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ABSTRACT

Classification trees are top-down induction of labeled sampling units into recursive 
order to get end nodes. Each end node representing those labeled units, which are in 
majority, otherwise considered as misclassified. In the top-down induction process, an 
evaluation criterion plays an important role to send maximum of the units having same 
label to the same node. To achieve this goal a “goodness of split” measure is calculated 
by using evaluation criteria e.g. Gini function, Twoing rule, Entropy function etc. for 
each distinct value of each variable and finally chooses one, which enhances the purity. 
Almost all the evaluation criteria provide the same results in terms of misclassified units, 
deviance and number of end nodes. Here we obtain simulation results on the proposed 
evaluation criteria (Azam, et al., 2007) to split a node, which fulfil all the required 
properties of any evaluation criteria (Breiman et al., 1984) and also propose a top-down 
sequential pruning scheme. 

We conducted a simulation study to test the performance of the proposed evaluation 
criterion using the top-down sequential pruning scheme over many real life datasets 
available under UCI Machine Learning Repository and observed that the proposed 
strategy provides improved results.
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1. INTRODUCTION

A classification tree is a simple nonparametric model having a tree based structure. 
Tree based models can be used to represent data in the form of binary or multiple trees 
and make predictions for the unseen data objects/ units. These decision models/ trees 
further can be categorized as classification trees and regression trees depending on the 
response variable. If the response variable is categorical e.g. survival status of a heart 
attack patients after a certain period, species of plants etc, the obtained trees are known as 
classification trees. On the other hand if the response variable is continuous, the resultant 
trees are known as regression trees. This technique divides the set of individuals or 
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Table 1:
Summary of each datasets

Dataset Size Predictors Continuous Ordinal Classes
Balance Scale 625 4 0 4 3
Glass 214 9 9 0 6
Haberman 306 3 3 0 2
Housing 506 13 12 1 9
Iris 150 4 4 0 3
Lymphography 148 18 0 18 4
Pima 768 8 8 0 2
Wine 178 13 13 0 3
Yeast 1484 8 8 2 10

Table 2:
Average misclassification rates (%age) of unpruned trees 

using 500 bootstrap samples
Dataset No of units Gini Twoing Entropy Exp. Based

Balance Scale 625 19.09 18.73 17.71 18.65
Glass 214 23.11 22.47 22.09 23.27
Haberman 306 19.60 19.60 19.39 19.57
Housing 506 21.01 21.38 21.64 19.35
Iris 150 3.22 3.22 3.31 3.20
Lymphography 148 26.74 27.07 28.20 26.52
Pima 768 15.31 15.30 15.02 15.24
Wine 178 4.30 4.30 3.90 3.85
Yeast 1484 41.44 42.37 42.90 41.33

Table 3:
Average misclassification rates (%age) of pruned trees using 500 bootstrap samples

Dataset No of units Gini Twoing Entropy Exp. Based
Balance Scale 625 29.00 29.41 29.68 29.17
Glass 214 32.65 31.36 32.77 32.72
Haberman 306 23.67 23.68 24.07 23.81
Housing 506 30.51 30.63 25.50 27.56
Iris 150 4.80 4.80 4.85 4.76
Lymphography 148 32.42 32.66 33.55 32.03
Pima 768 26.02 26.02 25.69 25.77
Wine 178 9.33 8.82 8.41 8.21
Yeast 1484 44.60 44.74 44.73 44.53

Table 2-3; show the average misclassification rates obtained by four evaluation 
functions for unpruned and pruned classification trees constructed by using 500 bootstrap 
samples. It is noted that Exponent based node-splitting method provided minimum 
misclassification rate in more datasets as compared to other functions.  
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Table 4:
Average misclassification rates (%age) of unpruned trees 

using 500 random sub sampling samples
Dataset No of units Gini Twoing Entropy Exp. Based

Balance Scale 625 20.71 20.49 20.23 20.47
Glass 214 31.57 30.12 30.20 31.32
Haberman 306 22.20 22.19 22.49 22.12
Housing 506 23.28 22.58 22.57 22.42
Iris 150 5.14 5.14 5.34 5.08
Lymphography 148 32.02 32.07 33.93 31.82
Pima 768 23.75 23.74 22.50 23.64
Wine 178 9.30 8.75 8.28 8.20
Yeast 1484 43.73 43.81 43.56 43.79

