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Abstract 
In a class or subclass each object attribute is organized hierarchically, and each object attribute can be made up of different complex 
objects. Classical data classification algorithms are used to classify normalized data. Using normalization, the data is retrieved at the 
appropriate abstraction level present in complex data classification, which helps in classifying the normalized data. This method has a 
principle as well as some risks associated with it, which affect any algorithm. Getting a suitable concept hierarchy is very important for 
the users. For this, they need to have good domain knowledge before the classification process. It is a very difficult task for experts to 
identify the constraints present in the classification process in a balanced concept hierarchy. Additionally, integrating generalizations into 
the classification process is a complex task, yielding less accurate results than integrating. Through this paper, a new approach has been 
proposed to perform normalization before classification in complex data classification. The basic idea of the proposed method is to 
integrate the object hierarchy and object structure relationships involved in the classification process. The proposed method uses the 
Extended CO4.5 algorithm to provide better accuracy with this new approach. Excellent performance has been achieved by using it in 
direct complex object search and multi-target class prediction. Based on the experimental results, the proposed method Extended CO4.5 
performed better. In this paper, the classification rule mining algorithm is used to further influence and improve its efficiency using an 
oriented approach. This algorithm has been designed keeping in view the problems present in the object-oriented approach. Relational 
databases are used in most organizations. Therefore, in this algorithm, object-oriented databases have been created from relational 
databases. It has been formalized by the informal preparation of the algorithm with its help. The process of building a successful 
classifier using object-oriented approaches is proposed. This concept can be applied to future contexts and better decision-making in 
areas such as technical universities and other organizations where classification plays an important role. Through this paper, we have 
evaluated the performance of some commonly used existing algorithms both theoretically and practically on our dataset and compared 
them with the proposed algorithm. 

Keywords—object oriented databases, Inheritance, Composition, feature selection, training data, Decision Tree 

1. INTRODUCTION  

The most important task of data mining is data classification [1]. In the process of data classification, the common 
properties between groups in complex databases are classified into different classes. A well-accepted method of 
classification is formulated by incorporating decision trees [2]. For small data sets, existing well-decision tree algorithms 
such as ID3, C4.5, and CART are used. These types of algorithms require the training tuples to be in main memory. Hence, 
it limits scalability and efficiency. The SLIQ and SPRINT decision tree algorithms are designed to incorporate decision 
trees with very large training sets [3]. Usually, the data stored in the database at the primitive concept level is without 
normalization. Along with this, constant values have also been used for numerical features. Decision trees made on such 
data may sometimes be very bushy or meaningless classification models. If the size of the data set is too large, such a 
constructed algorithm model often fails to handle it. Higher concept level data has been achieved by incorporating data 
normalisation such as attribute-oriented induction (AOI) [4] when the continuous numerical value is discretized. With the 
help of specified thresholds, AOIs contribute significantly to the selection of deterministic features by dividing a large 
number of attribute values into smaller sets of individual values. To achieve generalization processing efficiency and 
representation clarity, domain knowledge at a high conceptual level is essential [5].. 

Among some noteworthy research contributions based on complex data classification are: Wang et al. [6]. Various classes 
(AOI based ID3) have been incorporated to predict object distribution by integrating ID3 decision tree classification 
methods. The level-adjustment process has been attempted to improve classification accuracy in large databases using 
integration of the AOI and ID3 methods (MedGenAdjust) [7]. The mining process in these algorithms requires good domain 
knowledge. It becomes necessary to provide the proper concept hierarchy to the users. At the same time, it is a difficult task 
for experts to remove the constraints present in the balanced concept hierarchy. The good concept hierarchy is not 
considered appropriate in the case where the hierarchy is an unbalanced tree that affects the characteristic range for real 
world data. Non-experts may not be able to define the hierarchical boundary with a suitable concept. Normalization [8] 
before classification gives less accurate results. In the preprocessing stage, the normalisation is done using domain 
knowledge in the integrated classification process. 
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In this paper, a method for data classification is proposed, considering the pitfalls associated with complex databases. which 
is addressed as the Extended CO 4.5 Greedy Decision Tree algorithm, The proposed Extended CO 4.5 adds various object-
oriented properties such as structure, hierarchical and classification algorithms. It is used to implement the hidden 
hierarchical properties of diversity and multi-hierarchy present in complex data. Student data has been used for analysing the 
performance of a proposed data model. Complex input data passes through aggregated decisions and greedy trees for 
classification. The concept of multi-hierarchy has been applied at the classification level. 

