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ABSTRACT- Data mining refers to extracting or mining, knowledge from large amounts of data. Data 

Mining brings out the hidden knowledge from the database. Data discretization is a type of data reduction for 

the generation of concept of hierarchies and Classification methods that can be applied on data for 

predicting the consumer behavior. This paper focus on finding the highly influenced attribute among six 

other attributes from the dataset to predict the purchase behavior of customers. The first step of the study is to 

gather purchased data from the consumers by using a questionnaire. We collect data from 100 consumers 

who are from rural and urban area. The second step is to clean the data which are appropriate for mining 

purpose and choose the relevant attributes the classification is done using the gender attribute. This paper 

presents the use of Minimum Description Length Principle (MDLP) Algorithm in predicting the best attribute 

that is highly influenced during the purchase of relevant data items. The combination of MDLP and Naïve 

Bayes classification algorithm used to identify the best attribute that are highly influenced in predicting the 

consumer behavior during the relevant data items purchase. 

Keywords:  MDLP, Discretization and Concept Hierarchy Generation. 

I. INTRODUCTION 

The smart phone and/or laptop vendors need to know the purchase behavior of consumers in order to 

improve their business as well as to introduce new products in the market. They have to supply according to the 

demand of the consumer. To know this they have know the buying capacity of consumers. This paper focuses to 

find the highly influenced attribute[2] in the purchase behavior of young aged consumers. The dataset shows the 

purchase pattern of consumers in the rural and urban area. 

II. LITERATURE SURVEY 

Jenn-Long Liu, Yu-Tzu Hsu, Chih-Lung Hung[1] presented a paper in it they presents two kinds of evolutionary 

data mining (EvoDM) algorithms, termed GA-KM and MPSO-KM, to cluster the dataset of cardiac disease and 

predict the accuracy of diagnostics. Their proposed GA-KM is a hybrid method that combines a genetic 

algorithm (GA) and K-means (KM) algorithm, and MPSO-KM is also a hybrid method that combines a 

momentum-type particle swarm optimization (MPSO) and K-means algorithm. The functions of GA-KM or 

MPSO-KM are to determine the optimal weights of attributes and cluster centers of clusters that are needed to 

classify the disease dataset.  Yunfeng Liu; Xiaohui Wang; Dongsheng Zhai[2] presented a paper and  in it the 

commercial banks need identify exceptional client in their large number of customers to prevent abnormal 

customer’s risk. In this paper, four types of abnormal data detection method is introduced, present a new method 

- the k-medoids clustering algorithm combining genetic algorithm to detect the outlier. Michael 

Ovelgonne, Andreas Geyer-Schulz[3] presented a paper and in it the modularity function is a widely used 

measure for the quality of a graph clustering. They present a fast randomized greedy algorithm which uses 

solely local information on gradients of the objective function. Furthermore, they present an approach which 

first identifies the 'cores' of clusters before calculating the final clustering. The global heuristic of identifying 
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core groups solves problems associated with pure local approaches. With the presented algorithms they were 

able to calculate for many real-world datasets a clustering with a higher modularity than any algorithm before. 
Khurram Shehzad[4] presented a paper on Discretization and in it they paper presents a new discretization 

technique EDISC which utilizes the entropy-based principle but takes a class-tailored approach to discretization. 

The technique is applicable in general to any covering algorithm, including those that use the class-per-class rule 

induction methodology such as CN2 as well as those that use a seed example during the learning phase, such as 

the RULES family. Experimental evaluation has proved the efficiency and effectiveness of the technique as a 

preprocessing discretization procedure for CN2 as well as RULES-7, the latest algorithm among the RULES 

family of inductive learning algorithms. K. Lavangnananda; S. Chattanachot[5] presented a paper and in it they 

used to study the effectiveness of discretization of attributes, and second is to compare the efficiency of eight 

discretization methods. These are ChiMerge, Chi2, Modified Chi2, Extended Chi2, Class-Attribute 

Interdependence Maximization (CAIM), Class-Attribute Contingency Coefficient (CACC), Autonomous 

Discretization Algorithm (Ameva), and Minimum Description Length Principle (MDLP). Finally, the study 

investigates suitability of the eight discretization methods when applied to the five commonly known classifiers, 

Neural Network, K Nearest Neighbour (K-NN), Naive Bayes, C4.5, and Support Vector machine (SVM). 

