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Abstract- Discretization plays major role in data mining and 

knowledge discovery. Most of the data in real world are in 

continuous in nature. Many Data mining algorithms operate on 

categorical and discrete values. Discretization transform 

continuous data into discrete one which can be suitable for all 

classification algorithm. Classification performance depends on 

the discretization technique. In this study three discretization 

methods Equal Width, Equal Frequency and MDLP are 

compared with the use of SVM and Naïve Bayes Classifiers. 

Main objective of this study is to find the effective discretization 

among these three methods and also select the efficient classifier 
among these two classifiers. 

Keywords- Discretization, Equal Width Discretization, Equal 

Frequency discretization, Mdlp Discretization, Classifier. 

I. INTRODUCTION  

In recent years information in the industry and in society 

as a whole leads to the data mining task, due to the wide 

accessibility of large amounts of data and the upcoming need 

for turning such data into useful information and knowledge. 

Most of the classification algorithms operate on nominal or 

discrete data. This leads to  the need of  data discretization 

task before classification. So that any classification algorithms 

operate on real world data. Data discretization is a popular 

data pre-processing[3] step used to transform continuous 

values of attributes into discrete. Discretization means that 

partitioning set of values of an attribute into subsets and 

convert  all the values of an attribute into any of one subset 

range. Classifier performance is significantly improved for 

analysing high-dimensional data which are discretized. The 

main advantages of the discretization are: (1) data reduction 

(2) easy to use and understand discrete data because it is 

closer to the knowledge level than continuous data. (3) The 

classification algorithms can work faster and obtain better 

classification accuracies with discrete data. (4) noisy data can 

be diminished.  

Based on the class information availability, data 

discretization methods can be classified into two types 

supervised discretization and unsupervised discretization. 

Equal width and Equal Frequency are unsupervised 

discretization methods. MDLP is one of the most effectively 

used  supervised discretization method. Based on the 

requirement of data, discretization is classified into two types 

global and local discretization. Entire dataset is us ed in global 

discretization whereas in local discretizarion, partial data is 

used for discretization task. ID3[32], MDLP[1]are mostly 

used local methods. Depending on the moment of 

discretization performed along with learner,  discretization is 

categorized into static and dynamic methods. In static method, 

discretizaion is performed prior to the learning process 

whereas in dynamic method discretization is done along with 

classification process. This study focuses on the following 

objectives. First, compare the supervised and unsupervised 

discretization. Second Objective is to analyze the efficiency of 

the discretization method with the classifiers Naïve Bayes and 

SVM .Third objective is to find the effect of discretized data 

in terms of classifiers performance. This study is carried out 

for large dataset also. 

This paper is organized as follows. Section II presents 

related works. Section III gives information about 

discretization methods used for this study. Section IV has 

datasets and classifiers used in this study. Experimental 

Results are included in section V. Finally the paper is 

concluded in section VI. 

II. RELATED WORK 

In the literature, many discretization methods have been 

developed for different utilizations with different 

characteristics and good performance in different areas [10-

14] , such as equal width(EW), equal frequency (EF)[9], 

minimum description length principle(MDLP)[1], entropy-
basedID3(EBID3)[15,16], ChiMerge[17], 1R[18], D2[19], 
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chi-square (Chi2)[20-22], fixed frequency discretization 

(FFD)[23], information-theoretic fuzzy partitioning 

(ITFP)[24], class attribute interdependence maximization 

(CAIM)[25,26],class-attribute dependent discretizer 

(CADD)[27], minimum optimal description length 

(MODL)[28,29] and multivariate discretization (MVD)[30]. 

These methods are classified according to characteristics such 

as supervised/unsupervised, splitting (top-down)/merging 
(bottom-up), static/dynamic, local/global, and 

direct/incremental[13].Analysis of various discretization 

techniques can be found in the literature [4-7]. Advanced 

review of dicretization techniques is presented by Ramírez-

Gallego et al.[2]. To meet the  demand of  classification task 

in data mining, many discretization algorithms have been 

proposed in the past few decades. 

Binning method is used to discretize an attribute by 

creating a specified number of bins. Initially all the bins are 

defined and a specified number of values per attribute is 

allocated to those bins. Equal Width(EW) and Equal 

Frequency(EF) are the mostly used binning methods. MDLP 

is  top down discretization method which starts with empty 

discretization and adds new cutpoints in every level till the 

criteria is satisfied. In parametric discretizer, maximum 

number of interval is fixed which is given by the user whereas  

nonparametric discretizer computes the appropriate number of 

intervals for each attribute considering a tradeoff between the 

loss of information or consistency and obtaining the lowest 

number of them. Stopping criteria is needed for nonparametric 

approaches. Minimum description length measure , 

confidence thresholds or inconsistency ratios are the well 

known stopping criteria. Mininimum description length 

principle is used as stopping criteria in Fayyad’s discretization 

method. Chi2 discretization method uses inconsistency 

measure as stopping condition. ChiMerge discretization 

method uses threshold as a stopping criteria.1R discretization 

method stop the discretization process when minimum 

instances in each interval is reached. 

