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This article presents a new strategy to construct classification trees. According to the
proposed scheme, we focused on keeping the record of sequences of each constructed
classification tree; both in terms of splitting predictors and their splitting values in an
array. So overall we have as many arrays as we have drawn samples. At this stage, a three
steps strategy is introduced, which is used to search for the optimum classification tree.
The proposed strategy provides comparable or improved results in terms of generalized
error rates than tree and rpart (packages available for classification purposes in the
R) using four of the well-known evaluation functions, that is, the Gini, the Entropy, the
Twoing, and the Exponent-based function to split nodes for many real-life datasets.

Keywords Evaluation functions; Optimum classification trees; Three steps strategy;
Value-wise tree sequence; Variable-wise tree sequence.
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1. Introduction

In data mining research, classification and regression trees, collectively named as decision
trees, are non-parametric computationally intensive methods that have greatly increased in
popularity during the last two decades (Rao et al., 2005).

A decision tree is structured as a sequence of simple questions, and the replies to
these questions trace a path down the tree (Bremner and Taplin, 2002). This technique uses
binary trees methodology, which was used in AID (Automatic Interaction Detection) and
THAID (Theta AID) by Morgan and Sonquist (1963) and Morgan and Messenger (1973)
for the construction of regression and classification trees, respectively. But these methods
could not get popularity because of their spurious results noticed by Doyle (1973) and
Doyle and Fenwick (1975). The only difference between classification and regression trees
is the response variable. The decision trees are named as classification trees if the response
variable is categorical, otherwise they are said to be regression trees.
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In the 1980s, a group of statisticians Breiman, Friedman, Olshen, and Stone introduced
this non-parametric approach to address the problem of discrimination and regression called
classification and regression trees (Taylor and Silverman, 1993). These methods were later
implemented in the CART computer software by Salford (1995). Decision trees can now
be constructed using many different software packages, some of which are relatively costly
and are marketed for commercial usage (such as MATLAB code for generating trees by
Martinez and Martinez, 2002 and SPSS) while others are freely available (e.g., tree and
rpart libraries in the R software). In the following subsections, node splitting evaluation
functions, their selection criterion, goodness of split criterion, and misclassification rates
are discussed.

1.1. Node Splitting Functions

This function splits an intermediate node t with class proportions Pj , into two sub-nodes
tLand tR . Some commonly used families of evaluation functions (i.e., impurity-based and
non-impurity-based functions) are described as below.

1.1.1. Gini function. This function was proposed and used as an evaluation function by
Breiman et al. (1984). For a node t , it is given by

i (t)Gini = 1 −
J∑

j=1

P 2
j ,

where j is total number of classes or categories, Pj is the proportion of j th class in a node
t, such that

J∑
j=1

Pj = 1.

we can define the Gini function for two descendent nodes as

i (tL)Gini = 1 −
J∑

j=1

P 2
j/L and i (tR)Gini = 1 −

J∑
j=1

P 2
j/R,

where tL and tR correspond to left and right descendents, and Pj/L and Pj/Rare the propor-
tions of jth class on left and right descendent node, respectively, such that

J∑
j=1

Pj/L =
J∑

j=1

Pj/R = 1.

1.1.2. Entropy function. Evaluation function proposed by Quinlan (1986) is based on the
definition of entropy from information theory. For a node t , the entropy function is defined
by

i (t)Entropy = −
J∑

j=1

Pj ln Pj ,
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provided that 0ln0 is taken to be 0. The logarithm may be taken to any convenient base
(Fayyad and Irani, 1992).

1.1.3. Exponent-based function. Azam et al. (2009) proposed an evaluation function for
the measurement of node impurity. It is defined by

i (t)Exponent = 1 − 1

e

J∑
j=1

Pje
Pj .

The values of i (tL) and i (tR) are computed in a similar way as computed by Gini using
function.