Complex attribute problems are resolved by using structure and hierarchical properties [9]. The composition property is used 
in the classification process by combining a complex characteristic with generalisation and specification. In the proposed 
method, multi-level data is grouped together. Along with this, useful knowledge has also been searched directly from 
complex databases. By integrating normalisation into preprocessing, more efficient and accurate results are achieved. From 
the experimental results of this paper, it can be seen that the proposed Extended CO 4.5 algorithm shows more accurate 
results than other classification algorithms. A depth-first strategy has been used for decision making. The classification-
decision tree for a given data set is obtained by recursively partitioning the data. The proposed algorithm considers all 
possible trials by dividing the data set in order to obtain the best information. Each distinct value of the attribute is included 
using binary tests. The entropy gain of the binary cut has also been calculated for each of the continuous features. The 
entropy gains of all these binary tests are obtained by efficiently scanning the sorted data. 

The remaining sections covered in the paper are as follows: The proposed approach and the complex data problem are 
explained in Section 2 with the help of block diagrams. Section 3 deals with the algorithm and flow chart of the proposed 
method. The performance of the proposed algorithm is analysed in Section 5. Finally, section 6 displays future work and 
conclusions. 

2. USING OBJECT-ORIENTED CONCEPTS FOR COMPLEX DATA CLASSIFICATION 

In this paper, we propose a task to design and improve the efficiency of classification rule mining algorithms using an 
object-oriented approach. In order to solve the problem, the following work has been done. First of all the database has been 
prepared. Relational databases are used in most organizations. So in the first step we have created object oriented database 
from relational database. This is followed by informal preparation of the algorithm. In this step we have studied the various 
algorithms proposed by different founders in this area, which are taken as the basic steps to propose the new algorithm. After 
this step the algorithm is formalized. At this stage we formally propose the steps that we have followed during the process of 
building a successful classifier using object oriented approaches. After this the algorithm is implemented. The concept is 
implemented in this phase. This will be applicable to organizations where huge database is maintained for future references 
and better decision making. It has been applied in areas such as technical universities and other organizations, where 
classification plays an important role. Lastly, classifier evaluations are performed, in which theoretical as well as practice 
performance evaluations of the proposed algorithm are compared with other existing ones[10].  

 

Fig.1 block diagram of Extended CO4.5 

Complex object related to inheritance and composition is there in object-oriented databases [11]. Through inheritance 
relationships, a class can reuse features from another class. The composition of an object tells us how an object is made up of 
other objects. In this section, the block diagram of the proposed algorithm extended from CO4.5 for building decision trees 
is presented. The proposed method is shown with the help of a block diagram in Figure 1. 
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Firstly, the student data has been analysed from the complex student database. The data obtained from this analysis is used in 
data modelling to give inputs to the predictions. The extended CO4.5 greedy tree algorithm is used for the prediction model. 
In this method, the output is obtained using data classification and a multi-hierarchy model with greedy trees, aggregated 
decisions, and complex data. 

3. FLOW  OF EXTENDED CO4.5 METHOD 

A group of objects with common properties is found in a database and classified into different classes according to the 
classification model. Data classification is an important process among the data mining techniques. A sample database has 
been used as the training set for building the classification model. Each tuple in a large database has the same set of many 
attributes (or features) [12]. In addition, a known class is also used in each tuple. An accurate description or a model is 
constructed by analysing the training data. The features available in the data have been used to develop the model. Future 
test data is categorised in the database to develop a better description for each class. A class description has been used, 
keeping in mind the classification rule [13]. 
 
