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Abstract: Decision tree classification is one of the most 

powerful data classification techniques in machine learning, data 
mining, big data analytics and split functionality is a crucial and 
inherently associated integral part of the decision tree learning.  
Many split similarity measures are proposed to determine the best 
split attribute and then partitioning the node data in decision tree 
learning accordingly. A new impurity measuring based split 
technique called (IMDT) for decision tree learning is proposed in 
this paper and it is used in obtaining experimental results. Many 
UCI machine learning dataset are employed in experimentation. 
The algorithm C4.5 is the most using data classification 
algorithm. The results obtained with the proposed approach are 
outperformed than the many existing decision tree classification 
algorithms in particular C4.5 decision tree algorithm. 
 

Keywords : Big data analytics, impurity measure, machine 
learning, split functionality and split attribute. 

I. INTRODUCTION 

Applications of machine learning are frequently being 

used in diversified areas such as science, research, retail, 
banking, biology, education, health care, and business etc. 
Popular and powerful decision tree algorithms available in 
machine learning are ID3, C4.5, EC4.5, CART and 
Rainforest. Out of all the decision tree classification 
algorithms C4.5 has occupied the ultimate and the topmost 
rank in both the machine learning and data mining. Though 
the oldest decision tree classification algorithm have 
undergone many changes still it is an young algorithm and 
research aspirants are continuously trying to upgrade it with 
innovative features with the ultimate goal of improving the 
classification accuracy and at the same time fitting it into the 
parallel paradigm framework. 

Many researchers have been trying with the aim of 
improving the decision tree classification accuracy by 
enhancing or modifying or by introducing new concepts, 
techniques, plans, and ideas in the form of state of the art data 
model. A new novel approach is proposed for segregating 
node data into partitions during decision tree induction. This 
new technique is completely based on node data impurity 
which is represented in the form of class labels of the training 
dataset.  

 
 
Revised Manuscript Received on June 30, 2020. 
* Correspondence Author 

D. Mabuni*, Department of Computer Science, Dravidian University,  
Kuppam, India. Email: mabuni.d@gmail.com 
 
© The Authors. Published by Blue Eyes Intelligence Engineering and 
Sciences Publication (BEIESP). This is an open access article under the CC 
BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/) 
 

If a node contains all sample instances belonging to the same 
class label then the purity of the node in the decision tree is 
said to be 1 and impurity of the node is said to be 0. In general, 
purity of a specific node with mixture class labels lies 
anywhere in the range between 0 and 1. Maximum purity is 1 
and minimum purity is 0. Node data purity and impurity are 
complement to each other and are related by the equation 

Impurity = 1 – Purity          (1) 

If a particular attribute has 4 distinct categorical values then 
there will be 4 distinct subgroups of class labels of that 
particular attribute and impurity will be computed for each 
subgroup separately and then finally all impurity measures are 
added up to get normalized impurity measure of the attribute. 
Impurity measures are computed for each attribute separately. 
The attribute with the smallest impurity measure is selected as 
the best split functionality attribute and data are segregated 
according to the distinct categorical values of the best 
functionality attribute. The desirable feature is that in the case 
of purity, high purity value is required and in the case of 
impurity low value of impurity is required. 

Impurity of a particular subgroup consisting of n number of 
classes is computed using the formula 

 
where pi is the probability of the ith class in the subgroup. 
 

Equation (2) is the basic idea for providing the 
functionality of the split. When all the instances of a particular 
subgroup of the training dataset consists of only one class 
label then its impurity is 0 which means purity of that 
subgroup is 1. After computing impurity measures in all the 
subgroups of a particular attribute then all those subgroup 
impurity measures are added and then converted it into a 
normalized or averaged impurity measure to make it a 
standard similarity comparison measure. 

II. LITERATURE SURVEY 

Desai et al [1] proposed an algorithm for improving the 
decision tree classifier algorithm. Cherfi et al [2] developed a 
new decision tree construction algorithm that reduces the 
number of cut points of numerical attributes. Chen et al [3] 
proposed a decision tree algorithm for improving the 
classification accuracy and for decreasing the training time 
based on the local optima solutions. I. D. Mienye et al [4] 
provided sufficient improvements and progress details of 
decision tree classification algorithms. Adhatrao et al [5] 
predicted the performance details of students using ID3 and 
C4.5 algorithms. 
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Fang et al [6] proposed a new split technique called mutual 
information for creating decision trees. Experimental results 
have shown that the accuracies and performances of decision 
trees developed using mutual information are better than 
many of the existing decision tree algorithms. Yi-ban et al [7] 
proposed an improved ID3 algorithm based on weights in 
rough set theory. Muslim et al [8] tried to improve the 
performance of C4.5 algorithm by taking swam optimization 
with the help of breast cancer dataset. 

