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Abstract: Lazy learning associative classification is one of the 

associative classification methods in which it delays the 

generalization of the training data until it receives a test query. It 

lacks in performance due to availability of many features in the 

dataset. All the features do not contribute classification system. It 

is important to choose the most appropriate features to identify the 

class of unseen test tuples. This paper shows how hybrid feature 

selection method can be applied to lazy learning associative 

classification to overcome this issue. The proposed method 

integrates a forward selection and backward elimination 

approach of feature selection methods that leads to good selection 

of attributes and better accuracy. Experimental results of the 

proposed system are visibly positive in comparison to the 

traditional and existing associative classification methods. 

 
Index Terms: Associative Classification, Attribute (Feature) 

Selection method, forward selection and  backward elimination, 

Lazy Learning.  

  

I. INTRODUCTION 

  As we are living in an information age where an enormous 

amount of data being accumulated and stored in databases. 

These databases have invaluable data and mining is required 

to get the information from this. 

Data mining otherwise known as knowledge discovery 

process principally deals with extracting knowledge from data 

using algorithms or techniques. In data mining, the two 

efficient methods are classification and association rule 

discovery. Classification utilizes supervised learning where 

the final class label is engaged with the development of the 

classification system to forecast the unseen data. Whereas 

unsupervised association rule mining (ARM) deals with the 

extraction of highly correlated features with reference to the 

huge database records.  

Associative classification, presents in [1] is in current trend 

which employs the philosophy of association rule mining into 

classification and accomplishes very high accurate classifiers. 

Associative classification methods are characterized in two 

ways; the first one is Eager Learning Method and the second 

one is Lazy Learning Method.  

Two phases are involved in the construction of eager 
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associative classification method [1]-[3]. Association rule 

mining (ARM) is applied in the first phase to determine class 

association rules (CARs). To construct the efficient 

associative classifier, all the rules (CARs) that are generated 

from the first phase are given a rank and only high ranked 

rules are selected and remaining are ignored in the second 

phase.  Second one is a Lazy learning associative 

classification [4]–[7]. It postpones the processing of data until 

the point when the new test instance demands for 

classification and the model is not created for a test sample 

classification.  In general, the dataset contains many attributes 

or features and each and every attribute is not required for the 

computation. Data mining algorithm needs to select the 

important and relevant attribute for the same. Feature 

selection is a step of preprocessing, where it selects a small set 

of important features from the large set of data. The best 

subset consists of the minimal number of features and it 

improves the accuracy.  Forward Selection and Backward 

Elimination are two of the feature selection approaches. Both 

of these methods are iterative in nature. Forward selection 

begins with having zero feature in the model and in every step, 

the feature which improves the model are included; Whereas 

backward elimination considers all the features and removes 

the least important feature at every step basis on the 

improvement in performance and stops the process when no 

improvement is noticed.  This paper proposes the integration 

of forward selection and backward elimination method; to get 

the advantages of both the methods. Compared to existing 

methods, Hybrid approach provides better prediction 

accuracy. This paper is organized in multiple sections where 

data mining related research works are presented in section 2 

and the detail of the proposed work with pseudo code is 

covered in section 3. Further, the observations and 

experimental results are presented in section 4 followed by a 

conclusion. 

II. RELATED WORK 

A. Associative Classification 

The two recognized data mining techniques, classification 

and association rule mining (ARM) were integrated for the 

first time in 1998 by Liu et al. [1] and called associative 

classification. A subset of association rules is used in this; in 

which one side is rule and another side is limited to a class 

attribute. Associative classification has been successfully 

applied in various classification tasks like fraud detection, 

spam filtering, cancer diagnosis, etc. Eager associative  

classification and Lazy learning associative classification are 

two types of associative 

classification. 
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 Eager associative classification (EAC) includes two steps. In 

the first step, EAC utilizes either FP growth algorithm [8] or 

Apriori candidate generation algorithm [9] to create the class 

association rules i.e. CARs. FP growth algorithm is used by 

CMAR [3], CPAR [10]  and few lazy rule pruning methods 

[11] - [13]. Likewise Apriori candidate generation algorithm 

is used by CBA for rule generation. In the second phase 

classifier is constructed based on the CARs generated from 

the first phase.  