1.1.4. Twoing rule. A non-impurity-based node splitting criterion that measures the
goodness-of-split value directly was introduced by Breiman et al. (1984). It measures
the difference in probabilities that a class appears in the left descendant rather than in the
right descendant node. The criterion is thus based on a concept of class separation rather
than node heterogeneity. The criterion selects the best splitting value, which maximizes

g(x, s, t)Towing = PLPR

4

[∑J

J=1
|Pj/L − Pj/R|

]2

,

where PL = NL/Nand PR = NR/N , such that PL + PR = 1 Similarly, NL, NR, PL, and
PR are numbers and proportions of data objects in the left and right descendent node,
respectively, while N is the total number of data objects in a root node. The aim is to get
a probability that a class j unit goes to the left as different as possible from the probability
that it goes to the right. The factor (PL PR) is designed to favor relatively even splits. This
factor takes a maximum value of 0.25, when PL = PR = 0.5 and it declines if any of the
proportions is close to 0 or 1.

1.2. A Goodness-of-split Criterion

At each intermediate node t , the split selected is the one that split s∗, which maximizes
g(x, s, t). It is called the “goodness-of-split” or “decrease-of-impurity” measure. Its value
is computed by using the formula:

g (x, s, t) = i (t) − PLi (tL) − PRi (tR) .

1.3. Selection Criterion to Split a Node

Once an evaluation function to split a node is selected, the next step is to choose the best
splitting predictor and its splitting point. The general objective of split selection rule is to
divide the data objects at each node into two sub-nodes in such a way that both external sub-
nodes are heterogenous, but internally they are as homogenous as possible. This process
continues until each data object represents any of a specified class label.

A common approach to split selection in classification trees is to search through all
possible splits generated by predictor variables. A splitting criterion is then used to evaluate
these splits and select the one which maximizes the “goodness-of-split measure” and trans-
fer data objects to corresponding sub nodes. There are l = L−1 (L is the number of distinct
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Table 1
Confusion matrix

Predicted class

True class 1 2 3 j . . . C Total

1 n11 n12 n13 n1C n1.

2 n21 n22 n23 n2C n2.

3 n31 n32 n33 n3C n3.

i nij

. . .
C nC1 nC2 nC3 nCC nC.

Total n.1 n.2 n.3 n.C N

values of a continuous variable) possible number of split points for a continuous predictor
and l = 2(k−1) − 1 (where k is the possible number of classes) is for a categorical predictor.

1.4. Misclassification Rates (Loss Function)

In general, one can divide the error rates committed by the classification tree T into two
types, training error rate Rtr (T ) and generalization error rateR∗ (T ). The training error
is computed by dividing the number of misclassified data objects by the number of data
objects in a training set.

Let mi be the possible number of misclassified data objects in the ith node of the
constructed classification tree T and N tr is the number of data objects in the training set.
Then the training error rate is given by

Rtr (T ) = total number of misclaffication data objects in a classification tree T

total number of data objects in the training data

Rtr(T ) =
∑
i

mi

N tr
.

Furthermore, for the comparison of prediction accuracies of constructed classifiers, one
has to compute the misclassification rate of a particular tree for data objects that are new
to the constructed tree (Rao et al., 2005). This value of the true misclassification rate is
known as the generalization error. A confusion matrix is constructed for a C class problem
to measure the generalization error rate (GER) or the true error rate denoted by R∗ (T ).

In Table 1, nij represents number of data objects that are common between ith true
class and jth predicted class. Diagonal elements n11, n22, . . . , nCC represent the correctly
classified data objects (i.e., data objects whose predicted and true class labels are the same).
While off-diagonal elements represent the misclassified/dissimilar data objects. Similarly,
n.1, n.2, . . . , n.C and n1., n2., . . . , nC. are totals of data objects of the corresponding
predicted and true class label, respectively. In case, all data objects are classified correctly,
then all off-diagonal entries in the table become zero. Similarly, if none of the data objects
are classified correctly, then all diagonal entries would become zero.

A confusion matrix is “similar” to a matching counts matrix. However, in a supervised
setting, where the number of classes are established by the training dataset, we do not find
any need for using a different number of classes in the classifier (i.e., C should always
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be equal to K if i = 1, 2, ...,Candj = 1, 2, ..., K). In some situations, we “binarize” our
classification problem and build classifiers for each class (vs. the rest), but we end up with
C 2 × 2 confusion matrices.

Since error rates and accuracy rates are complementary, we can see accuracy as a
measure of similarity between the class labels in our dataset and our predicted class labels
(resulting from applying a classification model to a test set). Likewise, error rate can be seen
as a measure of dissimilarity (in the same sense that a distance is a measure of dissimilarity
when we cluster data).

