
 

 

 

Abstract - Data mining involves an integration of techniques from 

multiple disciplines such as database technology, statistics, machine 

learning. The objective of this research undertaking was to explore 

the possible application of data mining technology for mining 

training dataset. In this paper, Improved ID3 and TkNN Clustering 

decision making, classification with clustering method is used to 

build an effective decision making approach for capable 

performance. And also we proposed Improved ID3 with TkNN 

algorithm for best car market analysis. We have executed in Weka 

Tool with Java code. We analyzed the graphical performance analysis 

with Classes to Clusters evaluation, purchase, safety, luggage 

booting, persons (seating capacity), doors, maintenance and buying 

attributes of customer’s requirements for 

unacceptable/acceptable/good/very good ratings of a car to purchase. 

Keywords — Data Mining, Classification, KNN, ID3 Algorithm, 

Improved ID3 with TkNN Clustering. 

I. INTRODUCTION 

ATA mining techniques provide a popular and powerful 

tool set to generate various data driven classification and 

clustering systems. In general, goal of the data mining 

process is to extract information from a dataset and convert it 

into a logical structure for further use. It is the computational 

process of discovering patterns in large datasets relating 

methods at the intersection of artificial intelligence, machine 

learning and database systems. Data mining applications can 

use a mixture of parameters to observe the data. The research 

work will briefly sketch the underlying theoretical 

frameworks for classification and clustering, after which we 

will present and discuss successfully applied fault analysis, 

planning and development methods in graphical models using 

ID3 algorithm and K-Nearest Neighbour Classification with 

Clustering techniques using Car dataset from the UCI 

machine learning repository[2,5]. 

II.  BACK GROUND 

Most of the different approaches to the problem of 

clustering analysis are mainly based on statistical, neural 

network, e-business and machine learning techniques. The 

global optimization approach to clustering and demonstrate 
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how the supervised data classification problem can be solved 

via clustering. It is very essential, so to increase optimization 

algorithm that permit the decision maker to find deep local 

minimizers of the objective task. Such deep mininizers 

provide a good enough description of the dataset under 

consideration as far as clustering is concerned. 

A. Graphical Models 

Graphical models are appealing since they provide a 

framework of modeling independencies between attributes 

and influence variables. The term “graphical model” is 

derived from an analogy between stochastic independence 

and node separation in graphs. Let V = {A1 ,... , An } be a set 

of random variables and the fundamental probability 

distribution P(V) satisfies some criteria then it is possible to 

capture some of the independence relations between the 

variables in V using a graph G = (V, E), where E denotes the 

set of edges. The fundamental idea is to decompose the 

combined distribution P(V) into lower-dimensional marginal 

or conditional distributions from which the original 

distribution can be reconstructed with no or at least as a small 

number of errors are possible. The named autonomy 

relationships allow for a simplification of these factor 

distributions. Then we claim that every independence that can 

be read from a graph also holds in the corresponding joint 

distribution [1,3,7].  

B. About WEKA tool 

Main Features 

A few of WEKAs major features are the following: 

Data preprocessing, Data classification Data clustering, 

Attribute selection, Data visualization. WEKA supports a 

couple of popular text file formats such as CSV, JSON and 

Matlab ASCII files to import data along with their own file 

format ARFF. They also have support to import data from 

databases through JDBC[17].  

III. KNN ALGORITHM 

The K-Nearest Neighbor (KNN) algorithm is a simple and 

one of the most intuitive machine learning algorithms that 

belongs to the category of instance-based learners.  Instance-

based learners are also called lazy learner   because the actual 

generalization process is delayed until classification is 

performed, i.e. there is no representation building procedure.  

Unlike most other classification algorithms, instance-based 

learners do not abstract any information from the training 

data during the learning (or training) phase.   Learning  

(training) is merely  a question  of encapsulating the  training 
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data,  the  process of generalization beyond  the  training data  

is postponed  until  the classification process[4,11]. 

KNN Algorithm (Set startAndEndPoint, real , int MinC ) 

Begin 

Compute, the distance between z and every object, . 

Select, the set of k closet training objects to z. 