III. DISCRETIZATION METHODS 

 

A. Equal Width Discretization(EW): 

 In Equal Width Discretization, the continuous values of 

an attribute is divided  into equal width intervals and each 

interval represents a bin.  

Steps for equal width discretization:  

1. Sort the values of an attribute to be discretized. 

2. Calculate bin width using the formula 

𝑏𝑖𝑛 𝑤𝑖𝑑𝑡ℎ = 
𝑥ℎ−𝑥𝑙

𝑘
           (1) 

where 𝑥ℎ ,𝑥𝑙  are the highest and lowest values of the 

given attribute respectively and k is the number of bins. 

3. Calculate the bin boundaries using the formula 

Bin boundaries=𝑥𝑙 + 𝑖 ∗ 𝑏𝑖𝑛 𝑤𝑖𝑑𝑡ℎ              (2) 

 where 𝑖 = 1,2…𝑘 − 1 

4. Calculate the intervals and place the attribute values into 
the corresponding bins based on the interval. 

5. Assign the linguistic terms for each interval and write the 

discretized value of the given attribute. 

For an example attribute X with values. {𝑥0,𝑥1, … , 𝑥𝑛 } =
 {15,21,34,11,15,34,80,52,75,83,66,76}, 

where n is the total  number of values of the attribute.  

First sort the values of the attribute 

X’={11,15,15,21,34,34,52,66,75,76,80,83} 

Ne  Next calculate bin width using (1),  where k is fixed 

interval given by user and 𝑥ℎ ,𝑥𝑙  are the highest and lowest 

values of attribute X(age). Here k=3 and calculated bin width 

is (83-11)/3=24.  

Bin boundaries are calculated using (2). Create bins according 

to bin width. 

TABLE I EQUAL WIDTH DISCRETIZATION 

 

  

Interval Bin values Linguistic Terms 

bin1. [11,35) 
{11,15,15,21, 

34,34} 
Junior 

bin2. [35,59) {52} Adult 

bin3. [59,83] {66,75,76,80,83} Senior 

Attribute values are discretized based on the linguistic term 

given in table I. Discrete values of X are {Junior, Junior, 

Junior, Junior, Junior, Junior, Senior, Adult, Senior, Senior, 

Senior, Senior} 

B. Equal Frequency Discretization(EF): 

  Divide the attribute values into k intervals and each 

interval has same number of attribute values that is n/k values, 

where n is total number of values of the attribute.  

Steps for Equal Frequency Discretization: 
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1. Sort the n number of values of an attribute to be 

discretized. 

2. Choose the interval value k which is the number of bins. 

3. Calculate the number of elements in each bin using n/k. 

4. Place the attribute values into all of the created bins.  

5. Calculate the interval boundary which is the average of 

the highest element of the current bin and the lowest 

value of  the next bin. 
6.  Assign linguistic term for each interval and write the 

discretized value. 

For example k=3, n=12 number of bins are 3 and each bin has 

n/k=12/3=4 values. Input values for attribute X is  

{𝑥0,𝑥1, … ,𝑥𝑛 } = {15,21,34,11,15,34,80,52,75,83,66 ,76}. 

After sorting X’ ={11,15,15,21,34,34,52,66,75,76,80,83} 

Create 3 bins and each has 4 values. Calculate interval 

boundary.Interval1=(21+34)/2=28, Interval2=(66+75)/2=71. 

Attribute values are discretized using Table II. 

TABLE II EQUAL FREQUENCY DISCRETIZATION 

S.No Interval Bin values Linguistic Terms 

bin1. [11,28) {11,15,15,21} Junior 

bin2. [28,71) { 34,34,52,66} Adult 

Bin3. [71,83] {75,76,80,83} Senior 

Discrete values of  X={Junior, Junior, Adult, Junior, Junior, 

Adult, Senior,Adult, Senior, Senior, Adult Senior} 

C. Mdlp Discretization: 

 Minimum Description Length-based discretizer (MDLP) is an 
entropy based discretization process which was proposed by 

Fayyad and Irani in 1993. In this univariate discretizer the 

partitioning process is controlled by  the Minimum 

Description Length Principle. Cutpoint refers the specific 

attribute value which partition the set of sorted attribute values 

into subsets. In this MDLP many cutpoints split the set into 

multiinterval subsets. Boundary points arises based on the 

cutpoints. Each interval endpoint is called as boundary point. 

