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 Background: Traditional online transaction processing systems permit to store 
information into databases in a quick, safe and efficient way but they fail to deliver a 

meaningful examination. Transaction processing is very easy to access the data but it 

becomes increasingly difficult to access the desired information. At the same time, 
confront with the paradox that more data means less information. Because the cost of 

processing power and storage has been falling, data have become very cheap. It opened 

a new challenge for computer science such as the discovery of new and meaningful 
information. Joint Threshold Administration Model (JTAM) is based on the standard of 

separating the objects from at least „k‟ database administrator (DBA) but overhead 

occurs on the process of transaction (Ashish Kamran and  Elisa Bertino, 2011)]. 
Objective: To overcome the issue, plan to implement Inherited Diverse Classification 

Tree (IDCT) technique to choose the tree and fulfill the transaction processing 

capabilities by overcoming the overhead. Results: IDCT technique developed by using 
specialized inherited operators preserve attributes structure of the trees. It preserves 

membership disclosure from being destroyed. IDCT algorithm uses a strengthening 

stage to find high-fitness trees. IDCT technique supplies the analyst with a choice of 
classification trees all having a good explanatory value.  From the set of trees, the data 

analyst is able to choose the tree that fulfils the requirements and does not suffer from 

the weaknesses of the IDCT technique. The IDCT technique uses some dedicated 
genetic operators that are devised to preserve the structure of the trees from being 

destroyed and improves the transactional processing. Conclusion: The experimental 

evaluation of JTAM is compared with the IDCT technique in terms of transaction 
overhead, 12.71 % reduced classification error rate and virtual fitness function 

efficiency. 
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INTRODUCTION 

 

 The analysis of data (i.e.,) business provide further knowledge about that business by deriving rules from 

the data stored. The data stored is understandable with Knowledge Discovery in Databases (KDD) that has 

logical benefits for any enterprise. The non trivial process used for identifying suitable, narrative, potentially 

useful, and eventually understandable patterns in data. Sometimes KDD is varied as a term with data mining. 

However, the KDD employed to the entire extraction of knowledge from data, while the term data mining 

should be used totally for the detection stage of the KDD process. 

 Hence data mining is anxious with rising algorithms and computational tools help people to extract patterns 

from data. Finding the patterns by identifying the underlying rules and features in the data is done in an 

automatic way. Joint Threshold Administration Model is based on a cryptographic threshold signature scheme, 

and shows how JTAM prevents malicious modifications to policy objects from authorized users but overhead 

occurs on the process of transaction (Ashish Kamran and  Elisa Bertino, 2011). 

 Two general types of data mining problems are forecast and knowledge discovery. Forecast tries to find 

causal relations between some fields in the database. These relations are established by finding predictor 

variables that explain the variation of other, and autonomous variables. If a fundamental relationship has been 

established, action are undertaken to reach a specific goal e.g. reduce the number of defects of a production line, 

or improve customer satisfaction. Knowledge discovery problems typically explain a stage prior to prediction, 

where information is inadequate for prediction. MV algorithm and Apriori algorithm with some enhancements 

aid in the process of filling the missing value and identification [(A. Malathi and Santhosh Baboo,2011) 

Cluster adaptive distance bound based on separating hyper plane boundaries of Voronoi clusters balance cluster 

based index. The bound enable efficient spatial filtering, with a comparatively small preprocessing storage 
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overhead and is suitable to Euclidean and Mahalanobis similarity measures (Sharadh Ramaswamy and Kenneth 

Rose, 2011). Custer-based storage schema reduces I/O cost in Traveler algorithm is based on cost analysis. An 

optimization technique, pseudo record additionally progress the search efficiency. In order to handle the top-k 

query in the high-dimension record set, propose N-Way Traveler algorithm but does not be relevant DG index in 

leading relationship analysis (Lei Zou and Lei Chen, 2011).  

 Logical Analysis of Data (LAD) and Shadow Clustering (SC) consist in a breadth-first enumeration (Marco 

Muselli and Enrico Ferrari, 2011) 

of all the major implicates whose degree is not superior than a fixed maximum„d‟. In contrast, SC adopts an 

effectual heuristic procedure for retrieving the most promising logical products to be incorporated in the 

resulting AND-OR expression. Since the computational cost required by LAD prevent its application even for 

comparatively small dimensions of the input domain. 