In order to evaluate a classifier, we should focus on measuring the performance of
the classifier using a suitable measure for the problem at hand (accuracy, precision, recall,
F-score, etc.), all of these could be viewed as measures of similarity between two sets of
labels, albeit focusing on different aspects of the problem (dissimilarities in case we use
error rates). Now the true error rate or an indicator for dissimilarity is given by

R∗ (T ) = 1 − correctly classified data objects in confusion matrix

total number of data objects in confusion matrix
,

R∗ (T ) = 1 − n11 + n22 + n33 + . . . + ncc

N
,

R∗ (T ) = 1 −
∑C

i=1 nii

N
.

The presence of noise in the training data and/or the lack of representative samples might
lead to (lucky) correct predictions. However that could not be explained by the input data.
The so-called bias-variance tradeoff is also a related issue.

If we have C classes, a completely random assignment would lead to 100% classifier
accuracy. Typically, we can do even better if we always assign any input data to the most
common class in our classifier, (i.e., > = 50% for binary classification problems, even
> 99% in anomaly detection settings). Hence, the need for cost-sensitive measures and
alternative evaluation metrics.

The remainder of this article is organized as follows.
In Section 2, a three steps strategy is introduced, which is used to search for the

optimum classification tree. Section 3 considers the alternative algorithms to construct
decision trees. In Section 4, the results for classification trees using the proposed strategy
and some other strategies described in Section 3 will be presented. Section 5 discusses the
experimental results while the last Section 6 presents the conclusion.

2. Three Steps Strategy (3SS) to Search for Optimum Classification Trees

Initially, an example is considered to explain briefly the proposed strategy.

2.1. An Example

Consider the Wine dataset along with sufficient characteristics regarding the predictors (Xi;
i = 1, 2, . . . , 13) and the response variable (integer-type values are assumed against each
class with class labels 1, 2, and 3) that is given in the table. The distribution of each class
label in the Wine dataset is as under:

Class label 1 2 3
Frequency 59 71 48
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X10 ≤ 3.4

X7 ≤ 1.39

178

55
123

48

2[0]

3[1]

1     2     3
59   71   48

1[0]

75

5817

2[2]

X13 ≤ 714

Figure 1. Classification tree of the Wine data using 3SS.

A classification tree is constructed using the bootstrap sample and then the out of bag
(OOB) data are applied as testing set to observe the performance of the constructed tree and
to obtain the true misclassification rate. The resulting classification tree is shown by Fig. 1.
The values beneath the squares are the class labels while the values in the square brackets
are the number of misclassified data objects. Each terminal node contains a sequence of
splitting variables as well as splitting values.

These sequences start from the top node and goes through the end node. If only a single
tree has to be constructed, two matrices are required: one for the variable-wise sequences
and another for the corresponding splitting value-wise sequences. Our main focus is to
keep the record of variable-wise sequences in one matrix and the record of corresponding
value-wise sequences in another matrix. Each matrix is consisting of r-rows and c-columns
(where r is the possible number of terminal nodes and c is the maximum depth of a tree).

On this way, by employing B bootstrap samples to generate classification trees, there
are as many such tree structures (both variable-wise and their corresponding splitting
value-wise) as there are the employed bootstrap samples.

From Fig. 1, one can depict both kinds of the tree structures simultaneously. For
example, the tree structure given below is formulated by using a variable-wise sequence of
each terminal node of the above tree starting from the left to right as

Node 1: X10

Node 2: X10 → X7

Node 3: X10 → X7 → X13

Node 4: X10 → X7 → X13

Similarly, the tree structure using the corresponding splitting value-wise sequence of
each terminal node of the tree starting from left to right is given as under:

Node 1: 3.40
Node 2: 3.40 → 1.39
Node 3: 3.40 → 1.39 → 714
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Node 4: 3.40 → 1.39 → 714
Note that the splitting at any node depends upon best selected variable and its value:

A value that provides maximum measure of goodness of fit as compared to other variables
and their values.

2.2. Three Steps Strategy (3SS)

Now, the proposed strategy will be described in the light of above example. The strategy is
divided into three steps, which are explained below:

Step 1. B number of bootstrap samples is taken and classification trees T1, T2, . . . ,
TB are constructed against each bootstrap sample. Each tree Tb; (1 ≤ b ≤ B) is the joint
structure of nb terminal nodes.

