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Abstract 
Embedding of fuzzy logic in decision tree classifiers is 

considered to be an efficient way of handling uncertainty, 
ambiguity and indeterminacy in the stored information. The 
focus of proposed work is to design a new trapezoidal 
membership function to fuzzify continuous attributes so that the 
standard error margin can be reduced in the presence of 
overlapped data instances. The decision points of the designed 
trapezoidal membership function are controlled through two 
data distribution measures i.e. mean and standard deviation. To 
verify the optimality of results, HSM is fuzzified with the 
proposed approach as HSM outperforms the other known 
variants of decision tree classifiers. Data sets of different 
composition are picked from UC Irvine machine learning 
repository to apply 10 fold cross validation during training and 
testing phase. Section V proves the proposed approach i.e. 
combination of HSM with designed trapezoidal membership 
function better than FID3 and Fuzzy SLIQ in terms of accuracy, 
tree size, height and standard error margin.  

  
Index Terms— Classification, Crisp Decision Classification, 

Fuzzy Decision Tree (FDT), HSM, Fuzzy SLIQ, Fuzzy ID3 and 
Trapezoidal Membership Function. 

 

 

I. INTRODUCTION 

Classification techniques are used to partition data into smaller 
disjoint sub groups on the basis of feature similarity. 
Partitioning data into smaller sub-groups is normally disjoint 
in classical crisp decision tree model. But, in many real life 
scenario’s, one needs to model the uncertainty, ambiguity, 
imprecision and fuzziness involved in the data set. Fuzzy 
decision trees are basically used to represent the information 
in terms of fuzzy linguistic terms, which yields better results if 
imprecise measurements are present in the data set. 
Classification of data is required in all major disciplines of 
science and technology. The quality of decision tree is majorly 
dependent on the choice of the split point used in the decision 
tree construction. A long debate is going among researchers 
on the issue of “How to find optimal split point”.   
          However, generating optimized height balanced 
decision tress of acceptable height is difficult to design. In 
decision trees, optimizing one parameter will impact the others 
at the same time. Improving the quality of split measure will 

determine the efficiency of classification process. Decision 
tree’s height will determine the search time required to 
classify any data instance. There are many popular crisp 
decision tree classifiers who served as backbone to the crisp 
classification in past few decades. Among them, CART [1] 
algorithm by Breiman et al. was the initial effort to decision 
trees using towing criteria (1984). Next in sequence, proposed 