Muslim et al [9] conducted sufficient researches for 
improving the decision tree accuracy in predicting credit 
receipts. V. K. Soni and S. Pawar [10] proposed an optimized 
version of ID3 algorithm to overcome the limitations of the 
ID3. Man et al [11] proposed an optimized node split 
procedure using adaptive selection of parameters in Random 
forest decision tree creation. Yuan and Wang [12] proposed 
an improved network traffic based decision tree classification 
algorithm. Wang et al [13], in 2017 proposed a novel 
approach to select the splitting attribute. 

III. PROBLEM DEFINITION 

Finding the best split attribute in decision tree learning is a 
open challenging problem. No one split functionality 
procedure so for invented is not hundred percent perfect with 
respect to desired features and because of this reason research 
is continuously focusing on finding the best optimal split 
technique for creating decision tree classifiers. The goal of 
finding the best split is for reduction of computational effort, 
decreasing the execution time, and increasing the 
classification accuracy. 

IV. METHODOLOGY 

Suppose the training dataset consists of 3 distinct classes 
and suppose the attribute A has 4 distinct categorical values 
then the impurity of the attribute A is the sum of impurities of 
its subgroups resulted for the attribute parts A1, A2, A3 and 
A4. That is impurity of A is computed as 

 
Impurity (A) = Impurity (A1) + Impurity (A2) +   
                        Impurity (A3) + Impurity (A4) 
 

 
pi is the probability of the ith class in the partition A1 
 
p1 is the probability of the class-1 in the partition A1 
p2 is the probability of the class-2 in the partition A1 
p3 is the probability of the class-3 in the partition A1 
 
Note that each partition consists of three distinct classes and 
p1, p2 and p3 are probabilities of class-1, class-2, and class-3 
respectively in the subset A1 
 

Similarly the impurities for the subgroups A2, A3, and A4 
are computed. For example, if a particular partition, say A4 
has only one class then its impurity is 0. That is,  

 

Impurity (A4) = 1.0 – 0 – 0 – 1.0 = 1.0 – 1.0 = 0 
 

In simple and common sense way, suppose I (A) represent 
impurity of the selected attribute, A, then the normalized or 
average impurity measure of the attribute A is computed with 
the formula (2) and the value 4 is used because there are 4 
distinct subgroups 
 
I (A) = [ I(A1) + I(A2) + I(A3) + I(A4) ]/ 4.0          (4) 
 

Normalized impurity measures are generally considered to 
be the effective measures with respect to accuracies of the 
models or classifiers.  Same process can be extended for 
handling n-class datasets. In this paper for easy understanding 
purpose computations are provided for three class dataset 
consisting of all categorical values. 
 

TABLE-1 A Sample Hypothetical Dataset 
Disease Bad Habits Condition Operation Status 

BP Drinking Bad No 3 
BP Drinking Bad Yes 3 
BP Drinking Good No 3 
BP Drinking Good Yes 3 
BP Others Bad No 1 
BP Others Bad Yes 1 
BP Others Good No 1 
BP Others Good Yes 1 
BP Smoking Bad No 2 
BP Smoking Bad Yes 2 
BP Smoking Good No 2 
BP Smoking Good Yes 2 

Heart Drinking Bad No 3 
Heart Drinking Bad Yes 3 
Heart Drinking Good No 3 
Heart Drinking Good Yes 3 
Heart Others Bad No 3 
Heart Others Bad Yes 3 
Heart Others Good No 3 
Heart Others Good Yes 3 
Heart Smoking Bad No 3 
Heart Smoking Bad Yes 3 
Heart Smoking Good No 3 
Heart Smoking Good Yes 3 
Sugar Drinking Bad No 3 
Sugar Drinking Bad Yes 3 
Sugar Drinking Good No 3 
Sugar Drinking Good Yes 3 
Sugar Others Bad No 1 
Sugar Others Bad Yes 1 
Sugar Others Good No 1 
Sugar Others Good Yes 1 
Sugar Smoking Bad No 2 
Sugar Smoking Bad Yes 2 
Sugar Smoking Good No 2 
Sugar Smoking Good Yes 2 