 

III. BACKGROUND KNOWLEDGE 

Databases are rich with hidden information that can be used for intelligent decision making. Classification 

and prediction are two forms of data analysis that can be used to extract models describing important data 

classes or to predict future data trends. Descretization and concept hierarchies are used to reduce the numerical 

data by replacing low level concepts. Such analysis can help us with a better understanding of the data at 

large[6]. Concept hierarchies are used to find the purchase behavior of consumers. Classification and prediction 

have numerous applications, including fraud detection, target marketing, performance prediction, manufacturing 

and medical diagnosis[7]. 

 

A. CLASSIFICATION BY MINIMUM DESCRIPTION LENGTH PRINCIPLE 

Minimum Description Length (MDL) is close to Minimum Message Length (MML) which is a practical 

version of Kolmogorov complexity [6]. Developed by Li and Vitanyi, MDL provides a generic solution to the 

model selection problem. Let H = {I1, I2, I3….. In} be the set of patterns from the data set D. The best set of 

patterns Bp is the one which minimizes the sum of L(H,D) = L(H) + L(D|H) where L(H) is the length of the  

description and L(D|H) is the length of the description when encoded. 

B. CODE TABLES 

The basic of MDL principle relies on code table. This table contains two columns with first one containing 

patterns and second column defining codes relevant to that pattern[10]. The two basic assumptions that are used 

in code tables are:- 

i. Each code table must contain a single pattern 

ii. The pattern entries are ordered 

Let Db be the structured database, e be the element in Db. Let CT represents code table. The code table for the 

pattern pi, where pi (i.e), all occurrences are replaced by Ci and pi. The total number of occurrences is the 

frequency of the pattern Db and the length is replaced by l, where l=(CT,Db)(pi). This strategy contains certain 

properties: 

i. Each element ‘e’ of the structured database Db is covered by non-overlapping patterns. 

ii. There is a great distinction between code table entries and database cover. 

iii. The algorithm will terminate when code table contains single pattern. 
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 P(c|x) is the posterior probability of class (target) given predictor (attribute).  

 P(c) is the prior probability of class.  

 P(x|c) is the likelihood which is the probability of predictor given class.  

 P(x) is the prior probability of predictor. 

Algorithm: for discrete attributes 

Learning Phase: Given a training set S, 

For each target value of ci(ci=c1,c2,,,,,cn) 

P(C=ci)←estimate P(C=ci) with examples in S; 

For every feature value xβ of each feature Hj(j=1,,,n;k=1,…Nj)  

P(Xj= xβ |C=cj)←estimate P(Xj= xβ |C=cj) with examples in S; 

Output:conditional probability tables; for Xj,Nj×L elements. 

Test Phase:Given an unknown instance Xꞌ=(aꞌ,…..aꞌn)  

Look up tables to assign the label c* to Xꞌ if 

[P(aꞌ1|c*)…. P(aꞌn|c*)]P(c*)>[P(aꞌ1|c)… P(aꞌn|c)]P(c), c≠c*,c=c1,…,cL. 

C. DATA COLLECTION 

The data are collected from the consumers who live in rural and urban area. There were 100 records collected 

from the consumers who are doing under graduate or technical course and they belongs to the age group 

between 18 and 22. Among the 100 respondents 59 were male and 41 were female candidates.  The data used 

for data mining contains 100 records and have 7 dimensional attribute namely Rid, Area, Gender, Age, Family 

Annual Income, Purchased Item, Purchased Amount. For our study Rid is not necessary so we omit the attribute 

and take the remaining six attributes for classification and reduction. 

D. SYSTEM FRAMEWORK  
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Figure 1: System Frame Work 

IV.EXPERIMENTAL SETUP 

Tanagra is open source software used for data mining. It supports all the basic types of data formats like *.xls, 

*.txt etc. and it is very user friendly. The following figure shows that the dataset used for the study. The data set 

is implemented in Tanagra by the following method. 

 Open the Tanagra software and go to the file menu and click open then insert the data you want to evaluate. 

 Select the view dataset and right click and click execute and then click view then the data is displayed on the 

right side screen. The dataset shown in the above figure (Figure 2).  

 We have to drag the define status from the icon and give the target attribute as gender and in input select all 

continuous attributes and then right click and click execute. 

 Choose MDLPC from the feature construction tab under the define status and right click to execute. 

 We have to choose new define status under the MDLP and set the gender attribute as the target attribute and 

in input select all discrete attributes. 

 Go to spv learning and select Naïve Bayes and drag into the Define status and right click it and click execute 

and then click view to see the results.  

 Go to spv learning assessment tab and choose the cross-validation and set fold parameter as 10 and then 

right click to execute. Go to Feature selection tab and choose MIFS filtering and then right click to 

executeand view the result.  
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Figure 2: The Dataset used for the study. 