Selective marketing and medical diagnostic performance prediction are included in the classification applications [14]. 
Data classification has been a major contributor to expert systems, neural networks, and machine learning. It is an 
important topic in data mining. 
The flow chart of the proposed method is shown in Figure 2. The data obtained through student data analysis is used for 
feature selection and preprocessing. Multi-hierarchies are generated by the feature selection method. Complex data sets are 
analysed by preprocessing. The output from extended CO 4.5 has been obtained by using the data obtained from both these 
models in the classification. 

 
Fig. 2 Flow chart of Extended CO4.5 
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4. PRINCIPLE OF  EXTENDED  CO4.5 ALGORITHM 

Complex data classification is constructed by proposing an algorithm using which the characteristics of object-oriented 
databases are implemented. The classification process and the object hierarchy (inheritance) relationship have structure 
relationships. In an object-oriented approach, a class describes the features inherited from each other using a reuse 
hierarchy (inheritance). Inherited classes enforce relationships at the representation level by adding inherited class 
attributes. In the proposed method, hidden inheritance relations are implemented to improve multi-hierarchy and 
heterogeneity in complex data [15]. Decision trees are derived using the hierarchy property hidden in the data, where the 
determinant class is a child of that node in each level. The decision tree is then concatenated by predicting the target class 
at each level using the Hierarchy property. The structure properties of the object are implemented with complex data. 
Composition relations are related to object-oriented. Composition shows how a class mixes with objects. Hierarchical 
properties and structures have been used to solve complex attribute problems. Both non-object attributes and object 
attributes are different. Object attributes tend to have more hidden meanings than non-object attributes, so object attributes 
should be considered more important and examined in detail. In this method, object and non-object attributes are defined as 
objects using the composition property. Test-attribute is used to implement hierarchical properties in the classification 
process. 

The proposed method refers to the C4.5 algorithm [16] to classify complex data by incorporating both structure and 
hierarchical properties. For the construction of decision trees using a top-down recursive divide-and-conquer strategy [17], 
a greedy tree-growing algorithm called Extended CO4.5 has been developed. According to the concept hierarchy, a top-
down aggregated decision tree is built starting from the top node of the concept hierarchy of the data. Starting from a single 
node, training samples are added to the top node [18]. A leaf of a node is made up of samples of the same class. It is placed 
in the determinant class to be labeled. The use of structure and hierarchical property "decide" or "test" attribute is used in 
select complex features. Complex attribute values are normalised to select test-attributes to calculate information gain. The 
test-attribute is split by creating a branch for each value. The values of the test-attribute are assigned to the test-attribute 
object attribute. Decision trees and recursive functions are used in each partition. Recursive segmentation can be prevented 
only when there are no remaining features or all samples of a given node belong to the same class. Concept hierarchy is 
done for each determinant class by obtaining the decision tree in the lower node to implement the hierarchical property. 

5.  OVERVIEW OF EXTENDED  CO4.5 ALGORITHM 

5.1 Extended CO4.5 Algorithm     

The detailed algorithm of CO4.5 classification is shown in Fig.3. Hierarchical data is used in complex databases as an input 
to algorithms. Each node has a hierarchy using the concept of object attributes. The data is stored by the inherited property. 
Hence, conceptual hierarchy is not required. Concept hierarchies are indirectly projected onto the database. The extension 
of the node's index is taken as an argument in the CO4.5 function. Starting from the index of the root node, the child nodes 
that are the determinant class of the root node are traversed. The overall decision tree is derived from this function. 

                Input :Inputs are taken from complex databases in the concept hierarchy for the creation of nodes. 

Output:The aggregated decision tree is obtained as the output of the attribute concept hierarchy. 