Let Qvar
1 ,Qvar

2 , · · · ,Qvar
B be the variable-wise sequences of constructed tree structures.

Similarly, Qval
1 ,Qval

2 , · · · ,Qval
B are the corresponding value-wise sequences of the same

tree structures. The sequences Qvar
b and Qval

b of each tree Tb are stored in two separate
matrices. Each matrix consists of rb-rows and cb-columns. Therefore, overall we have (B
× 2) number of such matrices for both types of sequences Qvar

b and Qval
b . The search task is

executed to acquire the most repeated variable-wise tree structure from the set of B matrices
(i.e., a matrix having maximum frequency fm(var)).

Step 2. In this step, only those constructed trees are conceived that have the same
variable-wise structure, that is, a set of matrices of sequences Qvar

b having maximum
frequency fm(var) obtained in the step 1. Now, the search is performed to obtain the most
repeated value-wise tree structure Qval

b having frequency fm(val).
Step 3. In the last step, only those constructed trees are permitted having the same

value-wise structure but they have different training error rates due to different training sets
from the bootstrap samples. The search operation determines the one, which incorporates
minimum training error rate out of all having the similar value-wise structure. On this way,
final classification tree is incurred, which is the result of the three steps strategy and the
OOB data are applied to get the generalized error rate.

The proposed algorithm explained above in three steps can be presented with the help
of a flowchart shown by Fig. 2. The following frequency distribution has been formed to
understand the mechanism of the proposed strategy. Let Q and q be the possible number of
distinct variable-wise and value-wise sequences, respectively, then their distributions are

Distribution 1 Distribution 2

Variable-wise sequence Fvariable Value-wise sequence Fvalue

S1 2 s1 1
S2 5 s2 3
S3 30 fm(variable) s3 10 fm(value)
. . . .
. . . .
. . . .
SQ 6 sq 2
Sum B = 200 (say) sum 30 (fm)

Final Tree Selection: In the above table, Distribution 1 gives frequency distribution
of B = 200 (say) variable-wise tree structures with the label variable-wise sequence and
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Start

Input data

Select bootstrap sample

Tree construction 
b = 1

Input bootstrap parameter B

Store tree structures

b = b + 1

if (b ≤ B)

Match & find most repeated 
variable-wise tree structure

Match & find most repeated 
value-wise tree structure

Calculate generalized error rate

Final tree with minimum 
training error rate

End

Yes No

Figure 2. Flowchart of three steps strategy to search for the optimum classification tree.
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Algorithm: Classification trees using the tree
Input: Let D be the original training data, B be the number of base 
classifiers, and K be the number of folds in cross validation.

• for (b in 1 : B) {
• Create training data Db from D.
• for (k in 1 : K) {
• Construct a base classifier Cb(k) from Db(k).
• }
• Obtain un-pruned tree & cross-validated best size (bs).
• } 
• Obtain un-pruned & pruned trees with most frequent value of 

bs.  
Output: Calculate generalized error rate 

Figure 3. Classification trees algorithm using the “tree” package.

corresponding frequency (i.e., Fvariable), while Distribution 2 gives frequency distribution of
fm(variable) = 30 (the most repeated tree structure or sequence) and searches for a value-wise
sequence appearing maximum number of times. We will consider fm(value) = 10 trees in
Distribution 2. Finally, we will select the one having minimum number of misclassified
units.

3. Alternative Algorithms to Construct Decision Trees

We have discussed above the main theme of the proposed strategy to acquire the optimum
classification tree. There are few other tree structured algorithms (e.g., tree and rpart
packages) with some differences. A brief description of algorithms used in this study for
comparison purposes is given below; a detailed version of each algorithm can be found in
the given references.

3.1. Tree

The “tree” package was first implemented as S-plus routines of Clark and Pregibon (1992)
by the S-plus developers. Later on, it was implemented in R software by Ripley (1999) and
had many versions with some kind of modifications, afterward by Ripley (2009). It may
generate classification as well as regression trees. The tree software may consider two types
of splitting criteria, that is, the deviance and the Gini function. The deviance is applicable
for the construction of regression trees, while the Gini function is used for generating
classification trees. The cost complexity pruning scheme of Breiman et al., (1984) is used
for the pruning purpose. The tree package follows the strategy implemented in CART by
Salford (1995). Figure 3 explains the un-pruned and pruned classification tree algorithm
using the “tree” package.