The eager associative classification provides better accuracy, 

but there are some disadvantages. Generating a large number 

of rules, ranking and pruning are very annoying process.  

To address these challenges, Lazy learning associative 

classification is introduced. It postpones the processing of 

data or construction of the classifier until the point when 

another new test instance demands classification and the 

model is not created for test sample classification. Lazy 

learning method using Highest Subset Probability (HiSP) 

algorithm is introduced by Merschmann et al [4] and [14]. 

Adriano et al. [15] also proposed different lazy classifier that 

improved the classification accuracy. Syed et al. [5] 

introduced LLAC that is another lazy learning method which 

uses support and confidence measures to generate rules and 

achieves higher accuracy. In [7] and [16] high information 

gained attribute is selected for the lazy associative classifier 

for rule construction. Syed et al. [17] and [18] proposed 

weighted associative classification methods using 

information gain attribute. Syed et al. [19] proposed a genetic 

network programming based associative classification 

method. Preeti et al. [20] proposed different attribute ranking 

based lazy learning AC, in this, information gain rank, gain 

ratio rank and correlation attribute rank are discussed and the 

accuracy of the classifier has improved. One of the major flaw 

in all of these research works, is the computation time is 

substantially increased and further improvement in accuracy 

is also possible. 

B. Feature selection 

In data mining, feature selection is the process of selecting the 

subset of relevant and important features to build a good 

classifier. This process is also called as the variable subset 

selection, variable selection or attribute selection. It is used 

because it simplifies the model to make it easy to interpret by 

the end users or researchers. It not only reduces 

dimensionality, but also time complexity [21] and [22]. To 

select the relevant features, Feature selection algorithms 

(FSA) are used. The advantages of feature selection are the 

demand of repository reduction, removing overfitting, 

improving the performance of machine learning algorithms by 

speeding up the execution time described by Zilin et al. [23]. 

Forward selection and backward elimination are two methods 

in feature selection. Forward selection is a repetitive strategy. 

It begins initially with having zero attribute in the model. In 

each step, it continues including the attribute which enhances 

the model until an expansion of another attribute does not 

enhance the performance of the model. Second is backward 

elimination, which begins with all the features and deletes the 

least important feature at every step with the performance 

improved and stops this when no improvement is noticed [24] 

and [25]. To fetch the snippets (short summary) from the 

entire article is called Snippet Retrieval. To figure out how 

informative snippets can be produced in a better way is the 

purpose of SR track explained by Tamrakar et al. [26]. 

Likewise selecting relevant feature is also necessary. 

This paper focuses on the integration of the two approaches: 

Top-down classifier (forward selection) and Bottom-up 

classifier (backward elimination). 

The proposed method utilizes the advantages of both the 

approaches and gives a better system performance. Proposed 

system generates a lesser number of rules and gives better 

accuracy when compared with the existing systems. 

III. PROPOSED WORK 

In feature selection, there are two approaches; forward 

selection and backward elimination. By using the forward 

selection approach; Top-down classifier can be constructed 

and based on backward elimination; Bottom-up classifier can 

be constructed. In these approaches, many numbers of rules 

are generated and computation time is also high. To address 

these challenges, this paper proposes Hybrid method to 

construct the lazy learning classifier. This addresses the 

integration of Top-down and Bottom-up classification 

method. In this, two variables have been initialized as ‘a’=1 

and ‘b’= m, where m is the total number of attribute. Two 

feature subsets are created, namely ‘S1’ and ‘S2’. One for 

adding the feature like forward selection and the other one is 

for removing the feature like backward elimination. After 

each iteration ‘a’ value is incremented and ‘b’ value is 

decremented until the number of features in both the subsets 

‘S1’ and ‘S2’ are equal. Downward closure property is 

applied to remove the infrequent features. Based on the 

subsets generated in ‘S1’ and ‘S2’, test data is classified by 

one of the given classes. 