Algorithm Extended CO4.5(Node,n)  
Begin: 

              If all-prop>κ-in-one-class or no-more-att or percent-object-subclass < ε   then  

// Segmentation algorithms divide data into groups, or clusters, of items that have similar properties. 
                     For each Att a ∈ att-of-Data do begin  

 
         G1=Gain (Numerical_Data,a) 

                          G2=Gain (Precision_Data,a) 

                       G3=Gain (Organized_Data,a) 
                      
 
      If max<g  attr=value  
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      For x ∈ value-of-testAtt do begin  

 
                            NewData=multi_hierarchy (Datatesset=x,testAtt  

 
                            d.branch[i] = new DTree(); 

 
            broadcast(Quit-Election-Message, G1,G2,G3) 
 
           if (chance(a) < chance(v) ) 
 
                           Find DTree(d.branch[i],NewData,target)  

   
  End For 
   End If 
End 

Fig. 3 Algorithm Extended CO4.5 

5.2 Explanation of the CO4.5 algorithm 

The Extended CO4.5 algorithm generates a classification-decision tree for the given data set by recursive partitioning of 
data. The decision is made using Depth-first strategy. The algorithm considers all the possible tests that can split the data 
set and selects a test that gives the best information gain. For each discrete attribute, one test with as many outcomes as the 
number of distinct values of the attribute is considered. For each continuous attribute, binary tests involving all distinct 
values of the attribute are considered. In order to gather the entropy gain of all these binary tests efficiently, the training 
data set belonging to the node under consideration is sorted for the values of the continuous attribute, and the entropy gains 
of the binary cut based on each distinct value are calculated in one scan of the sorted data. This process is repeated for each 
continuous attribute. 

6. RESULTS AND DISCUSSION 

6.1 Experimental setup 

The original C4.5 and CO4.5 are compared with extended CO4.5 to give a detailed evaluation of the proposed algorithm. 
The primary metric used to evaluate classifier performance for classification accuracy is the percentage of test samples that 
are correctly classified. The production of trees that are precise and compact in complex databases is the ideal target for a 
classifier. 

The performance evaluation of extended CO4.5 is described using various factors such as the number of data hierarchical 
levels, number of object attribute levels, number of data records and number of children/parents. Accuracy comparisons 
have been made between the extended CO4.5, CO4.5 and C4.5. Comparisons of Extended CO4.5 with CO4.5 and the 
Original C4.5 method differ by various factors. How do factors affecting accuracy affect this algorithm with the same 
request? Four cases are decided by: 

 
The number of training examples has been fixed at 30,000. The number of 11 attributes is defined, with 5 non-object 
attributes, 5 object attributes, and 1 predictive attribute. The number of distinct values for each attribute (child or parent) is: 3 
for non-object attributes, 3 for each level of object attributes, 5 levels for each object attribute, and 2 for predictive attributes. 
For two target classes, the combination of these parameters is changed according to various factors. 

6.2  Extended CO4.5 experimental results in solving complex attribute problems 

Case 1: Accuracy on Different Numbers of Records 

A scale-up experiment of the original C4.5 and CO4.5 with the extended CO4.5 is shown with the help of Table 1 and 
Figure 4. This case shows how the total number of records affects the performance of the algorithm. All other variables are 
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given constants. A synthetic database has been created with 11 attributes and the same unique value for each attribute. The 
number of records are 5000, 10000, 20000, and 40000. The number of records per pattern has been fixed. 