by Quinlan is ID3 [2] (1986) which works on gain in 
information as split criteria. In 1993, Quinlan rectified ID3 to 
yield gain ratio based decision classifier named C 4.5 [3]. In 
1990, Fayyad and Irani showed minimization in a decision 
tree [4]. Again, in 1992 Fayyad and Irani identified a new way 
to discretize continuous attributes in decision space [5]. In 
1989, a summarized performance sheet of numerous selection 
measures was presented by Mingers [6]. In 1996, convexity 
and well-behavedness is considered as a node selection 
measure by L. Breiman [7]. In 1996, SLIQ[8] developed by  
Quest team used gini index for classifying numeric and 
categorical data, splitting is done by giving weightage to class 
values. In sequence to it, SPRINT [9] designed by Quest team 
members aims at parallelizing SLIQ performance. R. Rastogi 
et al. (1998) introduced PUBLIC [10], to target the 
computational complexity of SLIQ .In 1998, quantization 
based technique proposed by K. Alsabti et al. is used in 
CLOUDS [11] to pick global iteration least value as split point 
choice. Gehrke J. et al considered the granularity of data and 
proposed BOAT [12] in 1999.   Importance of each target 
class is considered by Paul et al. (2009) to design a new crisp 
classifier [13]. Kothari et al. (2009) designed a new nonlinear 
node splitting criteria [14]. In 2011, HSM (Heterogeneous 
Node Split Measure) [15] is proposed by Venkatanaresh et al. 
based on partial information gain. Gaurav gupta et al. [16] 
proposed MGI to modify gini index based node splitting 
criteria to build crisp decision tree classifier (2014).But, all the 
crisp classifiers are inherently deficient to deal with imprecise 
measurements present in the data set. A detailed literature of 
crisp classifiers can be found in [32].  
     Fuzzification of decision trees came into picture due to 
imprecise and ambiguous information present in the sample 
data sets. The approach used in crisp decision tree 
construction is to recursively partition the sample space into 
disjoint subsets until all the sample records does not belong to 
pure partition. But, this approach leads to miss-classification 
of tested samples which is undesired in many situations. So, to 
improve upon the situation many researchers talked about 
incorporating fuzzy logic in decision trees [17-23]. Prof. 
Zadeh was the founder of fuzzy logic, who pointed out the 
importance of fuzziness in crisp scenarios in 1965. In past few 
decades, numerous revisions have been incorporated to fuzzify 
decision boundaries of the famous crisp decision tree 
classifiers (ID3, C4.5 and SLIQ etc.). All the variants of fuzzy 
ID3 algorithms work well on categorical data sets but unable 
to give satisfactory performance in case of continuous valued 
attributes. SLIQ and HSM are two popular variants used by 
researchers for classifying continuous valued attributes that 
outperforms many existing techniques. So, our proposed 
approach is compared with Fuzzy variant of ID3 (i.e. FID3) 
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and Fuzzy SLIQ with respect to accuracy, size, height and 
standard error. But, finding a reasonable membership function 
to deal with huge and imprecise data is a difficult task even for 
an expert.  
     All the fuzzy decision tree techniques have their associated 
pros and cons [24-31]. Basically, there are four major research 
categories of generating fuzzy decision trees among research 
community. 1) The first of them is to pre-fuzzify the data 
points along all the attributes and then build fuzzy decision 
trees using some popular statistical measures like gini index, 
gain ratio, information gain and entropy etc. 2) Generating 
fuzzy decision trees based on ID3, where fuzzy entropy and 
some other specificity measures are used. 3) Third category 
uses if-then rule base to handle uncertainty while constructing 
fuzzy decision trees.4) this category of researchers works on 
assigning some numerical class output to the records instead 
of categorical mappings. A glimpse of a few references is 
mentioned here for the readers. B.Chandra et al. [24] 
presented a modified version of SLIQ by mapping data values 
to linguistic variables. Y. Lertworaprachaya et al. [25] 
presented a new approach to build fuzzy decision tree using 
interval value analysis. W. Pedrycz et al. [26] presented fuzzy 
c-means decision tree by considering c-means clustering. R. 
Weber [27] gave a new variation to ID3 with the name FID 3, 
which outperforms its existing counterpart. B. Chandra et al. 
[28] proposed a new method on how to fuzzify gini index in 
crisp scenario. Xi-Zaho et al. [29] targeted on the max 
ambiguity count present in sample selection while 
constructing fuzzy decision tree. Xiaodong Liu et al. [30] used 
axiomatic fuzzy set approach to filter efficient fuzzy rule set 
from the customized FDT. Chenxia et al. [31] gave 
generalized information entropy formula to build efficient 
Fuzzy ID3. 
        In this paper, a new heuristic to fuzzify crisp boundaries 
has been proposed using trapezoidal membership function. 
Fuzzification is done over the split points to generate fuzzy 
decision boundaries. The presented approach is inspired from 
two statistical measures (i.e. Standard Mean and Standard 
Deviation) to handle indeterminism and ambiguity present in 
the sample data set, which leads to lowered misclassification 
rate. We will use these two measures to form our proposed 
trapezoidal membership function. The proposed trapezoidal 
membership function is then embedded with HSM [15] to 
validate the results because HSM by far is the most 
outstanding crisp classifier known till date. The result of 
fuzzification is compared with Fuzzy SLIQ and Fuzzy ID3. 
The splitting is done on simultaneous change of class and 
attribute value. 
      Layout of the discussed work is as per the following 
points: Section II gives brief introduction to HSM node split 
measure. Section III gives insight to the proposed approach 
and its terminology, Section IV shows experimental 
evaluation of proposed approach on a sample data set, section 
V will show simulation results to compare the proposed 
approach (Fuzzy- HSM) with Fuzzy SLIQ and Fuzzy ID3 on 
numerous data set taken from the UC Irvine Repository, 
Section VI highlights the concluding remarks. 