 Although many existing techniques from such fields as synthetic intelligence, statistics and database 

systems have been used to effect. Data mining has become an independent new field of research. One of the first 

approaches used multiple regressions. Regression however revealed many drawbacks when applied to data 

mining problems. One of the shortcomings of multiple regressions is that it requires quantitative rather than 

qualitative data elements. The main reason however is that the effectiveness of regression is unable to detect 

interactions at more than one level. 

 A privacy preserving protocol for mining maintain counts, sustain high accuracy and strong privacy. Yet, a 

different problem is with perturbation techniques to further get better efficiency without losing any accuracy or 

only losing satisfactory accuracy (Fan Wua et al., 2009).  Information theoretic inference control supports a 

combination of common aggregate functions bit but it is not effective on general private data query auditing 

(Nan Zhang and Wei Zhao, 2010). It guarantees the level of privacy disclosure not to exceed thresholds 

predetermined by the data owners. 

 Minimum spanning tree-based clustering algorithms is a main source of computing the divide and conquer 

approach and chiefly the whole data set cannot fit into the main memory (Xiaochun Wang et al., 2009). An 

efficient index called IR-tree that jointly with a top-k document search algorithm assist four main tasks in 

document searches but doesn‟t improve the IR-tree index based on a variety of access patterns. A geographic 

search engine with IR-tree as the score and building a testbed based on IRtree are not performed (Zhisheng Li et 

al., 2011).  

 Open pit mining production scheduling problem (OPMPSP) consists of ruling the sequence in which the 

blocks should be detached from the pit and fails to get hold of additional block models. The method constructed 

are viewed as general purpose machinery that applied to extensions of OPMPSP such as models involving 

stockpiling and models that integrate stochastic geological and financial elements (Natashia Bolanda et al., 

2009). The HVS model is a discrete hidden Markov model (HMM) in which each HMM state represents the 

state of a push-down automaton with a restricted stack size but fails to be appropriate other objective functions 

to discriminatively train the HVS model. Also, as a substitute of using the N-best parse results, fails to apply 

discriminative training on the parse lattices openly (Deyu Zhou and Yulan He, 2009). 

 The local mining phase finds movement patterns based on local trajectories. Then, based on the derived 

patterns, a new relationship calculates computes the resemblance of moving objects and identifies the local 

group relationships. To address the energy conservation issue in resource controlled environments, the algorithm 

only broadcast the local grouping results to the sink node for additional ensembling. In the cluster ensembling 

phase, algorithm combines the local grouping results to obtain the group relationships from a global view 

(Hsiao-Ping Tsai et al., 2011).  UpDown Directed Acyclic Graph (UDDAG) used for efficient sequential pattern 

mining. UDDAG allows bidirectional pattern growth along both ends of detected patterns fails to further 

improve UDDAG-based pattern mining algorithm (Jinlin Chen, 2010). 

 Mining iterative generators for software specification discovery (David Lo et al., 2011)introduce mining 

iterative generators with closed patterns to create set of rules. The mine iterative generators generate 

representative rules to distinguish equivalences of projected databases. It utilizes properties of iterative 

generators for their efficient mining. Feature Relation Network (FRN) considers semantic information and also 

leverages the syntactic relationships between n-gram features (Ahmed Abbasi et al., 2011). Based on the results 

attained a few future research directions believe that FRN are appropriate for other text classification problems, 

where semantic information is obtainable. FRN fails to discover additional potential feature relations.  

 Mining periodic-frequent patterns from transactional databases use an efficient tree-based data structure, 

called Periodic-frequent pattern tree (PF-tree in short), that captures the database contents in a highly compact 

manner. Periodic-frequent pattern tree enables a pattern growth mining technique to generate the complete set of 

periodic-frequent patterns in a database for user given periodicity and support thresholds (Syed Khairuzzaman 

Tanbeer et al., 2009). An innovative and effective pattern discovery technique includes the processes of pattern 

deploying and pattern evolving, to improve the effectiveness of using and updating discovered patterns for 

finding relevant and interesting information (Ning Zhong., Yuefeng Li and Sheng-Tang Wu, 2012). 
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 Regression is a technique to reveal many of the complex effects that are present in data, occasionally 

worsening to find many important causal relationships while performing transaction. Decision tree analysis was 

developed to compensate for some problems that had arisen from using multiple regressions as a tool for data 

mining. Decision trees show the mutual dependencies between multiple analyzers and the dependent variable as 

a number of decision branches. Hence, the user sees how the outcome changes with different values of the 

predictor variables. 