Table 1: the accuracy of Extended CO4.5, CO4.5 and C4.5 as the number of training examples from 5,000 to 40,000 

Algorithm Number of Records 
5000 10000 20000 40000 

Extended CO4.5 1514.85 3477.15 6382.58 8708.63 
CO4.5  1459.52 2788.67 5395.90 8319.20 
C4.5  5110.18 8087.25 11824.16 12036.96 

Table 2: The comparison accuracy with the number of records factor in the datasets. 
Number of Records 5000 10000 20000 40000 AVERAGE/OVERALL 

Extended CO4.5 compared to 
CO4.5 70.35% 57.00% 46.02% 27.65% 45.80% 

Extended CO4.5 compared to 
C4.5 71.43% 65.51% 54.36% 30.88% 51.52% 

 
 

 
 

Fig. 4 The accuracy of CO4.5, CO4.5 and C4.5 as the number of training examples from 5,000 to 40,000 
 

With the increasing number of records in the database, the highest accuracy of Extended CO 4.5 has been achieved. 
Experimental results showed that Extended CO 4.5 performed better than C 4.5 and CO 4.5 with an increasing number of 
records in the database. 

Case 2: Accuracy on Different Numbers of Object Attributes 

In this case, the accuracy studies of C4.5, CO4.5, and extended CO4.5 are demonstrated. Object attributes for Extended 
CO4.5 and non-object attributes for CO4.5 and C4.5 are taken. The number of training examples has been fixed at 10,000. 
The number of attributes varies from 3 to 7. The parameter value for the synthetic database for each attribute is the same 
distinct value as before. 

Table 3 the accuracy of Extended CO4.5, CO4.5 and C4.5 as the number of object attributes from 3 to 7 

Algorithm Number of Object Attributes 
3 5 7 

Extended CO4.5 12036.96 15834.28 19762.36 
CO4.5  8319.20 14121.77 15115.17 
C4.5  6244.69 8628.17 15121.77 
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Table 4. The comparison accuracy with the number of object attributes factor in the datasets. 
Number of Object  

Attributes 3 5 7 AVERAGE/OVERALL 

Extended CO4.5 
compared to 

CO4.5 
46.95% 61.06% 64.49% 59.60% 

Extended CO4.5 
compared to C4.5 45.90% 59.85% 41.71% 49.22% 

 

 

Fig 5 The accuracy of Extended CO4.5, CO4.5 and C4.5 as the number of object attributes from 3 to 7 

Table 3 and Figure 5 show the higher accuracy of extended CO4.5 by comparing it with CO4.5 and C4.5. Considering the 
object characteristics leads to a more meaningful use of the classified data. Higher accuracy is achieved as the number of 
object attributes increases. 

Case 3:  Accuracy on Different Numbers of Object Attribute Levels 

The accuracy studies are depicted in Table 5 and Figure 6 for the Extended CO4.5 method on the same set of data with 
different object attribute levels. The level of object attribute is revealed according to the concept hierarchy. The number of 
parameter attributes for synthetic databases is kept at 11. It contains five non-object attributes, five object attributes, and one 
predictive attribute. 3 for non-object attributes, 3 for each level of object attributes, and 2 for predictive attributes. The 
number of training examples was set at 20,000. The number of items at the rebate level was increased from 3 to 5. 

Table 5:The accuracy of Extended CO4.5, CO4.5 and C4.5as the number of Target Classes from 2 to 6 

Algorithm Number of Object Attribute Levels 
2 3 4 5 

Extended CO4.5 8708.63 4874.11 6899.54 6662.91 
CO4.5  8979.59 7485.03 8016.18 7737.27 
C4.5  22366.39 10291.43 10259.80 7834.30 

Table 6: The comparison accuracy with the number of Target Classes factor in the datasets. 
Number of Object Attribute 

Levels 2 3 4 5 AVERAGE/OVERALL 

Extended CO4.5 compared to 
CO4.5 61.06% 52.63% 32.75% 14.95% 46.51% 

Extended CO4.5 compared to 
C4.5 59.85% 27.26% 21.86% 1.238% 36.51% 
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The experimental results show that the accuracy increases with the number of object attribute levels. Extended CO4.5 reuses 
object attributes multiple times by using more hidden meanings of object attributes. As a result, accuracy increases. The 
increase in accuracy is limited by increasing the level of the object attribute. Because there is an inability to specify object 
attributes. Accuracies in CO4.5 and C4.5 are relatively stable, depending on object characteristic levels lower than the 
accuracy threshold value. The number of object attribute levels does not affect the accuracy of C4.5. 