Pseudo code for proposed method is introduced in Algorithm 

1. Let n is the count of transactions in the training dataset, m is 

the count of features and p is the count of classes. Training 

dataset TD = {T1, T2,…,Tn},set of classes C = 

{C1,C2,….,CP}, Test instance T, set of attributes value that 

present in the test instance T is AT. S1 and S2 are the subsets 

of the attribute values. As 'a' is initialized to 1, first take 1 

attribute from AT in 'S1' and check the support count with 

each of the class labels. If min Supp is satisfied by the support 

count, then store that subset in FILE and increment 'a'. Other 

side as 'b' is initialized to n, so take n (all) attributes from AT 

in 'S2' and check the support count with each of the classes as 

done above. Then store that subset in FILE and increment 'b'. 

If the support count of a subset is satisfied the min supp, store 

that subset in FILE and come out of the program.  

Otherwise repeat this procedure till 'a' = 'b'. If the one class has 

found maximum time in the FILE, then it is allocated to the 

finalClass. Otherwise the default class is assigned. 

Algorithm 1 

1: Procedure HYBRID (TD, C, T) 

2: finalClass   NO CLASS; 

3: a = 1;  //Initialization 

4: b = m;  //Initialization 

// apply hybrid method of 

feature selection  

5: for each subset S1 ∈ AT 
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and S2 ∈ AT do  

6:     for each class Ci ∈ C do 

7:         if (a! = b) then 

8:       Generate S1 with `a' number of feature and S2                

with ‘b’ number of feature; 

9:        if supp count of S2 is satisfied then 

10:        FILE=S2; 

11:        break; 

12:        else 

13:           FILE = S1, S2 which passes the minimum support; 

14:        a = a + 1; 

15:        b = b - 1; 

//Deciding the final class label for the test query 

16: if the one class occurrence is maximum time in the      

FILE then 

17: finalClass    max occurrence class; 

18: else 

19: finalClass   default Class; 

20: return finalClass; 

 

Algorithm 1: Pseudocode for proposed method.  

IV. RESULT AND DISCUSSION 

To evaluate the proposed system, 9 different data sets are 

used. The data sets are taken from the UCI Repository [27]. 

The short illustration of the dataset is given in Table I.  

Table I: Dataset Description 
Sr. No Dataset Rows Column No of classes 

1 Balance scale 625 5 3 

2 Breast cancer 286 10 2 

3 Breast-Wisconsin 699 10 2 

4 Credit-Approval 690 16 2 

5 Diabetes 768 9 2 

6 Flare 1393 11 3 

7 Glass 214 10 6 

8 Ionosphere 351 35 2 

9 Iris 150 5 3 

 

The investigations are done on a system with an Intel i3 

processor, 3.3 GHz clock speed and RAM 4 GB. 10 Cross 

validation method is utilized in which dataset is divided into 

10 parts. First 9 parts are used to train the classifier and last 

part is for testing purpose. This process is repeated 10 times 

by changing the training and test datasets and average 

accuracy is calculated using the given equation no 1. 

 

Accuracy computation: The accuracy is calculated from 

the equation no 1. 

 

datatestofcountcomplete

correctlypredictedarethatdatatestofCount
Accuracy   (1) 

Table II: Accuracy Comparison 
Datasets CBA 

(traditi

onal 

AC) 

LLAC    

(existing lazy) 

LACI    

(existin

g lazy) 

Proposed  

Method 

Balance scale 69.29 71.43 70.32 98.41 

Breast cancer 66.48 76.55 67.86 68.96 

Breast-Wisconsi

n 

93.70 90.86 88.57 90.00 

Credit-Approval 76.48 77.43 76.81 65.21 

Diabetes 69.10 68.31 68.83 77.92 

Flare 81.58 84.71 84.71 85.00 

Glass 57.94 62.73 59.09 86.36 

Ionosphere 82.29 92.67 94.44 88.88 

Iris 96.67 78.89 95.33 100.00 

Average 77.06 78.18 78.44 84.52 

 