II. FINDING HSM FOR A TWO CLASS PROBLEM 

HSM (Heterogeneous Measure for Node Splitting) is inspired 
from quasi mean of logarithmic values. It works on partial 
information gained from global and local information 
available in the data set. Node splitting is done by computing 
weighted average of partial information in every sub partition.  
Let ‘D’ be a sample data set divided among Cn classes, here n 
is the class count present in the tested sample.  Split point 
considered is the one where both class and attribute value 
changes. Splitting of data set on split points generates two 
binary partitions; lower part and upper part. For every target 
class Ci(i=1 to n) in lower (Li) and upper part (Ui), HSM 
counts the number of records in each partition by using class 
histogram. The HSM value of any attribute ‘A’ in data set ‘D’ 
is calculated by eq (1): 

HSM 	 |L| D⁄ ∗	 log 1 	
|L |
|L|

∗ 	e | |⁄  

	 |U| D⁄ ∗	 log 1 	
|U |
|U|

∗ 	e | |⁄ 															 1  

Here,	
| |

| |
= contribution of upper partition in entire data set 

|L | D⁄ 	= contribution of lower partition in entire data set 
 
Here,  
|L| → Count of Records in Lower Partition below split value 
‘A’ 
|U| → Count of Records in Upper Partition above split value 
‘A’ 
|D| → Total records in sample data set ‘D’ 
 
For Attribute ‘A’, firstly arrange all attribute values in sorted 
sequence. Now, we want to split it on “A=10”.Fig. 1 shows 
the lower and upper partition created at this split value: 
 
Attribute	′A′

3
6
8
10
11
23
25

 ├ 3 6 8|10 11 23 25  

 
Fig. 1: Partitioning of data set ‘D’ at split point “A=10” 
 
Where, 3, 6, 8 € Lower Partition (L) and 10, 11, 23, 25 € 
Upper Partition (U) 
Partial_info is the mean of partially gained information from 
sub partitions and is calculated by eq (2) is given below: 
 
Partial_Info	

	∑ 1 	
| |

| |
∗ 	e | |⁄ 																																								 2 										         

HSM finds the split points that are having maximum 
information gain. Splitting is done in a top down manner 
recursively till the time we are not getting pure partitions.  
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III. NEW PROPOSED APPROACH 

The proposed approach captures the continuous nature of 
sampled data. The continuous distribution of data points can 
be very well captured by two statistical measures i.e. mean 
and standard deviation. It counts the diversity among data 
points spread over data set. So, in order to capture unseen data 
patterns the traditional trapezoidal membership function is 
modified. Modification is done to include statistical impact of 
mean and standard deviation in data distribution. Fig. 2 shows 
the significance of using these two statistical parameters: 

 
FIG. 2: DISTRIBUTION OF DATA POINTS AROUND MEAN AND STANDARD 

DEVIATION 

 
To remove the problem of inconsistency, vagueness and 
uncertainty of unseen classification patterns, the concept fuzzy 
logic is used to fuzzify the split information. In the proposed 
approach membership values of the attributes is calculated 
using famous trapezoidal membership function. Fig. 3 shows 
the traditional trapezoidal membership function used: 
 

 
 

FIG. 3 TRAPEZOIDAL MEMBERSHIP FUNCTION 

 
To capture the uncertainty among the data instances, the need 
is to identify the fuzzy decision boundaries. Fig. 4 shows the 
fuzzified decision boundary among a three class problem:  
 

 
 

FIG. 4: FUZZIFIED DECISION BOUNDARIES IN TRAPEZOIDAL MEMBERSHIP 

FUNCTION 

 
For any data instance ‘Z’ in the data pool, the fuzzy 
membership weightage can be derived by traditional 
trapezoidal membership mode as shown in eq (3): 