 A two-level indexing method adds another level of index structure to the basic inverted list- style index. In 

addition, a replication strategy of the index list and index tree to further improve the latency performance. The 

performance of the indexing scheme with respect to the latency and energy usage measures, and show the 

optimality of index replication are not efficiently handled (Yon Dohn Chung et al., 2010). 

 Data stream classification technique integrates a narrative class detection mechanism into conventional 

classifiers; facilitate regular detection of novel classes before the true labels of the novel class instances appear. 

Novel class detection problem becomes more demanding in the presence of concept-drift but fails in addressing 

the data stream classification problem under active feature sets, when the underlying data distributions develop 

in streams (Mohammad et al., 2011) 

 To attain the goal of semi-supervised classification, an objective function is constructed by combining 

mutually the global loss of the local spline regressions and the squared errors of the class labels of the labeled 

data. A transductive classification algorithm is urbanized in which an internationally most favorable 

classification is to finish obtained and image segmentation and image matting are not achieved [14]. On-line 

alert aggregation which is based on an active, probabilistic model of the current attack situation fails to expand 

techniques interestingness based communication strategies for distributed IDS. The IDS are based on organic 

computing principles. In addition, IDS fails to recover the detection processes further (Mohammad et al., 2011). 

 An asymmetric variable disturbs the performance of the IDCT technique. When coping with an asymmetric 

dependent variable, the technique tends to constantly split off or divided into smaller groups. Asymmetric 

predictors on the other hand decrease their analytical power and decrease the probability to appear in a tree. The 

descriptive tree structures are not constant if multiple samples are taken from the similar population. These 

samples from the same population may lead to different trees. The appliance of genetic algorithms solves 

several of these shortcomings by contribution the decision maker of several good classification trees. 

 In this work, Inherited Diverse Classification Tree (IDCT) technique belongs to the class of decision tree 

for effective processing on data mining techniques. The IDCT technique explains the variance of a dependent 

variable through an exhaustive and repeated search of all possible relations between the binary analytical 

variables and the dependent variable. The search results in a classification tree are non-terminal nodes which 

represent the binary analytical variables. Edges represent the possible values of these binary analytical variables 

and terminal nodes or leafs correspond to classes of subjects. The secondary step is used to expand genetic 

algorithm for resulting a set of classification trees, all have a large descriptive power for transaction processing. 

From the set of trees, the data analyst is able to choose the tree that fulfils the requirements IDCT technique. 

 The IDCT technique while developing it uses some specialized genetic operators that are devised to 

preserve the structure of the trees and to preserve high fitness from being destroyed. An implementation of the 

algorithm exists and experiments were carrying out which show that the algorithm uses a strengthening stage to 

find high-fitness trees. After that, a stage combines virtual fitness structure blocks to find a set of diverse 

transactional processing solutions.  

 Furthermore, it does not extend the network by adding additional feature occurrence measurements. 

Moreover, now discuss to improve the transaction processing and present significantly comprehensive 

evaluation results, assessing not only to make a decision on the processing but also helps to reduce the error rate 

while constructing the classification tree. In summary, contributions of IDCT work are: 

To classify the binary tree based on the binary analytical variables for fulfilling the requirement. 

To preserve high virtual fitness value for the processing. 

 Finally analyst chooses the classification tree with best meet for the transactions. 

 The paper is structured as follows. Sections 2 provide the related work with basic fundamentals. Section 3 

describes the inherited diverse classification tree.  Section 4 demonstrates the wine dataset from UCI repository 

and their parametric evaluation are performed. Section 5 details the performance with resultant table and graph. 

Section 6 provides conclusions about IDCT technique against JTAM. 

