenPR Project, aims to build up a novel toolbox of information measures for classifier 
evaluations  on  open-source  software  Scilab.  We  select  Scilab  platform due  to  its  powerfulness  and 
flexibility in applications from both research and educational purposes. 

To simplify the  study,  we  presume  that  the  basic  data  available  for  classifier  evaluations  is  a 
confusion matrix. For a generic classification problem, an augmented confusion matrix, C, is considered 
below in which one column for a rejected class is added on a conventional confusion matrix: 

C=[
c11 c12 ... c1m c1 m1

c21 c22 ... c2m c2 m1

...
cm1 cm2 ... cmm cm m1

] ,                               (1)

where cij represents the sample number of the ith class that is classified as the jth class. The total class 
number is  m.  The row data corresponds to the exact classes, and the column data corresponds to the 
prediction  classes.  The  last  column represents  a  rejected  class.  In  [10],  we  have  examined  mostly-
commonly used information measures, such as mutual information [11], KL divergence [11], and cross 
entropy  [1].  For  the  reason  of  normalization  and  symmetric  property  requirements,  twenty  four 
normalized  information  measures,  denoted  by  NIk (k=1,2,  ...,  24),  are  formed  for  a  systematic 
comparison. For realizing an objective evaluation, we apply Shannon entropy for the definition of each 
measure.

In the implementation of programing, the specific attention is made on the singularity aspect. When 
calculating entropy, one may encounter two types of singularities, namely

a)  removable singularity (say, 0*log0 = 0), and
b)  absolute singularity (say, a*log0 = -∞).    

Removable singularity is a specific feature for some function at singularity point the function is 
undefined, but its limit exists at this point. In the program on Scilab, we proposed the specific procedures 
to deal with two types of singularities. In the program, by adding a very small bias, eps=2.2e-64, to the 
confusion matrix  C, one can obtain the reasonably good value at the removable singularity point. The 



program will output “S” for the NI when the absolute singularity is detected in the calculation. This output 
will indicate that the current NI is unable to delivery an applicable measure value from the given confusion 
matrix.

Numerical examples are given by two-class and three-class problems respectively for cases including 
rejection operations. Based on the program, users are able to obtain the empirical findings about cons and 
pros of each measure from the numerical examples. They can also test their own examples easily, or enrich 
the toolbox by adding novel information measures in a similar way. To the author's knowledge, the program 
developed in this work seems to be its first one in the public on the subject of classifier evaluations. We hope 
the information measure toolbox with its program in this work will promote more systematic studies on the 
comparisons among both information-based measures and performance-based measures. 
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