3.2. Rpart

The “rpart” package, which is the abbreviation of recursive partitioning and regression
trees, is used to construct decision trees. It was first implemented in R software in the
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Algorithm: Classification trees using the tree

Input: Let D be the original training data, B be the number of base classifiers, and K be
the number of folds in cross validation.
• for (b in 1 : B) {
• Create training data Db from D.
• for (k in 1 : K) {
• Construct a base classifier Cb(k) from Db(k).

• }
• Obtain un-pruned tree & cross-validated best size (bs).
• }
• Obtain un-pruned & pruned trees with most frequent value of bs.

Output: Calculate generalized error rate

light of the technical report of Therneau and Atkinson (2009) using the source code
of Clark and Pregibon (1992) and many updated versions afterward. The latest version
available to date is of Therneau and Atkinson (2009). It uses the Gini (Breiman et al.,
1984) and the Entropy (Quinlan, 1986) function for splitting intermediate nodes into
binary sub-nodes. By default, it performs cross-validation and provides the un-pruned
trees on the basis of cross-validated estimates. The cost-complexity pruning scheme of
Breiman et al. (1984) is used for the pruning purpose. The complexity parameter (cp)
(which is the size of tree) plays a vital role in the selection of resultant tree. The
value of cp penalizes models that are too complex. A small penalty leads to generate
more splits. Figure 4 demonstrates the building decision trees algorithm using the “rpart”
package.

Algorithm: Classification trees using the rpart
Input: Let D be the original training data, B be the number of base 
classifiers, and K be the number of folds in cross validation.

for (b in 1 : B) {
• Create training data Db from D.
• for (k in 1 : K) {
• Construct a base classifier Cb(k) from Db(k).
• }
• Obtain un-pruned tree & complexity parameter (cp).
• }
• Obtain un-pruned & pruned trees with most frequent value of 

cp.  
Output: Calculate generalized error rate 

•

Figure 4. Classification trees algorithm using the “rpart” package.
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Algorithm: Classification trees using the rpart

Input: Let D be the original training data, B be the number of base classifiers, and K be
the number of folds in cross validation.
• for (b in 1 : B) {
• Create training data Db from D.
• for (k in 1 : K) {
• Construct a base classifier Cb(k) from Db(k).

• }
• Obtain un-pruned tree & complexity parameter (cp).
• }
• Obtain un-pruned & pruned trees with most frequent value of cp.

Output: Calculate generalized error rate

4. Comparison of Various Classification Tree Algorithms

Experiments are conducted to investigate and analyze the performance of the proposed three
steps strategy to construct classification trees. First, the classification trees along with their
main features obtained for variant evaluation functions including the Gini function (Breiman
et al., 1984), the Entropy function (Quinlan, 1986), the Exponent-based function (Azam
et al., 2009), and the Twoing rule (Breiman et al., 1984) are investigated and analyzed.
Then the resultant trees obtained by proposed strategy are compared to other decision
tree algorithms including “rpart” using the Gini as a node splitting function. Finally, the
resultant trees of the proposed strategy are compared to some other decision tree algorithms,
for example, “tree” and “rpart” using the Entropy as a node splitting function. The decision
tree softwares including “tree,” and “rpart” mentioned above are all available in R.

4.1. Real-life Datasets

There are number of methods to evaluate the performance of a method. Whether a particular
method seems to accomplish better than other methods can be evaluated by using real-life
data. In practice, real-life datasets are one of the ways to see the performance. Mathemat-
ical and Computer-based simulations are also helpful to observe the performance. Twelve
benchmark datasets from the UCI (University of California Irvine) Machine Learning
Repository in order to compare the performance of different node splitting methods are in-
cluded. Table 2 summarizes the datasets those have been used in this study, which are freely
available from the following URL: ftp://ftp.ics.uci.edu/pub/machine-learning-databases/

Some of the datasets have binary class labels while the other represents multi-class
domain. Some of the problems contain a mixture of ordinal and continuous predictors
while some are purely continuous, and few are purely ordinal. Only those datasets from
the repository are included that have no missing values and contain a categorical response
variable.