 

 

Figure 6 The accuracy of Extended CO4.5, CO4.5 and C4.5 as the number of Target Classes from 2 to 5 

Case 4: Accuracy on Different Numbers of Childs/Parent 

The accuracy of the three algorithms is demonstrated in this case based on the increasing number of children and parents. 
The number of training examples taken is 20,000. The number of attributes in the parameter value is set to 11 for synthetic 
databases, including 5 non-object attributes, 5 object attributes, and 1 predictive attribute. Separate values are defined for 
each attribute, 3 for the non-object attributes and 2 for the predictive attribute. Each object attribute has five levels of 
difficulty. The number of children/parents has been increased from 2 to 5. The results are shown in Table 7 and Figure 7. 

Table 7. The accuracy of Extended CO4.5, CO4.5 and C4.5 as the number of Childs/Parent from 2 to 6 

Algorithm Number of Childs/Parent 
2 3 4 5 

Extended CO4.5 196.541 196.144 195.459 196.541 
CO4.5  196.339 195.459 195.928 196.339 
C4.5  173.203 173.072 172.508 173.203 

 

Table 8.The comparison accuracy with the number of Chids/Parent factor in the first datasets. 
Number of Childs/Parent 2 3 4 5 AVERAGE/OVERALL 

Extended CO4.5 compared to 
CO4.5 11.87% 11.76% 11.74% 11.79% 11.87% 

Extended CO4.5 compared to 
C4.5 11.78% 11.45% 11.95% 11.73% 11.78% 

 

Experimental results show that when the number of children or guardians is increased, the extended CO4.5 algorithm has 
achieved high accuracy. The higher the number of children and parents, the greater the hidden meaning of the data usage. In 
addition, the algorithm depends on the CO4.5 threshold value. The accuracy of these algorithms is based on the child/parent 
having less than the threshold value. The accuracy of C4.5 is constant. The number of children or parents does not affect the 
accuracy of C4.5. 
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Figure 7 The accuracy of Extended CO4.5, CO4.5 and C4.5 as the number of Childs/Parent from 2 to 5 

Case 5: Accuracy on Different Numbers of Target Classes 

The next case studies the accuracy of three algorithms with an increasing number of squares. The number of training 
examples was set at 20,000. The parameter values for synthetic databases are as follows. Number of attributes: 11 (including 
5 non-object attributes, 5 object attributes, and 1 predictive attribute). The number of distinct values for each attribute is as 
follows: 3 for non-object attributes and 2 for predictive attributes. Each object's attribute has five levels. The number of 
children/parents has been increased from 2 to 6. The result is present in Table 9 and Figure 8. 

Table 9. The accuracy of Extended CO4.5, CO4.5 and C4.5 as the number of Target Classes from 2 to 6 

Algorithm Number of target class 
2 3 4 5 

Extended CO4.5 45.8448 47.2807 52.6303 55.57131 
CO4.5  41.7401 43.2904 47.6128 53.9148 
C4.5  60.7015 62.4594 66.3192 69.2045 

Table 10. The comparison accuracy with the number of Target Classes factor in the first datasets. 
Number of target class 2 3 4 5 AVERAGE/OVERALL 

Extended CO4.5 compared to 
CO4.5 24.47% 24.30% 20.64% 19.69% 22.17% 

Extended CO4.5 compared to 
C4.5 31.23% 30.69% 28.20% 22.09% 27.88% 

 