Table 5:
Average misclassification rates (%age) of pruned trees 

using 500 random sub sampling samples
Dataset No of units Gini Twoing Entropy Exp. Based

Balance Scale 625 28.38 29.34 30.01 28.82
Glass 214 31.73 30.87 30.92 32.31
Haberman 306 23.68 23.72 24.23 23.64
Housing 506 29.99 29.63 25.98 29.88
Iris 150 4.78 4.78 4.78 4.54
Lymphography 148 32.22 32.14 33.39 31.57
Pima 768 25.43 25.43 25.21 25.25
Wine 178 8.64 8.54 8.24 7.85
Yeast 1484 43.44 43.94 43.93 43.31

Table 4-5; show the average misclassification rates obtained by four evaluation 
functions for unpruned and pruned classification trees constructed by using 500 random 
sub samples. It is noted that Exponent based node-splitting method provided minimum 
misclassification rate in more datasets as compared to other functions.  

Table 6:
Average misclassification rates (%age) of unpruned trees 

using 5-fold cross validation
Dataset No of units Gini Twoing Entropy Exp. Based

Balance Scale 625 18.88 18.40 18.24 18.08
Glass 214 29.92 29.43 23.40 28.98
Haberman 306 20.61 20.61 25.82 20.28
Housing 506 22.32 20.16 21.35 18.39
Iris 150 4.00 4.00 4.00 4.00
Lymphography 148 31.10 35.24 30.46 28.34
Pima 768 27.87 27.87 23.83 26.70
Wine 178 7.84 7.29 6.16 3.92
Yeast 1484 41.58 42.45 41.30 42.25
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Table 7:
Average misclassification rates (%age) of pruned trees using 5-fold cross validation

Dataset No of units Gini Twoing Entropy Exp. Based
Balance Scale 625 24.96 28.00 30.24 28.16
Glass 214 26.64 28.04 36.92 27.10
Haberman 306 24.18 24.18 22.88 24.18
Housing 506 23.91 30.04 21.94 29.06
Iris 150 5.33 5.33 5.46 5.30
Lymphography 148 31.77 31.77 32.43 31.08
Pima 768 25.91 25.91 25.26 25.65
Wine 178 9.55 7.30 7.30 4.49
Yeast 1484 41.71 41.17 42.18 40.63

Table 6-7; show the average misclassification rates obtained by four evaluation 
functions for unpruned and pruned classification trees constructed by using 5-fold cross 
validation. It is noted that Exponent based node-splitting method provided minimum 
misclassification rate in more datasets as compared to other functions.  

6. CONCLUDING REMARKS

An evaluation criterion is essential to split nodes in classification trees. In this paper, 
we used an already proposed exponent based node splitting function (Azam, et al., 2007) 
for the construction of classification trees. We also proposed a top-down sequential 
pruning scheme to prune a full length tree. Nine datasets have been used to show the 
performance of proposed and the three other approaches i.e. Gini, Twoing and Entropy 
method. We conducted a simulation study in which, three well-known evaluation criteria 
i.e. bootstrapping, random sub sampling and k-fold cross validation have been used to 
measure the performance of a classification trees. For bootstrap method, we selected the 
bootstrap samples (with replacement) in such a way that the units (round about 63% i.e. 
training set) chosen in the sample are used for the construction of a classification tree 
while the units which are not the part of the bootstrap sample (round about 37% i.e. 
testing set) are used to see the performance of a classifier. For random sub sampling 
method we selected the samples without replacement of the specified size (in our study it 
was two third as training set to build a tree and remaining as for testing). Similarly for 
k-fold (k is a positive integer) cross validation, we used 5-fold cross validation. From the 
results obtained by using these three approaches, we observed that bootstrapping and 
random sub sampling methods could cover the fluctuations present in the results because 
of the fact that the process is repeated for a large number of times. So the average 
misclassification rates become more stable as compared to the 5-fold cross validation. 
The average misclassification rates by using 5-fold cross validation have been found 
instable. The proposed approach also verifies all the properties, which are required for 
any impurity-based node splitting criterion. As a final remark we conclude that the 
proposed approach is an addition to the existing methods, which shows improved results 
for many real life datasets.   
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