4.2. Experimental Setup of Various Tree Algorithms

The classification trees by “tree” package are obtained by using 10-fold cross-validation.
Some information regarding the controlled parameters is to be provided. It includes the
number of data objects in each training set, minimum size of data objects to be allowed in
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Table 2
Dataset used in our experiments

Dataset Sample size Predictors Continuous Ordinal Classes

Lymphography 148 18 0 18 4
Iris 150 4 4 0 3
Wine 178 13 13 0 3
Glass 214 9 9 0 6
Haberman 306 3 3 0 2
Bupa 345 6 6 0 2
Housing 506 13 12 1 9
Breast cancer 569 30 30 0 2
Bal. scale 625 4 0 4 3
Pima 768 8 8 0 2
Vehicle 846 18 18 0 4
Yeast 1,484 8 8 0 10

a node, minimum deviance needed to declare any node a terminal node, etc. An optimum
size of the tree is achieved at each run on the basis of the point where the error rate bottoms
out.

Finally, one such value of optimum size is searched, which appears maximum number
of times in the list of B such values.

A similar procedure as described above is initiated for the “rpart” software to construct
a decision tree. It provides the complexity parameter (cp) which is used to trim off the least
important splits at each run. Note that cp, at this initial fit has to be small enough so that
the minimum of the cross-validated error is attained. Furthermore, the most frequent value
of cp is chosen from the list of B such values to generate un-pruned and pruned trees. The
basic experiment is repeated for 200 times to get more reliable results while the generalized
error rates are obtained for each method. To avoid over-fitting problem or over optimistic
misclassification errors, we have utilized the OOB data objects left over while drawing
each bootstrap sample. Tables 3–9 provides misclassification errors based on OOB units.

4.3. Experimental Results of Various Tree Algorithms

Tables 3 and 4 summarize the experimental results obtained from constructing binary
classification trees using the proposed three steps strategy on datasets mentioned above.
Table 3 shows generalized error rates and size of the constructed classification trees before
pruning, while Table 4 presents the results after pruning. The accompanying tables include
the results obtained by using four evaluation functions described earlier. Tables 6 and
7 summarize the results of building classification trees using two different approaches
including tree and rpart. Entropy function is used as the splitting function in both tree
building algorithms for classification and prediction purposes. Generalized error rates are
tabulated both for un-pruned and pruned classification trees.

Similarly, Tables 8 and 9 summarize the results of constructing classification trees
before and after pruning when the performance of 3SS, tree, and rpart is compared. This
comparison is carried out when Gini function is used as the node splitting criterion for all
three classification tree algorithms.
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Table 3
Generalized error rates (GER) in % age and tree size (before pruning)

Gini Twoing Entropy Exponent

Dataset GER Tree size GER Tree size GER Tree size GER Tree size

Wine 5.19 4 5.71 4 4.48 5 3.17 5
Breast cancer 6.76 10 4.07 11 6.00 10 7.08 12
Iris 5.56 4 3.70 4 3.92 5 3.33 5
Housing 23.28 14 16.67 19 25.65 14 14.74 19
Lymphography 20.37 5 26.67 4 22.41 4 30.36 4
Bal. scale 20.90 26 20.43 26 21.91 26 21.19 29
Vehicle 20.27 59 21.93 57 19.48 58 21.32 62
Pima 16.55 51 19.38 51 19.24 49 15.41 56
Bupa 29.66 28 25.62 31 29.32 29 22.83 29
Haberman 23.53 22 27.03 29 23.15 31 18.97 31
Glass 22.37 20 31.65 15 18.07 17 32.43 16
Yeast 43.56 18 49.54 7 44.22 10 40.48 35
Average 19.83 21.75 21.03 21.50 19.82 21.50 19.27 25.25

5. Discussion on Various Classification Tree Algorithms

All four evaluation functions used for splitting purpose demonstrate very similar behavior
(see Tables 3 and 4) both in terms of error rates and the tree complexity both before and after
pruning. It is generally observed that none of the evaluation criteria always perform better for

Table 4
Generalized error rates (GER) in % age and tree size (after pruning)