The accuracy comparison is shown in Table II, where dataset 

name is tabulated in column 1; 2nd column is the traditional 

associative classification method CBA, 3rd and 4th are 

existing lazy learning methods namely LLAC and LACI. The 

last column is the proposed Lazy Learning method. It can be 

seen in the comparison result that the proposed system is 

9.68% better than CBA, 8.10% better than LLAC and 7.75% 

better that LACI.  

 

 
Fig. 1: Accuracy comparison for different data sets 

 

Fig. 1 shows that proposed method got better accuracy in 5 

datasets out of  9 datasets.  

 

Table III: Win/Draw/Loss Table 
Methods Existing Methods 

CBA LLAC LACI 

Proposed 

method 

7/0/2 5/1/3 7/0/2 

 

The Win/Draw/Loss table is shown is Table III. When 

comparing proposed method with the existing CBA method, 

the proposed method has improved the classification accuracy 

for 7 datasets and worse for 2 datasets. When comparing with 

LLAC, proposed method's accuracy is better for 5 data sets, 

similar accuracy for 1 dataset and worse for 3 datasets. So, 

Table III proves that the proposed system is statistically 

significant. When the main class of interest is rare, it's called 

Class imbalance problem. The classification system with 

higher accuracy rate also may not be acceptable. Because it is 

able to classify positive tuples, but not able to classify 

negative tuples correctly. In that case, we need other measures 

such as Precision, Recall, Sensitivity and Specificity. It tells 

how well a classifier can predict positive tuples and how well 

it can predict negative tuples. 

Confusion matrix (shown in Table IV) is a tool for analyzing 

how well the classifier can identify tuples of different classes.  
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Table IV: Confusion Matrix 
  Predicted class  

Total Yes No 

Actual class Yes TP FN P 

No FP TN N 

Total P’ N’ P+N=P’+N’ 

 

True positives (TP): These refer to the positive tuples that 

were correctly labelled by the classifier. (With hit)  

True negatives (TN): These are the negative tuples that were 

correctly labelled by the classifier. (With correct rejection) 

False positives (FP): These are the negative tuples that were 

incorrectly labelled as positive. (Type I error) 

False negatives (FN): These are the positive tuples that were 

mislabeled as negative. (Type II error) 

 

The definitions are given below: 

 Precision = TP / (TP + FP) 

 Recall / Sensitivity = TP / (TP + FN)  

 Specificity = TN / (FP + TN).  

 

Table V: Precision, Recall and Specificity of the 

Proposed Method 
Dataset Name Precision Recall Specificity 

Balance scale 0.96 0.99 0.97 

Breast cancer 0.63 060 0.51 

Breast-Wisconsin 0.93 0.93 0.86 

Credit-Approval 0.71 0.60 0.64 

Diabetes 0.77 0.92 0.48 

Flare 0.95 0.90 0.63 

Glass 0.89 0.89 0.92 

Ionosphere 0.92 0.88 0.82 

Iris 0.99 0.99 0.99 

 

Table V shows the Precision, Recall (Sensitivity) and 

Specificity for the proposed method. High precision values 

implies that the most of the predicted value of the proposed 

classifier is correct. 

V. CONCLUSION 

Datasets contain multiple attributes. Each and every attribute 

is not important, so it may mislead for the classification. In 

this paper, a hybrid feature selection approach for lazy 

learning associative classification is proposed by integrating 

top down classifier that is based on forward selection and 

bottom up classifier that is based on backward elimination. 

Proposed system produced better result because it has only 

important attributes. Evaluation results of 9 different datasets 

from the UCI data repository have proven that the proposed 

approach achieved higher classification accuracy. Precision, 

recall and specificity are also shown in the paper. 
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