For example, consider  a starting point A , ending point B and 

three cutpoints c1,c2,c3 in a set. This leads to five boundary 

points.[A,c1),[c1,c2),[c2,c3),[c3,B]. Calculate the entropy and 

information gain for each interval and select best cut point. 
Splitting is  further done in best cut point selection. Above 

process is continued till the stopping criteria reached. Let 

Attribute A have x number of instances. C is the cutpoint 

between lower(l) and upper(u) value of A. Assume that in the 

sorted collection of points in A, two subsets s1,s2 exist  with 

different class labels, such that s1 < C < s2;  

 Steps for MDLP Discretization: 

1. Sort the values of an attribute to be discretized 

2. Choose the cutpoints 

3. Select boundary points based on cutpoints 

4. Perform evaluation for each intervals (Entropy, 
information gain calculation) 

5. Choose best cutpoint which is considered as threshold 

value and then splitting/merging  the attribute values 

based on the threshold value 

6. Do the steps 2 to 5 till the stopping criteria is reached. 

7. Got the discretized attribute values.  

 

IV. DATASETS AND CLASSIFIERS 

Datasets(See Table III) are taken from well known UCI 

Repository[8].To evaluate the performance of three 

discretization techniques three small datasets Iris, 

Wine,Vehicle and two big datasets COV, KDDCup are used. 

Classifiers performance is analyzed with samples. 

TABLE III DATASETS 

Dataset 

Number of  

Attributes 

Number of  

instances 

Used  

samples 

Iris 4 150 150 

Wine 13 178 178 

Vehicle 18 846 846 

KDDCup99 42 4000000 

Only 10000  

instances 

Cover 54 581012 

Only 10000  

instances 

The two well known classification algorithms 

NB(Naïve Bayes) and SVM(Support Vector Machine) 

were used for classification process on the above datasets. 

V. EXPERIMENTAL RESULT 

Naïve Bayes and SVM classifiers ACCURACY 

are reported in Table IV. Among five datasets, supervised 

method MDLP discretization and unsupervised  discretization 
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method EW achieved good accuracy in three datasets using 

Naïve bayes classifier(see Fig.2).  In terms of precision and 

F1-Score value, Equal width discretization performed well 

compared to other two discretization methods. Next MDLP 

has high  value in these metrics. 

TABLE IV ACCURACY IN NAIVE BAYES AND  SVM CLASSIFIER 

Dataset EF- 

NB 

EW- 

NB 

MDLP- 

NB 

EF- 

SVM 

EW- 

SVM 

MDLP- 

SVM 

IRIS 96.00 98.00 96.00 92.00 92.00 96.00 

COV 95.00 100.00 46.42 100.00 100.00 72.67 

KddCup 99.94 100.00 99.97 99.88 100.00 100.00 

Wine 44.07 27.12 66.10 37.29 59.32 66.1 

Vehicle 52.86 70.00 77.14 67.5 99.64 85.71 

In SVM classifer(see Fig.1), three datasets are 

performed well in Equal width discretization and two 

datasets are performed well using Equal Frequency 

discretization. 

 

Fig. 1. SVM Classifiers Performance 

 

Fig. 2. Naïve Bayes Classifiers Performance 

Accuarcy of both the classifiers are reported in 

Table IV. Both classifiers show that equal width 

discretization is best in terms of accuracy .In terms of 

precision, recall and  F1-Score measures, Equal width 

discretization is an effective method. 

      Table V summarizes the execution time of both 

classifiers in the given datasets. In terms of execution 

time, EF discretization based NB classifier achieved 

lower value on three data sets Iris,Wine and Vehicle. 

Next COV and KddCup dataset has lower execution time 

using EW discretization. SVM classifier based on EW 

discretization is achieved lower execution time on 

Iris,Cov,Wine,Vehicle datasets. For KddCup dataset 

MDLP discretization based SVM has lower execution 

time. 

TABLE V EXECUTION TIME 

Dataset  

Discretization 

Method NB SVM 

IRIS EF 0.020926476 0.021944284 

  EW 0.021939754 0.021938324 

  MDLP 0.227357149 0.023937225 

COV EF 3.166887522 3.16258955 

  EW 3.05283618 3.107722521 

  MDLP 18.42033792 20.50814462 

KDD EF 2.071409702 2.08438611 

  EW 1.733322144 2.024621725 

 

MDLP 4.658597231 1.977444887 

WINE EF 0.028867483 2.458800316 

  EW 0.030881166 0.034903765 

  MDLP 0.193536997 0.041887999 

VEHICLE EF 0.267231941 0.5265944 

  EW 0.309138536 0.296154737 

  MDLP 0.516620874 0.448386908 

VI. CONCLUSION 
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This study aims to investigate three   discretization 

methods for the two popular classifiers Naïve Bayes and 

SVM. It was found that the Equal width discretization   

yielded best performance. None of the three   

discretization methods outperformed others by significant 

margin. In terms of execution time, Equal width 

discretized data has been classified fast in SVM classifier 

for four datasets. In Naïve Bayes classifier Equal 

Frequency discretization performs well in three datasets. 

In SVM classifier Equal width and Eqaul frequency 

discretized data achieves good accuracy . In Naïve Bayes 

classifier, MDLP and Equalwidth discretized data 

achieves good accuracy. 

Accuracy is not only based on classifier but also the 

discretization method. Equal width discretization 

performed well in both classifiers. MDLP  is also good in 

terms of handling big data. Compared to Equal width 

MDLP suffer from the calculation of entropy.  
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