Z; P, Q, R, S

0 , Z P
Z P
Q P

, P Z Q

1 , 							Q Z R
S Z
S R

, R Z S

0 , S Z

														 3 			 

 
Here, [P, Q, R, S] are the four scalar parameters used to 
control the fuzziness in the constructed decision tree with 
respect to mean and standard deviation. In order to find fuzzy 
membership values for every attribute, the proposed approach 
uses some definitions as explained below: 
 
Definition 1: Fuzzy sets and membership values 
 
For any fuzzy set ‘A’ having ‘X’ as universe of discourse. For 
any object bϵA, the membership value is calculated by eq (4): 
 
		A b, μ 		|b	ϵ	X      (4)                     
  
For every attribute value ‘b’ the membership function assigns 
a degree of belongingness to a target class ‘C’, mapping is 
shown in eq (5): 
 
      μc (b): X→[0,1]   (5)                   
 
For example: “For any Attribute value A= 73”. It can have 0.3 
belongingness to class 1, 7.5 for class 2 and 4.8 for class 3, 
instead of giving crisp mapping of either 0 or 1. 
 
Definition 2: Fuzzified Membership Value (FMV) 
 
For any attribute ‘A’, find the value of all the trapezoidal 
points P, Q, R and S by using eq (6): 
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Val P 	min	_val A

Val Q 	│mean A std_dev A │

Val R │mean A std_dev A │	
Val S max	_val A

       (6)                               

 
Here,  
min_val→ Least Value present in attribute ‘A’ 
max_val → Peak Value present in attribute ‘A’ 
mean (A) → Statistical Mean attribute ‘A’ domain values 
std_dev→ Standard Deviation of attribute ‘A’ domain values 
 
For example: For attribute value, A=78  
Suppose Mean= 40.18, Standard Deviation= 25.67 
Then, Value of P= 7, Q= 14, R= 65, S=79 (using equation (6)) 
 
By putting these values in equation (3) for split point 
corresponding to A, we get 
For (A=78), value of z=78 
F (78; 7, 14, 65, 79) = (79-78)/ (79-65) = 0.07 
So, FMV (A=78) = 0.07 
For every data partition, the proposed approach will find FMV 
values of every record after having a split on the next level.   
 
In the proposed approach, firstly all the data instances will 
have same membership weightage which is 1/Class count in 
the sample data. The tentative candidate to be root node is the 
one with highest HSM count and iteratively partitions the data 
set till one of the stopping conditions have not reached. 
Meanwhile, at every level fuzzy membership values are 
updated using FMV on each binary split.   
Stopping criteria used for experimental set up is as follows: 
1) Pure partitions are generated at the leaf node 
2) Nothing left in the data set to classify. 
3) Reaching of a specified threshold set by user. 
 
Proposed Algorithm: 
 
1. At the root node (for Complete data set) 
2. Initialize the membership of every instance to 
1/number of classes 
3. Else 
5. at every level ‘L’ of decision tree 
6.  For each attribute ‘A’, sort the attribute values, fuzzy 
membership values along with class label 
7.        For every mid-point, where class and attribute value
 changes, evaluate HSM. 
8.  Choose a mid-point as splitting point with the 
maximum HSM value  
9. Update the fuzzy membership values using FMV 
 (refer definition 2) 
10. Repeat the above process at every data partition: Lower 
and Upper 
11. Make a leaf node if any stopping condition reached. 

 

 
 

IV. EXPERIMENTAL EVALUATION 

 
The detailed description of proposal is explained below 
through a sample data set. The sample data set used for 
demonstration is composed of seven attributes and three 
classes. Initially all the attributes will have same value of 
membership function i.e 0.3, as briefed in Table I: 