Gini Twoing Entropy Exponent

Dataset GER Tree size GER Tree size GER Tree size GER Tree size

Wine 5.19 4 5.71 4 4.48 5 3.17 5
Breast cancer 6.76 5 4.07 10 6.00 7 7.55 8
Iris 5.56 4 3.70 4 3.92 4 3.33 4
Housing 34.92 8 39.44 4 25.65 14 22.63 13
Lymphography 20.37 5 26.67 4 22.41 4 30.36 4
Bal. scale 28.69 11 28.09 8 33.47 7 29.24 10
Vehicle 27.70 27 31.56 25 29.22 25 32.92 12
Pima 19.42 15 23.53 6 27.84 3 21.92 3
Bupa 35.59 7 33.06 10 36.84 4 31.50 4
Haberman 25.21 6 33.33 5 29.63 4 25.86 6
Glass 27.63 9 37.97 9 28.92 9 35.14 11
Yeast 43.56 13 49.73 6 44.40 8 42.31 13
Average 23.38 9.50 26.41 7.92 24.40 7.83 23.83 7.75
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Table 5
Generalized error rates (GER) in % age

Dataset Random forests GER Average GER (Above 4 methods)

Wine 1.69 4.64
Iris 4.67 4.13
Breast cancer 3.51 6.10
Housing 3.75 30.66
Vehicle 24.35 30.35
Lymphography 14.86 24.95
Bal. scale 16.32 29.87
Pima 23.57 23.18
Haberman 27.45 28.51
Bupa 24.06 34.25
Glass 20.09 32.42
Yeast 36.73 45.00
Average 16.75 24.50

all datasets when these functions are applied to the proposed three steps strategy. The exper-
imental results also support the theory that most of the decision tree analysis present connat-
ural response regarding the selection of node splitting point, which returns almost the same
structure in case of having small number of classes (Breiman et al., 1984). In the present
study, the Gini function performed slightly better than others, though results are not signifi-
cantly (Friedman rank sum test (Demsar, 2006) is used to observe the significance.) varying

Table 6
Generalized error rates (GER) in % age and tree size using Entropy function (before

pruning)

3SS rpart

Dataset GER Tree size GER Tree size

Wine 4.48 5 1.59 8
Breast cancer 6.00 10 7.11 7
Iris 3.92 5 5.26 5
Housing 25.65 14 17.04 20
Lymphography 22.41 4 25.93 15
Bal. scale 21.91 26 25.82 12
Vehicle 19.48 58 31.37 19
Pima 19.24 49 26.09 14
Bupa 29.32 29 35.87 35
Haberman 23.15 31 32.45 27
Glass 18.07 17 28.57 25
Yeast 44.22 10 41.65 8
Average 19.82 21.50 23.23 16.25
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Table 7
Generalized error rates (GER) in % age and tree size using Entropy function (after pruning)

3SS rpart

Dataset GER Tree size GER Tree size

Wine 4.48 5 11.11 8
Breast cancer 6.00 7 7.11 3
Iris 3.92 4 7.02 3
Housing 25.65 14 27.27 13
Lymphography 22.41 4 25.93 5
Bal. scale 33.47 7 30.98 7
Vehicle 29.22 25 39.54 5
Pima 27.84 3 26.09 14
Bupa 36.84 4 42.75 6
Haberman 29.63 4 27.19 4
Glass 28.92 9 32.47 6
Yeast 44.40 8 44.40 6
Average 24.40 7.83 26.82 6.67

(see Tables 3 and 4). For the iris and wine dataset, it is observed that that there is no change
in the results in both un-pruned and pruned trees in all the four nodes splitting functions.
The results with and without pruning are quite similar for some datasets (e.g., wine, yeast)
in terms of GER because of top-down sequential pruning scheme (Azam et al., 2009). If