A sample training dataset is shown in TABLE-1. It consists 
of four input or predictor variables and one output variable.  
For ease of understanding purpose this set is described with 3 
distinct class labels-1, 2, and 3.  
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Class label 1 means patient status is normal, 2 means not 
normal and 3 means critical. The first attribute, Disease, 
represents what type of disease the patient has, second 
attribute, Bad-Habits, tells the type of bad habit of the patient, 
condition attribute gives condition of the patient, operation 
attribute tells whether the patient has undergone operation or 
not and status attribute which is a class label gives the present 
status of the patient after treatment. 
 

TABLE-2 Class Label counts of Disease Attribute 
Disease 1-class 2-class 3-class 

BP 4 4 4 
Heart 0 0 12 
Sugar 4 4 4 

 

 
 

 
 

 

 
 

 
 

 
 

 
 

 
 
Impurity (Disease) = Impurity (BP) + Impurity (Heart) +    
                                 Impurity (Sugar) 
Impurity (Disease) = 0.66667 + 0 + 0.66667=1.3333 
 
Normalized impurity (Disease) = 1.3333/3 = 0.44444 
 

TABLE-3 Class Label counts of Bad-Habits Attribute 
Bad-Habits 1-class 2-class 3-class 
Drinking 0 0 12 
Others 0 4 8 

Smoking 0 4 8 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 
Impurity (Bad-Habits) = Impurity (Drinking) +    
                           Impurity (Others) + Impurity (Smoking) 
 
Impurity (Bad-Habits) = 0+0.44444+0.44444=0.88888 
Average or normalized value of Impurity (Bad-Habits) =    
                             0.88888/3.0 = 0.2962962962962963 
Normalized impurity (Bad-Habits) = 0.296296296296 
 

TABLE-4 Class Label counts of Condition Attribute 
Condition 1-class 2-class 3-class 

Bad 4 4 10 
Good 4 4 10 

 

 
 

 
 

 
 

 
 

 
 

 
 
Impurity (Condition) = Impurity (Bad) + Impurity (Good) 
Impurity (Condition) = 0.59259 + 0.59259 = 1.185185185 
 
Normalized impurity (Condition) = 1.185185185/2.0 
 
Normalized impurity (Condition) = 0.59259 
 

TABLE-5 Class Label counts of Operation Attribute 
Operation 1-class 2-class 3-class 

No 4 4 10 
Yes 4 4 10 
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Impurity (Operation) = Impurity (No) + Impurity (Yes) 
Impurity (Operation) = 0.59259 + 0.59259 = 1.185185185 
Normalized impurity (Operation) = 1.185185185/2.0 
Normalized impurity (Operation) = 0.59259 

TABLE-6 Impurity measures 
Attribute Name Impurity 

Disease 0.444444 
Bad-Habits 0.296296 
Condition 0.59259 
Operation 0.59259 

In the first iteration impurity measures are given for all the 
attributes in the TABLE-6 and Bad-Habits attribute has the 
smallest impurity measure and it is selected as the best 
measure of the function split. TABLE-1 data are divided into 
subgroups based on the distinct categorical values (Drinking, 
Others, Smoking) of the Bad-Habits. 

TABLE-7 Bad-Habits = “Drinking” subgroup 
Disease Condition Operation Status 

BP Bad No 3 
BP Bad Yes 3 
BP Good No 3 
BP Good Yes 3 

Heart Bad No 3 
Heart Bad Yes 3 
Heart Good No 3 
Heart Good Yes 3 
Sugar Bad No 3 
Sugar Bad Yes 3 
Sugar Good No 3 
Sugar Good Yes 3 

Data shown in the subgroup of TABLE-7 is hundred 
percent homogeneous because the class label, 3, is same for 
all the instances and it is perfectly pure and there is no 
impurity in the data as a result of this further data 
classification is not required. Therefore, in the decision tree 
learning a leaf node is created for this subgroup and labeled it 
with class label 3. 