 
TABLE I: SNAPSHOT OF DATA SET USED 

Z1 Z2 Z3 Z4 Z5 Z6 Z7 Class FMV

53 47 53 10 50 30 40 1 0.3 

54 47 53 10 58 84 86 2 0.3 

58 47 53 10 21 34 44 1 0.3 

67 47 53 10 63 84 86 3 0.3 

68 47 53 10 53 82 13 3 0.3 

77 47 53 10 70 82 84 3 0.3 

93 47 53 10 57 78 80 3 0.3 

17 48 53 10 68 12 79 2 0.3 

21 48 53 10 59 32 42 1 0.3 

27 48 53 10 53 21 33 1 0.3 

29 48 53 10 59 57 64 1 0.3 

29 48 53 10 42 33 43 1 0.3 

46 48 53 10 50 36 46 1 0.3 

 
From Z1 to Z7, find out the candidate split points in the 
available data pool. Next job is to decide on split points for all 
the attributes (from Z1 to Z7).Sorting is done on the attribute 
values to find the split point where attribute and class value 
changes (Refer TABLE II) given below: 

TABLE II: VARIOUS SPLIT POINTS 

Split 
Points 
(Z1) 

19 53.5 56 62.5   

Split 
Points 
(Z2) 

47 48     

Split 
Points 
(Z3) 

53      

Split 
Points 
(Z4) 

10      

Split 
Points 
(Z5) 

53 57.5 58.5 61 65.5 69 

Split 
Points 
(Z6) 

16.5 67.5 83    

Split 
Points 
(Z7) 

23 71.5 79.5 85 86  

 
Now, calculate the HSM values of every split point. The split 
point with the maximum HSM score would be considered as 
decision root node for the given sample data set. 
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TABLE III: HSM COUNT OF VARIOUS SPLIT POINTS 

Attribute  Split Point HSM Count 
Z3 53 0.266 
Z5 57.5 0.280 
Z1 53.5 0.285 
Z7 71.5 0.300 
Z2 48.0 0.301 
Z4 10 0.301 
Z6 83 0.303 

 
From Table III, it is attribute Z6 with value 83 is having 
maximum HSM count (indicated bold). So, first partitioning 
of sample data would be done on “Z6=83”.From, here all the 
lesser and equal values will move towards left extension of the 
binary partition and greater will take right extension. 
 
At next level, update the fuzzy membership values of data 
instances using FMV on both side of partition. Table IV and V 
shows the updated FMV of data instances: 

 
TABLE IV: UPDATED FMV VALUES ON LEFT SIDE OF 0TH LEVEL 

Z1 Z2 Z3 Z4 Z5 Z6 Z7 Class FMV 

17 48 53 10 68 12 79 2 0*0.3=0 

27 48 53 10 53 21 33 1 1*0.3=0
.3 

53 47 53 10 50 30 40 1 1*0.3=0
.3 

21 48 53 10 59 32 42 1 1*0.3=0
.3 

29 48 53 10 42 33 43 1 1*0.3=0
.3 

58 47 53 10 21 34 43 1 1*0.3=0
.3 

46 48 53 10 50 36 46 1 1*0.3=0
.3 

29 48 53 10 59 57 64 1 1*0.3=0
.3 

93 48 53 10 57 77 80 3 0.42*0.
3=1.26 

68 47 53 10 53 82 13 3 0.14*0.
3=0.42 

77 47 53 10 70 82 84 3 0.14*0.
3=0.42 

 
TABLE V: Updated FMV values on right side of 0th Level 

Z1 Z2 Z3 Z4 Z5 Z6 Z7 Class FMV 
49 42 48 5 53 79 81 2 0*0.3=0 
62 42 48 5 58 79 81 3 0*0.3=0 
 
Here, we can easily find out the fuzzy membership of every 
data instance among all three target classes. For example in 
the right partition class 2 and class 3 is having equal number 
of records mapped. But, in the left the class1 is having class 
distribution of 0.63, class 2 is having 0.08 and class 3 is 
having 0.27. 

 

On the right side of level 0, there is no need to further 
partition. But, we will apply the same process again on the left 
partition to further classify the data instances. Table VI given 
below shows the HSM values calculated on the left sub tree at 
level 1. 