  

Inherited Diverse Classification Trees: 

 The IDCT technique requires large sample sizes, since it probably divides the population of subjects into 

binary analytical variable and dependent variable categories. If some statistical significance is required, the 

number of subjects in the sample must be large. The IDCT technique takes into consideration the correlated 

variables. 
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Fig. 3.1: Diagrammatic Representation of IDCT Technique. 

 

 The data stream is a mechanical and automatic system that takes off the steps by an experienced data 

analyst to determine strong data interaction effects. Its basic principle is to explain the variance of a binary 

analytical variable and dependent variable through a comprehensive search of all probable relationships between 

predictors and the dependent variable.  One of the main criticisms of the IDCT technique is that it tends to be 

overly aggressive at finding relationships and dependencies in data and that could distinguish meaningful from 

meaningless relationships. 

 The results of the search are represented as a binary tree. The nodes represent binary analytical variables for 

which a binary split explains most. In a first step of IDCT technique, every possible binary analytical variable is 

tested to see which one has the strongest analytical power by classifying the binary tree.  The population of 

IDCT technique is then split into two classes according to variables. The process is frequent for the descendent 

classes, until some stopping principle is met. IDCT technique classify the binary tree to minimize the 

classification error rate in first class and secondary class devise the genetic operators for effective transaction 

processing.  

 

3.1 Inherited Diverse Binary Tree Classification: 

 IDCT technique works with categorical variables having many possible values. The assumption restricts the 

variables that used in the IDCT analysis to binary ones. In later stages, the concepts and techniques simply 

adapted to include variables with more than two dissimilar possible values. Q is set, 𝑄 = 𝑄 ∪  ∗ ,  𝑤ℎ𝑒𝑟𝑒 ∗
𝑖𝑠 𝑎 𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 𝑠𝑦𝑚𝑏𝑜𝑙. A classification tree over Q is a quadruple A= {U, F, ε, δ} with, (U, F) is a finite binary 

tree with vertices (nodes) „U‟ and edges „F‟. The set of final nodes is denoted by T. The number of leaves is also 

called the width of the tree and is denoted by w (A). 

 ε: (U-S) * (+,-) F performs the one to one map. For u € U-S, ε: (u, +) is left edge and ε: (u, -) is right 

edge. δ: UQ  is a map satisfying δ(S) Є {*} and δ (U-S) Є P. δ labels the elements of ; leaves are label by *, 

non-final nodes are label by an element of „Q‟.  If A = (U, F, ε, δ) and if u € U then , 𝐴𝑢 = (𝑉𝑢 , 𝐹𝑢 , 휀𝑈−𝑆 , 𝛿𝑢) 

denotes the sub tree with top „u‟. It is an inherited diverse classification tree. The graphical representation of a 

classification tree is a picture of the tree. IDCT technique represents the vertices u by their label 𝛿𝑢 , sketch 

arrows to represent the edges and label the left edges by „+‟ and the right edges by „-„. 

 

 
 

Fig. 3.2: Three-Complete Binary Tree. 

 

 A binary tree classification of height „n‟ where the paths from the top node to every leaf node all have equal 

length „n‟ a complete (binary) n-tree. An IDCT technique a complete 3-tree is shown in Fig 3.2. Two different 

trees occupy the same relative position in the classification trees if the path from the top to node as resolute by 

the labels of the edges on the path, is the same. The level of a node in the tree is the length of the path from the 

top node to that node, plus one. 
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 To each classification tree, a fitness value f (A) Є 𝑃+is assigned which reflects its explanatory power, i.e. 

indicates classification tree. In fitness function a distinction are made between virtual fitness. The virtual fitness 

describes the contents of it. In IDCT technique research, it uses the virtual function by keeping the structure of 

the trees constant. 

 The content and the internal features determine the virtual fitness of the tree. In case the nodes represent 

binary tests over a feature set. The binary tests classify the subjects into classes, according to their scores on the 

predictor variables. The virtual fitness 𝑓𝑟 𝐴  is effective measure of classification tree to reduce error rate. If a 

classification is perfect in IDCT technique, the variance within the classes is equal to zero, whereas the variance 

between the different classes obtains its maximal value. 