End 

IV. IMPROVED ID3 WITH TKNN CLUSTERING ALGORITHM 

Improved ID3 is a decision making algorithm. In the 

decision making approach each node corresponds to a non-

categorical attribute and each arc to a possible value of that 

attribute. A leaf of the tree specifies the predictable value of 

the categorical attribute for the records described by the path 

from the root to that leaf. In the decision tree at each node 

should be associated the non-categorical attribute which is 

most informative among the attributes not yet considered in 

the path from the root. The Entropy is used to calculate how 

informative a node is.  

The Improved ID3 algorithm with TkNN clustering takes 

all unused attributes and counts their entropy concerning test 

samples. Choose attribute for which entropy is minimum. It is 

used to investigate the attributes of car in the perspective of 

manufacturer, seller and customer. It is essential to analyze 

the car in short span of time, consider cases when all parties 

(i.e. manufacturer, seller and customer) selecting a right 

product. 
 

ImprovedID3WithTkNN ( Learning Sets S, Attributes Sets A, 

Attributesvalues V, Y ) 

Begin 

1. Load training data set for training. 

2. If attributes are uniquely identified in data set, remove it 

from training set. 

3. On the basis of distance metric divide the given training 

data into subsets. 

3.1. Calculate the distance for n objects, each 

instance in available dataset. 

 (   )   [∑|        |

 

   

] 

Where X is selected instance and Y is 

comparing instance. 

4. if D>55% then instance is belong to same group and add 

into new set and remove from original data set. Otherwise 

do nothing. 

5. Repeat the steps 3.1 and 4 for each instance until all 

matched it not found. 

6. On each subset apply ID3 algorithm recursively. 

 If all examples are positive, return the single-node 

tree root with label is positive. 

 If all examples are negative, return the single-node 

tree root with label is negative. 

 If number predicting attributes is empty, then return 

the single node tree root, with the label is most 

common value of the target attribute in the examples. 

 Otherwise  

Begin 

 For rootNode, we compute 

Entropy(rootNode.subset) first 

        ( )  ∑         

 

   

 

 If Entropy(rootNode.subset)==0, then 

rootNode.subset consists of records all with the 

same value for the categorical attribute, return a 

leaf node with decision attribute:attribute value; 

 If Entropy(rootNode.subset)!=0, then compute 

information gain for each attribute left(have not 

been used in splitting), find attribute A with 

Maximum(Gain(S,A)). Create child nodes of this 

rootNode and add to rootNode in the decision 

tree. 

 For each child of the rootNode, apply ID3(S,A,V) 

recursively until reach node that has entropy=0 or 

reach leaf node. 

        End  

7. Construct TkNN graph among instances. 

8. Initialize the similarities on each edge as 

        (
‖         ‖

 

   
) and normalize to ∑       . 

9. Determine the   
 
 values for all unlabeled data. 

10.  Compute the label set prediction matrix P. 

11. Predict label set for each unbalanced instance by    
    (   ) (     ) 

End 
 

We have executed the same in Weka Tool with Java code 

and compared the performance of two algorithms based on 

different Percentage Splits to help the car seller/manufacturer 

for analyzing their customer views in purchasing a car. 

We examine the graphical presentation analysis between 

KNN and our Improved ID3 with TkNN clustering 

algorithms with Classes to Clusters evaluation purchase, 

safety, luggage booting, persons (seating capacity), doors, 

maintenance and buying attributes of customer’s 

requirements for unacceptable/acceptable/good/very good 

ratings of a car to purchase. 

V. RESULTS AND DISCUSSION 

 
 

Fig.1 Test Result on Car Data Set with Percentage Split of 66% using 

Improved ID3 Algorithm with TkNN 
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Fig.2 Test Result on Car Data Set with Training Set using Improved 

ID3 Algorithm with TkNN 
 

Improved ID3 Algorithm with TkNN using Classes to 

Clusters evaluation safety attribute 
 

 
 

Fig.3 Test Result on Car Data Set with Classes to Clusters evaluation 

safety attribute 
 

1) Visualize Curve 

Improved ID3 Algorithm with TkNN using Training Set 
 

 
 

Fig.4 Visualize cluster assignments for Car Data Set using Improved 

ID3 Algorithm with TkNN 

2) Within cluster sum of squared errors 

This error value given cluster is computed by: for each 

instance in the cluster we calculate summing the squared 

differences between each attributes value and the 

corresponding one in the cluster centroid. These are summed 

up for each instance in the cluster and for all clusters. 