TABLE-8 Bad-Habits = “Others” subgroup 
Disease Condition Operation Status 

BP Bad No 1 
BP Bad Yes 1 
BP Good No 1 
BP Good Yes 1 

Heart Bad No 3 
Heart Bad Yes 3 
Heart Good No 3 
Heart Good Yes 3 
Sugar Bad No 1 
Sugar Bad Yes 1 
Sugar Good No 1 
Sugar Good Yes 1 

TABLE-9 Class Label counts of Disease Attribute 
Disease 1-class 2-class 3-class 

BP 0 0 4 

Heart 0 0 4 
Sugar 0 0 4 

 
 

 
 

 
 

 
 

 
 

 
 
Impurity (Disease) = Impurity (BP) + Impurity (Heart) +    
                                 Impurity (Sugar) 
 
Impurity (Disease) = 0 + 0 + 0 =0 
 
Normalized impurity (Disease) = 0/3 = 0 
 

TABLE-10 Class Label counts of Condition Attribute 
Condition 1-class 2-class 3-class 

Bad 0 2 4 
Good 0 2 4 

 

 
 

 
 

 
 

 
 

 
 

 
 
Impurity (Condition) = Impurity (Bad) + Impurity (Good) 
Impurity (Condition) = 0.44444 + 0.44444 = 0.88888 
 
Normalized impurity (Condition) = 0.88888/2.0 
 
Normalized impurity (Condition) = 0.44444 

TABLE-11 Class Label counts of Operation Attribute 
Operation 1-class 2-class 3-class 

No 0 2 4 
Yes 0 2 4 
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Impurity (Operation) = Impurity (No) + Impurity (Yes) 
 
Impurity (Operation) = 0.44444 + 0.44444 = 0.88888 
 
Normalized impurity (Condition) = 0.88888/2.0 
 
Normalized impurity (Operation) = 0.44444 
 

TABLE-12 Impurity measures 
Attribute Name Impurity 

Disease 0 
Conditon 0.44444 
Operation 0.44444 

 
Disease attribute is selected as the best split attribute for the 

functionality split and current data in the current node of the 
decision tree is divided according to the distinct categorical 
values of the disease attribute and the resulted data divisions 
are shown in TABLES-13 and TABLES-14 respectively. 
 

TABLE-13 Disease = “BP” or “Sugar” subgroup 
Condition Operation Status 

Bad No 1 
Bad Yes 1 

Good No 1 
Good Yes 1 
Bad No 1 
Bad Yes 1 

Good No 1 
Good Yes 1 

 
TABLE-14 Disease = “Heart” subgroup 

Condition Operation Status 
Bad No 3 
Bad Yes 3 

Good No 3 
Good Yes 3 

 
TABLE-13 and TABLE-14 both are homogeneous and are 
hundred percent pure because all instances have the same 
class label and hence further data classification is 
unnecessary. 
 

TABLE-15 Bad-Habits = “Smoking” subgroup 
Disease Condition Operation Status 

BP Bad No 2 
BP Bad Yes 2 

BP Good No 2 
BP Good Yes 2 

Heart Bad No 3 
Heart Bad Yes 3 
Heart Good No 3 
Heart Good Yes 3 
Sugar Bad No 2 
Sugar Bad Yes 2 
Sugar Good No 2 
Sugar Good Yes 2 

 
TABLE-16 Class Label counts of Disease Attribute 

Disease 1-class 2-class 3-class 
BP 0 0 4 

Heart 0 0 4 
Sugar 0 0 4 

 
 

 
 

 
 

 
 

 
 

 
 
Impurity (Disease) = Impurity (BP) + Impurity (Heart) +    
                                 Impurity (Sugar) 
Impurity (Disease) = 0 + 0 + 0 =0 
 
Normalized impurity (Disease) = 0/3 = 0 
 

TABLE-17 Class Label counts of Condition Attribute 
Condition 1-class 2-class 3-class 

Bad 0 2 4 
Good 0 2 4 
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Impurity (Condition) = Impurity (Bad) + Impurity (Good) 
Impurity (Condition) = 0.44444 + 0.44444 = 0.88888 
 
Normalized impurity (Condition) = 0.88888/2.0 
 
Normalized impurity (Condition) = 0.44444 
 

TABLE-18 Class Label counts of Operation Attribute 
Operation 1-class 2-class 3-class 

