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Abstract- In real time applications, imputation of 

missing worth may be a definite and 

difficult drawback confronted by machine learning and data 

processing. As a result, there area unit several tries to 

missing worth imputation. to beat this individual issue, the 

experimental study has been allotted exploitation continuous 

and distinct from UCI repository to shows that 

the planned work is well effective than the opposite existing 

systems. choice is formed to get the best political leader UN 

agency has the best vote is finally chosen because 

the assign worth and also the planned system will increase the 

accuracy rate and greatly reduces the error rate. 

The planned choice based mostly optimized Associative Rule 

Mining algorithmic program completes with a 

reduced quantity of RMSE values than strong Associative 

Rule Mining algorithmic program for eightieth missing 

rate severally. 

 

Keywords: Root Mean Square Error and Accuracy rate, 

ARM, voting based optimized ARM, Data Mining. 

 

Introduction 

  Missing values usually appears either as null or 

empty cells in database in the forms of table as .arff files 

which can be identified. But can also appear as outliers or 

wrong data [6]. Natural datasets often have missing values in 

them. The imputation of missing values accurately is an 

important data pre-processing task. A lot of practices have 

been projected in literature for imputing missing values [9, 

11]. An early approach is to use the mean of all available 

values of the attribute, having missing information [5], as 

imputed information. Another initial approach to deal with 

missing information’s of a data set is to remove the records 

having missing values [1]. Mean imputation can generate 

more erroneous outputs than the simple record deletion 

approach. On the other hand, the deletion of records may also 

reduce the usefulness of a dataset for a statistical analysis and 

data mining [3]. 

 A more advanced approach called Expectation–

Maximization (EM) [10] relies on correlations among 

attributes and mean values of the attributes. A record may 

have some missing values and available values. EM considers 

that the deviation of a missing value (belonging to an 
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attribute) from the mean value of the attribute is proportional 

to the variation of an available value (belonging to another 

attribute) from the mean value of the second attribute. In 

order to impute a missing value EM uses the whole dataset, 

whereas another recent technique called IBLLS [8] divides a 

dataset in both horizontal and vertical segments by identifying 

k-most similar records and correlated attributes, respectively. 

It then locally imputes a missing value by applying a frame 

within each segment independently. However, EM and 

IBLLS impute only the numerical missing values. 

 This paper presents an overview of missing values 

problem and strategies for dealing data with missing values. 

Core part of the paper concentrates on hybrid method and the 

results are discussed briefly. Since the existing ARM 

algorithm was incapable to impute missing values in case of 

there were no appropriate association rule. This issue was 

managed by combining association rules and most common 

attribute value [4]. First was used in association with the rules 

approach and if there was no appropriate association rule then 

the most common attribute value was used. It can be solved 

by enhancing the missing values imputation accuracy through 

better combination of association rules and the most common 

attribute value method. Only association rules with 

confidence not lower than the relative frequency of 

occurrence of the most common value of the attribute were 

involved. To achieve imputation, the rest of missing values 

and the most common attribute value method was used. This 

technique was according to the fact that the most common 

attribute value can be managed as a special zero attribute 

rules. The antecedent of this rule contains no attributes and 

consequent contains one attribute. Support and confidence of 

this rule is equal to the relative frequency of the most 

common value of the attribute. Proposed voting system is 

used to discover the finest nominee who has the highest vote 

is at last chosen as the assign value.  

This paper reviews the problems that are caused by 

missing values and ways to solve the same. Section 2 

describes the methodology involved in the heuristic approach 

to identify and eliminate the missing values in heterogeneous 

dataset. In section 3 we discuss the comparison made on both 

the existing and proposed algorithm followed by conclusion 

in section 4. 

2 METHODOLOGY 

This paper presents an effective missing value 

imputation through association rule mining, based on voting 

method using multiple minimum supports that ensures the 

filling of missing values found in the dataset before intended 

analysis has been made.  

2.1 Procedure to Construct ARM with Minimum Support 

Building of Association rule is a directly advance 

technique. This system uses the subsequent process. 

Procedure GENE_AR(J-Item sets) 

Begin 

Step 1: for all large j-itemsets 1j , j≥ 2 do begin 

Step 2: P1 ={ consequents of rules derived from lj,  

with one item in the consequents}; 

Step 3: Call ap-genrules(1j , P1); 

End procedure 

Procedure ap-genrules(1k: large k-itemset, Pm : set of 

n-item consequents) 

Begin 

Step 1: if(j> n+1) then begin 

Step 2: Pn+1 = apriori –gen(Pn); 

Step 3: for all qn+ Pn+1 do begin 

Step 4: conf=support(1j)/support(1j- qn+1); 

Step 5: if(conf≥minconfi) then 

Step 6: output the rule(1j- qn+1)→ hn+1  

with confidence =conf and  

support=Support(1j); 

Step 7: else   

delete  qn+1 from Pn+1; 

Step 8: end if  

call ap-genrules(1j, Pn+1); 

Step 9: end for  

End if 

End Procedure 

Construction of ARM with Minimum support 

3.2 Proposed missing Value Imputation Using Voting 

Based Optimized ARM 

After constructing the association rules it is 

necessary to find the consequent parameter, so as to 

determine which value is better for imputing missing value. 
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To obtain this, voting system has been involved. Let the 

record   has a absent information in attribute , i.e. 

 is missing. Let  be the actual value in the p
th

 

attribute , i.e. . Let  are the 

consequent values which is determined from association rules 

and therefore, x, y, and z are the candidates for possible 

imputation. Let  use a voting system 

discover the finest nominee who has the highest vote is at last 

chosen as the assign value. Let  be the co-appearance of x 

and  as a entire record set, and  be the total amount of 

appearances (frequency) l in the whole dataset. Let Vx
N,p 

be 

the vote in favor of x based on  considering only the 

available value  and e Vx
N,p

   will be calculated as follows, 

Vx
N,p 

= Cxl/ƒl                      

                      (1) 

X is the vote in favor of x based on  considering the 

available value along with its similar values. That is,   is 

calculated considering  and n as follows. 