 

V. EXPERIMENTAL RESULTS 

Prior probability for gender  

Probability Value 

P(gender=male) (
  

   
)=0.59 

P(gender =female) (
  

   
)=0.41 

 

Table 1: Prior Probability for gender 

Conditional probabilities for each attribute value calculated using the dataset and the value are shown below. 

Descriptions Male Female 

Constant -3.842994 -2.909988 

Area=Rural 0.717840 -1.067841 

Purchased 
Item= Smart 
Phone 1.742969 0.864997 

Purchased 
Item= 
Laptop -0.336472 -0.287682 

Purchased 
Item= 
Mobile 0.451985 0.405465 

Table 2: Conditional Probability for all attribute 
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Figure 2: Result Obtained in Tanagra 

 We choose gender as target attribute and the remaining continuous attributes are chosen as input to the MDLP 

feature construction technique and the resultant discrete attributes are given as input to the Naïve Bayes 

algorithm. We use cross validation method with the parameters number of folds =12 and number of 

repetitions=1. We choose MIFS filtering feature selection method to find highly influencing attributes. Beta 

parameter is set as 1.5for MIFS filtering method. The results obtained from MDPLC and Naïve Bayes 

Classification algorithm for data set shows that the two attributes namely Area (Rural or Urban) and Purchased 

Item are the most influenced attributes.  

 

VI. PERFORMANCE MEASURES 

The confusion matrix is a tool for the analysis of a classifier[7]. Given m classes, a confusion matrix is a table of 

at least size m by m. An entry CMi, j in the first m rows and m columns indicates the number of tuples of class i 

that were labelled by the classifier as class j. For a classifier to have good accuracy, ideally most of the tuples 

would be represented along the diagonal of the confusion matrix, from entry CM1,1 to entry CMm,m with the rest 

of the entries being to close to zero.   

 

 C1 C2 

C1 

C2 

True Positives 

False Positives 

False Negatives 

True Negatives 

Table 3: Confusion Matrix 

The performance of the naive bayes classification algorithms were evaluated by the accuracy % on the student 

leave data set. The accuracy of a classifier on a given test set is the percentage of test set tuples that are correctly 

classified by the classifier. 
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Figure 3: Confusion Matrix Obtained (for continuous data) In Tanagra 

 

  Male Female Sum 

Male 40 19 59 

Female 10 31 41 

  50 50 100 

Table 4: Confusion Matrix of Naive Bayes Algorithm for our dataset 

Accuracy (M) = 
     

           
  

For our data set using C4.5 algorithm we have, 

Accuracy (M) = 
     

           
 = 0.71 

A true positive (TP) occurs when a classifier correctly classified class1. A true negative (TN) occurs when a 

classifier correctly classified class2. A false positive (FP) occurs when a classifier incorrectly classified class1. 

A false negative (FN) occurs when a classifier incorrectly classified class2. 

Error Rate = 1- Accuracy (M) 

For our data set using C4.5 algorithm we have, 

Error Rate = 1 - 0.71 = 0.29 

The sensitivity measures the proportion of the actual positives which are correctly identified. 

Sensitivity = 
  

     
 

For our data set using C4.5 algorithm we have, 

Sensitivity = 
  

     
 = 0.678 

The specificity measures the proportion of negatives which are correctly identified. 

Specificity = 
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For our data set using C4.5 algorithm we have, 

Specificity = 
  

     
 = 0.756 

Precision is the percentage of true positives (TP) compared to the total number of cases classified as positive 

events. 

Precision = 
  

     
 

1-Precision =   
  

     
 

For our data set using C4.5 algorithm we have, 

Precision = 
  

     
 = 0.80 

1-Precision = 1- 0.80 = 0.20 

Recall is the proportion of the total number of predictions that were correct. 

Recall=(
  

     
) 

Recall=(
  

     
)        

The following table values are calculated by using the confusion matrix obtained from Tanagra tool. 

Measures Naive Bayes 

Accuracy 0.71 

Error Rate 0.29 

Recall 0.678 

Specificity 0.756 

Precision 0.80 

1- Precision 0.20 

Table 5: Performance values of the Naive Bayes Algorithms 

VII.RECOMMENDATIONS 

From the above experimental results we know that the residential area and purchased item attribute plays a key 

role on the purchase behaviour of young aged consumers. To improve the business, the smart phone or laptop 

vendors needs to concentrate the variety of products and the area in which they are going to do their business. 

VIII.CONCLUSION 

The aim of this research is to analyse the purchase behaviour of young aged consumers and to find out the most 

influenced attributes for the purchase. The MDPL algorithm helps us to get the best result (highly influenced 

attribute) in finding the purchase pattern of consumer. This will be very useful for the smart phone vendors and 

suppliers.  
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