TABLE VI: HSM COUNT ON LEFT PARTITION AT 1TH LEVEL 

Attribute  Updated Split 
Point 

HSM Value 

Z4 0 0 
Z6 0 0 
Z7 71.5 0.042 
Z5 63.5 0.052 
Z3 53 0.072 
Z2 48 0.122 
Z1 63 0.289 
  
The next splitting on left partition would be on Z1 for 63, as it 
is having highest value of HSM. Table VII shows the left 
partition on level 2. 

TABLE VII: LEFT PARTITION AT 2ND LEVEL 

Z1 Z2 Z3 Z4 Z5 Z6 Z7 Class 
17 48 53 10 68 12 79 2 
21 48 53 10 59 32 42 1 
27 48 53 10 53 21 33 1 
29 48 53 10 42 33 43 1 
29 48 53 10 59 57 64 1 
46 48 53 10 50 36 46 2 
53 47 53 10 50 30 40 1 
58 47 53 10 21 34 44 1 
  
 
In table VIII, all the data instances belong to class 3, but in the 
left partition all data instances belong to class 1 and 2 with 
membership values of 0.87 and 0.12. 

TABLE VIII: Right Partition at 2nd Level 
Z1 Z2 Z3 Z4 Z5 Z6 Z7 Class 
68 47 53 10 53 82 13 3 
77 47 53 10 70 82 84 3 
93 47 53 10 57 78 80 3 
 
 
Fig. 5 and Fig. 6 shows tree build from data set considered 
above. At the leaf node fuzzy membership values are 
associated with classes instead of crisp values of 0 and 1. 
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FIG. 5: HSM CLASSIFIED DECISION TREE 

 
 

FIG 6: PROPOSED APPROACH BASED DECISION TREE 

 

V.  SIMULATION RESULTS 

The proposed approach is compared with numerous data sets 
picked from UC Irvine machine learning repository. 10-fold 
cross validation is applied to generate training and testing 
samples over the given data set. The training and testing 
partitioning is done in the ratio of 70%-30%.  The proposed 
fuzzified decision tree gives compact decision tree of reduced 
height while maintaining similar or higher accuracy count as 
provided by Fuzzy-ID3 and Fuzzy SLIQ. The performance of 
constructed decision tree is directly dependent on the 
compactness of decision tree and height. Table IX shows the 
distribution of data sets taken for comparisons: 

TABLE IX: DESCRIPTION OF UCI DATA SETS USED 

 
UCI Dataset  Attribute    

Count 
Classes Count 

Credit 14 2 
Haberman 3 2 
Wine 13 3 
Balance 

Scale 
4 3 

Liver 6 2 
Pima Indian 

Diabetes 
8 2 

Brest Cancer 9 2 
 
Table X demonstrates comparative analysis of classification 

accuracy among datasets. As, you can see proposed 
classification accuracy is better than Fuzzy ID3 and Fuzzy 
SLIQ in almost all the sample data sets. 

 

TABLE X: ACCURACY COMPARISON OF FUZZY ID3, FUZZY SLIQ AND 

PROPOSED APPROACH 

Dataset  Fuzzy ID3 
Accuracy 
(%) 

Fuzzy SLIQ 
Accuracy 
(%) 

Accuracy 
of proposed 
approach 
(%) 

Haberman 65.2 66.7 68.4 

Liver 57 63.3 67.5 

Balanced 
Scale 

77.7 75.7 79.2 

Pima 
Indian 

Diabetes 

67.9 68.9 68.2 

Breast 
Cancer 

85.7 94.92 90.4 

Wine 88.2 93.2 91.4 

Credit 78.2 83.2 84.4 

 
The Size of decision tree is significantly reduced in 
comparison to Fuzzy ID3 and Fuzzy SLIQ. Table XI shows 
that the size of proposed measure is better, Only Liver and 
Pima indian shows slight increase in tree size (No of nodes) 
but for other data sets there is reduction in size of decision tree 
generated. This reduction in tree size leads to reduction in 
fuzzy rule set generated by corresponding fuzzy decision tree.  