The within cluster sum of squared errors are measured on 

all the training data, so selecting the best result that you get is 

not necessarily going to be the best for future data due to 

possible over fitting. 

 

 

TABLE I 

 IMPROVED ID3 ALGORITHM WITH TKNN WITH SUM OF WITHIN CLUSTER 

DISTANCES 

Within cluster sum of squared errors Improved ID3 Algorithm 

with TkNN 

Percentage split 33% 2.319678065 

Percentage split 66% 4.574792526 
Percentage split 99% 6.871412161 

Training Set 6.101260597 

Classes to Clusters evaluation 
purchase attribute 

6.013638562 

Classes to Clusters evaluation safety 

attribute 

5.736937402 

Classes to Clusters evaluation 

luggage booting attribute 

5.257322056 

Classes to Clusters evaluation 
persons attribute 

5.704655599 

Classes to Clusters evaluation doors 

attribute 

5.469459613 

Classes to Clusters evaluation 

maintenance attribute 

5.561693333 

Classes to Clusters evaluation 
buying attribute 

5.575528391 

 

 
 

Fig.5 Improved ID3 Algorithm with TkNN with Sum of within 

cluster distances 
 

3) Number of Iterations 

This parameter explains one classifier with training data 

and tested against test data with these many specified number 

of times. 
TABLE II 

 IMPROVED ID3 ALGORITHM WITH TKNN WITH NUMBER OF ITERATIONS 

Number of iterations Improved ID3 
Algorithm with 

TkNN 

Percentage split 33% 100 

Percentage split 66% 100 
Percentage split 99% 100 

Training Set 100 

Classes to Clusters evaluation purchase 

attribute 

100 

Classes to Clusters evaluation safety attribute 100 
Classes to Clusters evaluation luggage 

booting attribute 

100 

Classes to Clusters evaluation persons 
attribute 

100 

Classes to Clusters evaluation doors attribute 100 

Classes to Clusters evaluation maintenance 
attribute 

100 

Classes to Clusters evaluation buying 

attribute 

100 
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Fig.6 Improved ID3 Algorithm with TkNN with Number of Iterations 
 

4) Cluster Instances of TkNN Algorithm 
 

TABLE III 
 BUYING ATTRIBUTE COMPARISON ON TKNN AND IMPROVED                  

ID3WITH TKNN 

attribute Total(1728) Clster0(1062) Cluster1(666) 

buying vhigh low vhigh 

maint vhigh vhigh high 

doors 2 5more 2 

persons 2 more 2 

lug_boot small small small 
safety low low hig 

purchase unacc unacc unacc 

5) Cluster Instances of Improved ID3 Algorithm with 

TkNN Algorithms 
 

TABLE IV 

BUYING ATTRIBUTE COMPARISON ON TKNN AND IMPROVED       

ID3WITHTKNN 

attribute Total(1728) Clster0(1524) Cluster1(204) 

buying vhigh vhigh high 

maint vhigh vhigh med 
doors 2 2 4 

persons 2 2 4 

lug_boot small small big 
safety low low high 

purchase unacc unacc acc 

A. Buying attribute Comparison on TkNN and 

ImprovedID3withTkNN  

TABLE V 

 BUYING ATTRIBUTE COMPARISON ON TKNN AND IMPROVED       

ID3WITHTKNN 

 TKNN 

(cluster 

0) 

Improved ID3 

with TkNN 

(cluster 0) 

TKNN 

(cluster 1) 

Improved 

ID3 with 

TkNN 
(cluster 1) 

Very 

High 

 1524 666  

High    204 
Medi

um 

   204 

Low 1062    

 

 
Fig.7 Buying attribute Comparison on TkNN and 

ImprovedID3withTkNN 

B. Maintenance attribute Comparison on TkNN and 

ImprovedID3withTkNN  

TABLE VI 

 MAINTENANCE ATTRIBUTE COMPARISON ON TKNN AND 

IMPROVEDID3WITHTKNN 

 TKNN 

(cluster 
0) 

Improved ID3 with 

TkNN (cluster 0) 

TKNN 

(cluster 1) 

Improved 

ID3 with 
TkNN 

(cluster 1) 