 The fitness function used in the implementation of the IDCT technique considers the classes of subjects 

defined by the analyst in the tree. In the inherited derived classification tree, the classes are represented by an 

asterisk „*‟ as shown in Fig 3.2. Borrowing from one-way the following virtual fitness is assigned to each binary 

tree classification. 

𝑓𝑟 (A) = 
 𝑚 𝑖(𝑦𝑖   −𝑦 )𝑘

𝑖=1

  (𝑦𝑖𝑗 −𝑦 )2𝑚𝑖
𝑗=1

𝑘
𝑖=1

  ……… Eqn                                                                                                                   (1) 

 

 Where, 𝑚𝑖  is the number of observations in class i, „k‟ is the number of classes 𝑦𝑖𝑗  is the jth observation in 

class i, 𝑦𝑖  is the class „i‟ sample mean and 𝑦  is the overall sample mean. 

 Calculating the fitness of a classification tree is a computationally difficult process because each subject in 

the population has to be classified into one of the w (A) classes. After that, the sum of squares in each class has 

to be calculated. Taking into account, devise genetic operators in such a way that the amount of fitness function 

assessment improves the transaction processing. To attain effective transaction processing is to ensure that 

virtual fitness trees using the genetic operators. 

 

3.2 Transaction process using Genetic Operators: 

 Given a set Q, assume that a fitness value is assigned to each classification tree over Q, and finds the trees 

with high fitness. Starting from an IDCT arbitrary, randomly generated population of classification trees and the 

genetic algorithm is used to get hold of consecutive populations containing new elements for effective 

transaction processing. The tools are called as genetic operators. In a reproduction phase, a number of 

classification trees are selected. Then various operators such as crossover, switch, and translocation as well as 

definite micro operators are applied, each with a certain probability. 

  These operators are applied with preference to high fitness trees, and it is predictable that some new 

elements are of even higher quality. In IDCT genetic operators, try to stick to the rule that high fitness is a 

property of trees that should be at least incompletely conserved by genetic operators. Every genetic operator 

defined here conserves the size and form of the tree; assume that only complete n-trees are used. Performing 

genetic operators on several complete n-trees, yield effective transaction over data stream. 

 The probability q(A) that an element „A‟ is chosen out of a given population of trees „S‟ is proportional to 

its fitness 

                                          𝑄 𝐴 =  
𝑓(𝐴)

 𝑓(𝐵)𝑐€𝑆
    ………….. Eqn (2) 

 

 Of course, more compound probability functions are devised in genetic operation, but for function, this 

simple function is sufficient. Crossover does not change the population if both selected nodes are final nodes 

and sub trees are the same. Consequently crossover is applied only on nodes and has diverse fundamental trees. 

The crossover operator in IDCT technique, although a bit restrictive, works very well in conserving the fitness 

of high-fitness trees and moreover, it preserves the size and shape of the trees if both trees are complete n-trees. 

 Two unusual ways for apply the crossover operator devise a pair of nodes in the same virtual location with 

a certain probability for processing. A more aggressive approach is to be relevant crossover for each pair of 

nodes that are in the same relative position in both trees with a certain probability. The transposition operator is 

a kind of auto crossover operator. To apply trans position, first select randomly two non-final nodes „u1‟ and 

„u2‟ that appear on the same level of a selected tree A1= {U, F, ε, δ}. Then switch the sub trees in IDCT 

technique 

 

                                                 𝐴1
𝑢1  ………… Eqn (3) 

 

                                                       𝐴1
𝑢2   …………… Eqn (4) 

 Eqn (3) and (4) yields a new tree A2. The requirement for the two nodes to be on the same level of the tree 

is needed to conserve the structure of the tree after transposition. 

 Again, different versions of operator are devised, depending on the aggressiveness giving the transposition 

operator on a certain probability to transposition two nodes in every tree. Genetic operator allows the 
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transposition operator to switch each pair of nodes on the same level with a certain, smaller probability to 

perform the effective transaction processing. 

 The IDCT genetic operator namely crossover and transposition called as micro-operators, because they cut 

and paste entire sub trees within and between trees. It is assumed that the fitness of a tree is improved by 

exchanging sub trees between or within two trees or switches the labels of two edges. In many cases however, 

the fitness of a tree are also enhanced with less drastic measures. Therefore, micro-operators are devised. Micro-

operators are operators that impact openly on the contents of the nodes of the trees.  