 
TABLE XI: TREE SIZE COMPARISON OF FUZZY ID3, FUZZY SLIQ AND 

PROPOSED APPROACH 

Dataset  Fuzzy 
ID3 Tree 
Size 

Fuzzy 
SLIQ 
Tree Size 

Proposed 
Approach 
Tree Size 

Haberman 44.5 36.4 21.7 

Liver 32.1 38.3 40.2 

Balanced Scale 47.6 49.7 24.2 

Pima Indian 
Diabetes 

35.7 24.9 27.3 

Brest Cancer 32.8 24.1 22.4 

Wine 41.6 36.3 34.7 

Credit 35.3 17.4 15.3 

 
 
The proposed approach produces balanced decision trees of 

remarkable reduction in height. The usage of partial 
information with modified fuzzification approach embedded 
with HSM makes it worthy to be considered for the 
classification of ambiguous and uncertain information. Table 
XII shows the depth comparison of all the tree classifiers: 
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TABLE XII: DEPTH COMPARISON OF FUZZY ID3, FUZZY SLIQ AND 

PROPOSED APPROACH 

Dataset  Fuzzy 
ID3 Tree 
Depth 

Fuzzy 
SLIQ 
TreeDepth 

Proposed 
Approach 
Tree Depth 

Haberman 13.4 5.8 5.2 

Liver 17.1 4.6 3.8 

Balanced 
Scale 

14.3 7.2 7.0 

Pima 
Indian 
Diabetes 

15.7 6.9 5.7 

Brest 
Cancer 

7.8 8.1 6.5 

Wine 10 10.7 12.7 

Credit 15.3 9.4 9.6 

 
 
Table XIII shows the standard error margin ratio with 

respect to testing accuracy. The reduction in standard error 
margin is due to fuzzification provided by the proposed 
approach in the presence of overlapped data instances, which 
is the main contribution of this paper. So, the approach stands 
out to be good in comparison to Fuzzy ID3 and Fuzzy SLIQ. 

 
TABLE XIII: ACCURACY COMPARISON OF FUZZY ID3, FUZZY SLIQ AND 

PROPOSED APPROACH 

 
Dataset  Fuzzy ID3 

Accuracy 
(%) ± 
Std_Error 

Fuzzy 
SLIQ 
Accuracy 
(%) ± 
Std_Error 

Accuracy 
of proposed 
approach 
(%) ± 
Std_Error 

Haberman 65.2±9.88 66.7±6.32 68.4±5.69 

Liver 57±11.72 63.3±8.43 67.5±7.65 

Balanced 
Scale 

77.7±7.46 75.7±7.22 79.2±6.22 

Pima 
Indian 

Diabetes 

67.9±5.82 68.9±4.78 68.2±3.11 

Brest 
Cancer 

85.7±6.90 94.92±6.89 90.4±5.32 

Wine 88.2±8.42 93.2±7.32 91.4±6.76 

Credit 78.2±11.6 83.2±9.21 84.4±7.55 

 
 
Fig. 7, Fig. 8 and Fig. 9 presents the graphical comparison 

of accuracy, size and depth of three measures.  
 
 
 
 
 
 

FIG. 7 GRAPHICAL COMPARISON OF ACCURACY 

 
 

FIG. 8 GRAPHICAL COMPARISON OF SIZE OF TREE 

 

 
 

FiG. 9 GRAPHICAL COMPARISON OF DEPTH OF TREE 

 
 
In the comparative study performed on different data sets, 

proposed approach outperforms Fuzzy SLIQ and Fuzzy ID3.  

VI. CONCLUSION 

The proposed approach handles the uncertainty, vagueness 
and unpredictability of overlapped data instances by using 
proposed modified trapezoidal membership function. The 
motivating idea behind using fuzzified membership value is to 
utilize the statistical behavior of continuous values and it is 
very well captured by two standard parameters namely 
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standard deviation and mean. The measure provides compact 
decision trees of reduced height without compromising the 
classification accuracy. The comparative study finds the 
proposal worthy in terms of accuracy, size, depth and standard 
error margin. As an unseen advantage, reduction in the size 
and depth causes reduction in classification time required to 
classify test data. Hence, rule generated would be more 
comprehensible in comparison to its crisp counterpart.  
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