The accuracy of any algorithm depends on several factors, such as the number of children and parents, the number of 
attributes, and the number of object attribute levels. Extended CO4.5 uses hidden semantics of object attributes and object 
attributes more than once. Extended CO4.5 allows data to be classified efficiently into any target class. This is shown in 
Figure 23. As the number of target classes increases, the CO4.5 and C4.5 yield less accuracy due to the decreasing amount 
of data per pattern. 
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Figure 8 The accuracy of CO4.5, AOI based ID3 and C4.5 as the number of Target Classes from 2 to 6 

6.3 Experimental results of hierarchical data and complex feature solving Extended CO4.5 

Solving complex data problems (hierarchical data problems and complex attributes) to represent the accuracy of Extended 
CO4.5 is shown in Table 11 and Figure 9. How does the accuracy of this algorithm affect the total number of hierarchies 
with a single request? All other variables are kept constant. For synthetic databases, the number of attributes, including 5 
non-object attributes, 5 object attributes, and 1 predictive attribute, is assumed to be 11 parameters. The number of values for 
each attribute is defined as 3 for each level in the object attributes, 2 for the predictive attribute, and 2 for the object 
attributes. 

                   Table 11 The accuracy and time of Extended CO4.5 as the number of levels of hierarchy from 2 to 6 
Number of levels of  
hierarchy 

Percentage of 
accuracy (%) Time(Second) 

2 73.10 0.63 
3 69.34 1.08 
4 66.06 1.56 
5 55.83 2. 86 

The Extended CO4.5 accuracy with the number of levels of hierarchy factor in the  datasets   

                         Fig. 9 The accuracy of Extended CO4.5 as the number of levelsof hierarchy from 3 to 6 
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The experimental results are shown with the help of Table 26 and Figure 26. The accuracy of the extended CO4.5 algorithm 
begins to decrease as the number of levels of the hierarchy increases. The main reason for this is that the decision tree of 
nodes in each level contains error, so the more levels there are, the higher the overall error of the combination decision tree. 

6.4 Scale Up Performance 

With the help of a case, how the total number of records affects the performance of these algorithms is shown. The 
comparison of the time consumed in the three stages- testing, preprocessing, and training of the classification process is 
shown in Table 12. 

  Table 12.Comparision of time consumed in different stages of Classification 

Algorithm Phase 
Pre-processing Training Testing 

Extended CO4.5 no need >>> >>> 
CO4.5  need >> >> 
C4.5  no need > > 

 
Generalizing the training data improves the efficiency of decision tree induction because the intermediate level data is very 
small. The preprocessing stage consists of data normalisation in the object cube and overhead preprocessing time to identify 
the threshold. And store the data in object cube steps. The potential loss of real semantics comes from data transformations. 
The normalization/specialization process automatically adjusts to the Extended CO4.5 building tree process to prevent 
wastage of processing time. so that there is no wastage of time. 

While building the classification model to generalize at the intermediate concept level, the classification model is 
constructed using the training data. Normalization reduces the average size of induced decision trees, contributing to a better 
understanding of the classification results. C4.5 is the least efficient of the three algorithms. The execution time details in the 
training phase are shown with the help of Table 13 and Figure 10. 

 
Table 13 Execution time in training phase 

Algorithm Number of records 
5000 10,000 20,000 40,000 

Extended CO4.5 19.3168 19.1289 19.3977 19.4155 
CO4.5  19.0908 18.9114 19.1307 19.3084 
C4.5  34.6171 34.5769 34.0683 34.2335 

 
 

Table 14 The comparison accuracy with the number of Target Classes factor in the first datasets 
SPEED OF NODES 5000 10,000 20,000 40,000 AVERAGE/OVERALL 

Extended CO4.5 compared to 
CO4.5 44.19% 44.67% 43.06% 43.28% 43.80% 

Extended CO4.5 compared to 
C4.5 44.85% 45.30% 43.84% 43.59% 44.40% 

 
 
 
 
 
 
 
 
 
 
 
 

http://www.ijiset.com/


IJISET - International Journal of Innovative Science, Engineering & Technology, Vol. 09 Issue 04, April 2022  