 Depending on the kind of classification tree, different micro-operators are devised. In case, every non-

terminal node is labeled by an analyst variable. Micro-operators change the analyst variable used in a certain 

node into another one. The operators perform only on non-terminal nodes of trees selected through reproduction. 

The main difference between micro-operators is that it does not replace entire sub trees, but only individual 

analytical binary variables are exchanged for processing.  

 

3.3 Algorithmic Flow of ID Classification Tree: 

 The Inherited Diverse Classification Tree algorithmic steps are shown below 

Input: Stream of Data for processing 

Output: Effective processing with minimal error rate 

Begin 

// Binary Tree Classification 

1: Analysis the variable in data stream 

2: Classify the binary tree 

3: ε: (U-S) * (+,-) F performs the one to one map 

4: Relative position obtained on classification tree 

5: Obtain error free classification tree 

 // Genetic Operator 

6: Initialize by choosing a random population 

7: Calculate the virtual fitness for each member in population 

8: Apply genetic operator for processing 

8.1: Crossover takes place at randomly chosen vertices with a probability 

8.2:  Transposition takes place at both trees with probability 

9: Micro operator used to obtain the adjoining resultant trees 

End 

 The above steps are used for performing the transaction processing. The entire procedure is repeated until 

the specified criterion is fulfilled, usually until certain number of generations has been generated. A more 

aggressive IDCT algorithm is obtained by employing the effective version of the micro operators. The order of 

the operators was chosen randomly and does not have an important influence on the outcome of the algorithm. 

 

Experimental Evaluation: 

 An experimental evaluation is carried out to estimate the performance of the Inherited Diverse 

Classification Trees. IDCT technique is implemented in Java. The heart disease dataset is taken for experiments 

from UCI repository. Wine Data Set from UCI repository is used to perform the experimental evaluation on 

IDCT technique against the Joint Threshold Administration Model. 

 The wine data set are used to determine the chemical analysis of wines grown in the similar region in Italy 

but derived from three diverse cultivars. The analysis determined the quantity of 13 component establish in each 

of the three category of wines.  Wine Dataset have around 30 variables with 178 instances. The attributes of 

wine dataset are alcohol, malic acid, and ash, alkalinity of ash, magnesium, total phenols, flavanoids, non-

flavanoid phenols, proanthocyanins, color strength, hue, diluted wines and proline. 

 Transaction overhead is the amount of time delayed to perform the transaction processing. IN IDCT 

technique, transaction depends on the binary tree classification tree. Transaction overhead is measured in terms 

of milliseconds (ms). Classification error rate is defines as the percentage of error occurred during the binary 

classification based on the binary classification variables. The error rate of IDCT technique and JTAM is 

measured in terms of percentage (%). 

 Error rate = Total number of binary trees- Accurate classification tree based on binary 

 Virtual fitness function efficiency is defined as the classes of subjects defined by the analyst in the tree. 

Borrowing from one-way the following virtual fitness is assigned to each binary tree classification. 

𝑓𝑟 (A) = 
 𝑚 𝑖(𝑦𝑖   −𝑦 )𝑘

𝑖=1

  (𝑦𝑖𝑗 −𝑦 )2𝑚𝑖
𝑗=1

𝑘
𝑖=1

   

 Where, 𝑚𝑖  is the number of observations in class i, „k‟ is the number of classes 𝑦𝑖𝑗  is the jth observation in 

class i, 𝑦𝑖  is the class „i‟ sample mean and 𝑦  is the overall sample mean. 



44                                                        G.Kesavaraj and Dr.S.Sukumaran et al, 2014 

Australian Journal of Basic and Applied Sciences, 8(7) May 2014, Pages: 38-47 

 Response time is defined as the amount of time it takes to response the system after the user request for the 

transaction process. It is measured in terms of seconds (sec).   

Response time = Total amount of time for transaction – Request time  

 

Computational results: 

 Inherited Diverse Classification Trees are compared with the existing Joint Threshold Administration 

Model in measuring the transaction overhead, classification error rate and fitness function efficiency. 

 
Table 5.1: No. of analyst vs. Transaction Overhead. 