Table 8
Generalized error rates (GER) in % age and tree size using Gini function (before pruning)

tree 3SS rpart

Dataset GER Tree size GER Tree size GER Tree size

Wine 28.12 18 5.19 4 4.22 8
Breast cancer 4.14 15 6.76 10 6.54 7
Iris 5.08 6 5.56 4 5.66 4
Housing 21.54 18 23.28 14 14.06 20
Lymphography 27.27 27 20.37 5 33.33 17
Bal. scale 22.97 83 20.90 26 20.53 11
Vehicle 55.73 175 20.27 59 31.25 10
Pima 34.64 77 16.55 51 24.74 16
Bupa 35.65 41 29.66 28 32.81 34
Haberman 36.28 40 23.53 22 23.52 8
Glass 40.25 22 22.37 20 34.93 25
Yeast 43.53 10 43.56 18 46.47 9
Average 29.60 44.33 19.83 21.75 23.17 14.08
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Table 9
Generalized error rates (GER) in % age and tree size using Gini function (after pruning)

tree 3SS rpart

Dataset GER Tree size GER Tree size GER Tree size

Wine 29.69 17 5.19 4 7.04 4
Breast cancer 5.52 3 6.76 5 10.28 3
Iris 5.08 3 5.56 4 5.66 3
Housing 21.54 18 34.92 8 19.79 9
Lymphography 29.09 16 20.37 5 33.33 3
Bal. scale 29.73 10 28.69 11 25.89 6
Vehicle 65.57 27 27.70 27 40.13 5
Pima 31.78 7 19.42 15 24.74 16
Bupa 35.65 3 35.59 7 37.50 3
Haberman 33.63 13 25.21 6 23.52 8
Glass 58.44 2 27.63 9 38.55 5
Yeast 43.53 8 43.56 13 47.56 7
Average 32.44 10.58 23.38 9.50 26.17 6.00

there will be no decrease in impurity in descendent nodes, then it will prune it backward and
the number of descendent nodes will be decreased without affecting the misclassification
rates.

While using the other datasets, sometimes even similar results are achieved for various
evaluation functions, but it is not necessary that the whole of the tree structure is similar
both in terms of chosen predictors and their splitting values.

It is observed that the proposed “3SS” outperforms for many (9 out of 12) datasets
(before and after pruning) and it provides minimum generalized error rates when the results
are compared with other tree algorithms, for example, “rpart” using Gini as a node splitting
function. The proposed strategy generated trees that are larger in size as compared to other
tree building procedure (see Tables 6 and 7). The proposed 3SS also performed better than
rpart after pruning but the results are not significant.

The proposed three steps strategy is also compared with two algorithms, that is, “tree”
and “rpart” using Gini function as a node splitting function. The proposed strategy again
showed better performance (5 out of 12 datasets) in both cases of un-pruned and pruned
trees. On average, the proposed strategy showed lower GER as compared to tree and rpart
classification trees. The Gini function is observed to be more suitable than the Entropy
function as a node splitting criterion when the classification trees are constructed using the
proposed strategy (see Tables 8 and 9). An ensemble method “Random Forests” (Breiman,
2001) has also been implemented (see Table 5). It shows better predictive accuracy than
just one classification tree constructed by any classification method. This is perhaps similar
finding about ensemble classifier versus single classification tree as quoted by Breiman
(1996) “what one loses is the simple and interpretable tree structure and what one gains is
the increased accuracy.” So in the proposed strategy we are not losing tree structure even
we tried to get more stable classifier.
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6. Comments and Conclusion

The experimental results tabulated in Section 4.3 and some discussion presented in Section
5, it can be concluded that the proposed three steps strategy performs equally well for all
node splitting functions used in this study. The proposed strategy shows better performance
with respect to other tree building algorithms, for example, “tree” and “rpart.” More specif-
ically, it performs well when the Gini function is used as a node splitting function in all
these algorithms. The proposed three steps strategy seems to be more suitable and appeal-
ing than other tree building procedures. Because, main theme of the proposed strategy is
based on the idea of taking majority votes (as discussed in the bagging strategy) in terms
of whole tree structure (both in the selection of predictor-wise and the splitting values-wise
sequences). On this way, it provides the tree structure that appears maximum number of
times in the set of B such structures. The strategy needs larger value of B when the size of
the dataset is large enough or too many terminal nodes are involved, so that it can search
for the optimum tree structure.

We have applied the three steps strategy to the un-pruned trees first and then obtained
the pruned trees. As a result, very few trees are selected in the steps 1 and 2, respectively,
because of the tree complexity. This issue can be overcome by increasing B or by initiating
the three steps strategy to the pruned trees first instead of un-pruned trees. It will strengthen
the classification as well as predictive power of the resulting decision tree by taking more
votes for the most repeated tree sequences.
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