ISSN (Online) 2348 – 7968 | Impact Factor – 6.72 

www.ijiset.com  

229 
 

 

Figure   10 Execution time in trainingphase 

Creating a decision tree requires more computational effort due to the additional processing time incurred by extended 
CO4.5 in each object attribute by setting up generalization and specialization. 
extended CO4.5 produces the most accurate tree. The construction classification model can be classified by using the model 
offline in the training phase. Thereby it is not important to devote time to the training phase. 
While the Extened CO4.5 test phase takes longer than CO4.5 and C4.5, the execution time in all three algorithms is 
insignificant (less than a second according to the above parameters). Thus the scale between the three algorithms does not 
vary much in the testing phase 
 

6.5 EXPERIMENTAL RESULTS  

 
This section presents a detailed comparison of the Extended CO 4.5 method with the traditional C4.5 and CO 4.5 methods 
[19]. The primary metric is classification accuracy, which is represented by evaluating the performance of the 
classifier. The ideal goal for the classifier is to produce compact, accurate trees in complex databases. The performance of 
Extended CO4.5 has been evaluated by comparing it with various parameters. This includes level-adjustments in the 
classification process. Synthetic databases and a hierarchy generator have been used to generate the 
hierarchy. Experimental results are shown according to different parameters by generating synthesis data from random 
tasks with different numbers of records, number of attributes, object characteristics, and levels according to the setting 
parameters in your test database and normalization. Our experiments were performed on a Celeron CPU with a clock rate 
of 1.2 GHz and 128 MB of main memory using WEKA and NetBeans. Here, extended CO4.5 is compared to CO4.5 and 
C4.5. The factors affecting the accuracy of the algorithm change according to the number of variations of the parameters. 
Number of attributes: 11 (including 5 non-object attributes, 5 object attributes, and 1 predictive attribute). The number of 
distinct values for each attribute (child/parent) is as follows: 3 for non-object attributes, 3 for each level of object attributes, 
with 5 levels in each object attribute, and 2 for the predictive attribute (2 target classes). 

Figures 3, 4 and 5 show the experimental results of the proposed algorithm Extended CO4.5 by comparing it with 
conventional algorithms CO4.5 and C4.5. The result is shown in Figure 3, which shows the bar graph related to the 
accuracy of C4.5 and the mean absolute error. In addition, the bar graphs related to the accuracy and mean absolute error of 
CO4.5 in Figure 4 and Extended CO4.5 in Figure 5 are shown. From Figure 6, it is clear that the mean absolute error of 
Extended CO4.5 is found to be lower than the other conventional ones. With the highest accuracy, the Extend CO4.5 has 
shown the best results. 

With the help of Figure 6, the accuracy comparison of the C4.5 decision tree, CO4.5 greedy tree, and extended CO4.5 
greedy tree is shown, which clearly shows that the extended CO4.5 greedy tree got the best accuracy. Huh. Also, with the 
help of Figure 7, the mean absolute error of the C4.5 decision tree, CO4.5 greedy tree, and extended CO4.5 greedy tree is 
compared, which makes it clear that the extended CO4.5 greedy tree has a mean absolute error. The mean absolute error is 
received less than the other two algorithms. 
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Fig. 11 Fig.12 Fig. 13 

 

  
Fig. 14 Fig. 15 

7. Conclusion 

An efficient, more accurate, and less complex classifier is constructed using the object-oriented properties of the database. 
With the help of this method, an attempt has been made to bridge the gap between education and business by making the 
results explanatory and more interesting. Current data mining algorithms and tools often stop at the distribution of patterns 
that satisfy the expected technical interest. Businessmen are not aware of how and what to do with those results. The 
performance of classifiers has been checked by evaluating existing and proposed algorithms on interesting and applicable 
problems with the help of algorithms. By using vague concepts and evolutionary algorithms, we try to achieve better 
results and reduce the complexity of the problem. 
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