No 0 2 4 
Yes 0 2 4 

 

 
 

 
 

 
 

 
 

 
 

 
 
Impurity (Operation) = Impurity (No) + Impurity (Yes) 
Impurity (Operation) = 0.44444 + 0.44444 = 0.88888 
Normalized impurity (Condition) = 0.88888/2.0 
 
Normalized impurity (Operation) = 0.44444 
 

TABLE-19 Impurity measures 
Attribute Name Impurity 

Disease 0 
Condition 0.44444 
Operation 0.44444 

Data are sub grouped using Disease attribute and the resulted 
subgroups are homogeneous and perfectly pure and hence 
additional data classification is not required. 

TABLE-20 Disease = “BP” or “Sugar” subgroup 
Condition Operation Status 

Bad No 2 
Bad Yes 2 

Good No 2 
Good Yes 2 
Bad No 2 
Bad Yes 2 

Good No 2 
Good Yes 2 

 
TABLE-21 Disease = “Heart” subgroup 

Condition Operation Status 
Bad No 3 
Bad Yes 3 

Good No 3 
Good Yes 3 

V. ALGORITHM 

------------------------------------------------------------------- 
Algorithm Attribute-Impurity (T, X) 
Input 
       Training dataset T 
       Set of attributes X 
Output 
          The best split attribute 
 
1. for d = 1 to length of X do 
2.      impurity[d] = 0 
3. end for d 
4. for i = 1 to length of X do 
5.      A = get ith attribute of X  
6.      attribute-sum = 0 
7.      S = find distinct categorical values of A 
8.      for j = 1 to length of S do 
9.            C = get jth value of S 
10.          Count = get all class counts of C in T 
11.           sum = 0 
12.           for k = 1 to number of classes in Count do 
13.                 Impurity (Ck) = compute impurity of Ck 
14.                 sum = sum + Impurity (Ck) 
15.           end for k  
16.           attribute-sum = attribute-sum +1– sum 
17.      end for j 
18.      impurity [i] = attribute-sum 
19. end for i 
20. minimum = 9999, loc = 0 
21. for m = 1 to length of X do 
22.      if ( impurity[m] > minimum ) 
23.           minimum = impurity[m] 
24.           loc = m 
25.      end if 
26. end for m 
27. return X[loc] 
---------------------------------------------------------------- 
 

 
FIGURE-1: Decision Tree Model for the Dataset shown 

in TABLE-1 
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If the patient has drinking bad habit then his position will 
be critical after taking treatment. If the patient has both 
smoking and heart problems then position will be critical after 
treatment. Also if the patient has both others and heart 
problems then the position will be critical after taking the 
treatment. The diagram shows that many leaves contain class 
label 3 that indicates greater chances are there for critical 
health after treatment. 

VI. RESULTS 

TABLE-22 Experimental Results 
Dataset  
Name 

Training 
dataset size 

Test 
dataset 

size 

C4.5 
accuracy 

IMDT 
accuracy 

Balance scale 469 156 45.5128 67.9487 
Breast Cancer 192 95 61.0526 77.8947 

Car data 1296 432 81.25 85.26 
Hayes Roth 132 28 50 50 

Lympho 
graphy 

112 36 27.7777 41.6666 

Nursery 9719 3240 86.358 94.36 
Patient 36 36 100 100 

Primary tumor 254 85 55.2941 70.588 
SPEC 80 187 58.8235 62.0320 

 
The proposed impurity based split function is different 

form Gini index in the sense that Gini index supports only 
binary splits whereas the proposed rule supports creation of 
multiple branches at the same time resulting more compact 
decision trees. Experiments are conducted using proposed 
algorithm by employing UCI machine learning datasets and 
the results are tabulated in TABLE-22. The proposed 
algorithm outperforms the experimental results when 
compared with the existing results. 

VII. CONCLUSION 

A new rule based on node impurity finding standard 
measure formula is proposed for split functionality of 
decision tree learning. The rule is applicable only for 
categorical attributes. In the future this rule will be extended 
to continuous attributes also. Special vigorous ideas will be 
investigated further for improving or finding new techniques 
for improving the quality and decision tree classification 
accuracies of the proposed rule of split functionality.  
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