Very 

High 

1062 1524   

High   666  

Mediu

m 

   204 

Low     
 

 
Fig.8 Maintenance attribute Comparison on TkNN and 

ImprovedID3withTkNN 

C. Doors attribute Comparison on TkNN and 

ImprovedID3withTkNN  

TABLE VI 
 DOORS ATTRIBUTE COMPARISON ON TKNN AND IMPROVED        

ID3WITHTKNN 

 TKNN 

(cluster 0) 

Improved ID3 

with TkNN 
(cluster 0) 

TKNN 

(cluster 1) 

Improved ID3 

with TkNN 
(cluster 1) 

5 or 

More 

Doors 

1062    

4 Doors    204 

3 Doors     

2 Doors  1524 666  

 

 
Fig.9 Doors attribute Comparison on TkNN and 

ImprovedID3withTkNN 

D. Persons attribute Comparison on TkNN and 

ImprovedID3withTkNN  
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TABLE VIII 

 PERSONS ATTRIBUTE COMPARISON ON TKNN AND IMPROVEDID3WITHTKNN 

 TKNN 

(cluster 0) 

Improved 

ID3 with 

TkNN 

(cluster 0) 

TKNN 

(cluster 1) 

Improved 

ID3 with 

TkNN 

(cluster 1) 

More 
Persons 

1062   204 

4 Persons     

2 Persons  1524 666  
 

 
Fig.10 Persons attribute Comparison on TkNN and 

ImprovedID3withTkNN 
 

E. Luggage Booting attribute Comparison on TkNN and 

ImprovedID3withTkNN 
TABLE  IX 

 LUGGAGE BOOTING ATTRIBUTE COMPARISON ON TKNN AND 

IMPROVEDID3WITHTKNN 

 TKNN 

(cluster 0) 

Improved 

ID3 with 
TkNN 

(cluster 0) 

TKNN 

(cluster 1) 

Improved 

ID3 with 
TkNN 

(cluster 1) 

Big    204 

Medium     

Small 1062 1524 666  

very high     
 

 
Fig.11 Luggage Booting attribute Comparison on TkNN and 

ImprovedID3withTkNN 

F. Safety attribute Comparison on TkNN and 

ImprovedID3withTkNN  

TABLE X 

 SAFETY ATTRIBUTE COMPARISON ON TKNN AND IMPROVEDID3WITHTKNN 

 TKNN 

(cluster 0) 

Improved 

ID3 with 
TkNN 

(cluster 0) 

TKNN 

(cluster 1) 

Improved 

ID3 with 
TkNN 

(cluster 1) 

High   666 204 
Medium     

Low 1062 1524   

 

 
Fig. 12 Safety attribute Comparison on TkNN and 

ImprovedID3withTkNN 

G. Purchase attribute Comparison on TkNN and 

ImprovedID3withTkNN 

TABLE XI 

 PURCHASE ATTRIBUTE COMPARISON ON TKNN AND IMPROVEDID3WITHTKNN 

 TKNN 
(cluster 0) 

Improved ID3 
with TkNN 

(cluster 0) 

TKNN 
(cluster 1) 

Improved ID3 
with TkNN 

(cluster 1) 

Very Good     

Good     
Acceptable    204 

Un 

Acceptable 

1062 1524 666  

 

 
Fig. 13 Purchase attribute Comparison on TkNN and 

ImprovedID3withTkNN 

VI. CONCLUSION 

This paper presents the best approaches to discover the best 

classification with clustering for the application of machine 

learning using car dataset. We present ID3, KNN, TkNN and 

our Improved ID3 with TkNN clustering algorithms. We have 

executed in Weka Tool with Java code and compared the 

performance of two algorithms based on different Percentage 

Splits to help the car seller/manufacturer for analyzing their 

customer views in purchasing a car. 

We analyzed the graphical performance analysis between 

KNN and novel Improved ID3 with TkNN clustering 

algorithms with Classes to Clusters evaluation purchase, 

safety, luggage booting, persons (seating capacity), doors, 

maintenance and buying attributes of customer’s 

requirements for unacceptable/acceptable/good/very good 

ratings of a car to purchase. The proposed technique gives 

better results and accurate performance compared to some 

other techniques in data mining system.  
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In future research work we will suggest a new algorithm 

which will integrate classification and clustering with UCI 

machine learning repository to improve the performance and 

accuracy. 
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