No. of analyst Transaction Overhead  (ms) 

JTAM IDCT technique 

10 899 865 

20 903 887 

30 935 898 

40 946 908 

50 962 923 

60 975 938 

70 989 950 

 

 
 

Fig. 5.1: No. of analyst vs. Transaction Overhead.   

 

 Fig 5.1 describes transaction overhead based on the analyst. The transaction overhead reduced using the 

genetic operator. The crossover is applied on nodes and has diverse fundamental trees to reduce the overhead. 

Joint Threshold Administration Model have more overhead due to the policy objects from unauthorized users. 

The crossover operator in IDCT technique works very well in conserving the fitness of high virtual fitness trees 

and moreover preserves the size and shape of the trees if both trees are complete n-trees. As the analyst 

increases, the transaction overhead reduces to 2 - 5% in IDCT technique when compared with the Joint 

Threshold Administration Model (JTAM).  

  
Table. 5.2: No. of records vs. Classification Error rate. 

No. of records Classification Error rate (%) 

JTAM IDCT technique 

50 35 20 

100 36 23 

150 34 22 

200 33 21 

250 33 20 

300 32 21 

350 30 17 

 

 As the above parameter, classification error rate are evaluated based on the records. The classification tree 

based on binary variable reduces the error rate by using the one to one map. As the record increases, error rate 

reduces in IDCT when compared with the JTAM. To each classification tree, a fitness value f (A) Є 𝑃+is 

assigned which reflects its explanatory power. IDCT technique reduces the error rate to 10 – 15 % less when 

compared with the JTAM. 

 Virtual Fitness Function Efficiency is measured in terms of seconds (sec). Genetic operators improve the 

transaction processing in such a way that the amount of fitness efficiency increases. To attain effective 

transaction processing is to ensure that virtual fitness trees using the genetic operators in IDCT technique. IDCT 

is 10 – 20 % reduces the time (i.e.,) seconds for evaluating the virtual fitness function. 
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Fig. 5.2: No. of records vs. Classification Error rate. 

 
Table 5.3: No. of correlated attributes vs. Virtual Fitness Function Efficiency.   

No. of correlated attributes Virtual Fitness Function Efficiency  in terms of seconds (sec) 

JTAM IDCT technique 

2 200 180 

4 280 250 

6 360 315 

8 470 425 

10 530 480 

12 640 570 

14 720 625 

 

 
 

Fig. 5.3: No. of correlated attributes vs. Virtual Fitness Function Efficiency.   

 

 
Table 5: Data records vs. Response.  

0.1 Response time (sec) 

JTAM IDCT technique 

5 112 105 

10 98 90 

15 152 141 

20 221 202 

25 183 169 

30 221 199 

35 256 234 
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Fig. 5.4: Data records vs. Response time. 

 

 The response time is measured based on the data records. Response time is 5 – 10 % lesser time taken in 

IDCT when compared with the JTAM. Response time is reduced because of sub tree classification tested tree 

classify the subjects into classes. As the records with data increases, the response time is reduced drastically in 

IDCT technique. 

 As a final point, IDCT technique is developed on binary analytical variables. Therefore, only data 

containing such variables are used for examination. To expand the technique to analytical variables with more 

levels, some of the GA operators require changes. Another solution maps the binary data into binary data for 

construction of classification tree. 

 

Conclusion: 

 Inherited Diverse Classification Tree (IDCT) technique fulfills the transaction processing capabilities by 

overcoming the overhead. The technique uses genetic operators that work openly on the binary classification 

trees and that designed with high virtual fitness trees in the population. From the classification trees, the analyst 

chooses the tree that best meets. IDCT technique developed by using specialized inherited operators preserve 

attributes structure of the trees.  IDCT algorithm uses a strengthening stage to find high virtual fitness trees. The 

IDCT technique uses some dedicated genetic operators that are devised to preserve the structure of the trees 

from being destroyed and improves the transactional processing. These results show that the technique produces 

a set of diverse trees that all show a high-explanatory power using wine dataset from UCI repository. The 

experimental evaluation IDCT technique outperforms in terms of transaction processing, 12.71 % reduced 

classification error rate and virtual fitness function efficiency.  
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