                              (2) 

where  is the mutual information between  

and a of the p
th

 attribute. We then calculate the weighted vote 

 in favor of x based on attribute  as follow. 

   

   (3) 

where  is the correlation between the j
th

 and the p
th

 

attributes. We now calculate the total vote  in favor of x 

by considering all attributes  

except the j
th

 attribute (since ) as follows, 

  

                            (4) 

Similarly, the total vote  and   can be calculated 

According to this total vote value, it is possible to choose the 

best value among x, y and z for imputing the missing value in 

dataset. In other words, the imputed value has highest vote 

and that value is used for the replacement of missing in the 

mixed attributes dataset. Finally, a complete dataset will be 

obtained. 

3 Result and Discussion 

The proposed system is compared with single 

minimum support value to build the association rules based 

on threshold value. Here the proposed system makes uses of 

multiple minimum support value. Minimum support values 

are calculated for each item in terms                  of minimum 

item support, the expected item sets are generated. After 

finding the expected item sets, the association rules are 

constructed using two datasets. The first dataset is known as 

training dataset which consists of data for constructing the 

association rules. The second dataset is referred as dataset for 

missing values imputation which includes the data with 

imputed values. Followed by the consequent association rules, 

voting system is performed. At last, the best imputed value 

will be found to acquire the imputed dataset.  

Dataset has been taken type UCI repository to hold out this 

analysis work. It involves 2 form of dataset like uninterrupted 

facts and disconnected facts. From the uninterrupted facts, 2 

dataset square measure taken, specifically Auto-mpg and 

Housing. From the disconnected facts, four dataset like ear-

shell, Pima, Vowel and toughen square measure taken. within 

the continuous knowledge, Auto-mpg has the attribute as 

categorical and real attributes. This dataset incorporates 

nearly 398 instances and eight attributes. And Housing 

continuous knowledge has attribute as categorical, whole 

number and real attributes with 506 instances and fourteen 

attributes. within the distinct knowledge, ear-shell has 

attributes like categorical, whole number and real attributes. It 

contains the 4177 instances and eight attributes. For toughen 

knowledge, its attributes kind additionally categorical, whole 

number and real attributes. It consists of 798 instances and 

thirty eight attributes. In Pima knowledge, the sort of 

attributes is whole number and real attributes and contains the 

768 instances and eight attributes. Vowel distinct knowledge 

has solely real attributes with 640 instances and twelve 

attributes. 
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Figure 1 Estimation of Frequent Item Set Mining using ARM Approach  

Figure 1 illustrates the missing value 

estimation using Association Rule Mining Algorithm 

method (ARM) satisfies the given constraints and 

predicts the missing data efficiently, the insertion of 

missing values into file is followed by possible error 

generation for the given algorithm respectively.  

 

Figure 2 Estimation of missing values for Voting Approach with Error Calculation 
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Figure 2 specifies the estimation of missing 

values in the form of matrix using vowel data for 

voting approach with Error Calculation. After finding 

the possible missing values from the dataset it would 

be inserted at the right place followed by error 

calculation. The error calculation for voting 

aapproach seems to be less when compared to the 

missing value imputation method using multiple 

support respectively.   

The  RMSE is additionally known as the 

basis Mean sq. Deviation and RMSD normally    

accustomed live the distinction between original 

attribute prices and calculable attribute value. The 

RMSE of AN calculable attribute price with relation 

to the first attribute price is outlined  because 

the root of the mean square error. for various missing 

rate the RMSE rate for 2 approaches  square 

measure calculated. Where as the missing rate 

is raised, RMSE rate  additionally will 

increase correspondingly. The projected system has 

low RMSE rate compared to the opposite existing 

system as shown in the below fig. 3.  

 

Figure 3 Performance of RMSE Rate of Existing and Proposed Algorithm  

Table 1 Comparison of Accuracy Rate for both Existing and Proposed Algorithm  

Missing Rate  Methods 

Accuracy rate for 

ARM with Minimum 

support 

Accuracy rate for voting 

system based Optimized 

ARM 

10% 80 86 

20% 86 87 

30% 87 92 

50% 88 93 

80% 91 95 
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Figure 4 Performance Comparison of Accuracy Rate of Existing and Proposed Algorithm  

Table 1 illustrates the accuracy rate of both 

existing and proposed voting based optimized ARM 

algorithms. Accuracy rate has been calculated for 10 

iterations in terms of accuracy. For 10% missing rate 

the accuracy rate for missing value imputation using 

ARM with minimum support algorithm shows 80% 

and missing value imputation using voting system 

based Optimized ARM algorithm shows 86% 

approximately. For 20% missing rate the accuracy 

rate for missing value imputation using ARM with 

minimum support algorithm shows 86% and missing 

value imputation using voting system based 

Optimized ARM algorithm shows 87% 

approximately. For 30% missing rate, the accuracy 

rate for missing value imputation using ARM with 

minimum support algorithm shows 87% and missing 

value imputation using voting system based 

Optimized ARM algorithm shows 92% 

approximately. For 50% missing rate the accuracy 

rate for missing value imputation using ARM with 

minimum support algorithm shows 88%, and missing 

value imputation using voting system based 

Optimized ARM algorithm shows 93% 

approximately. For 80% missing rate the accuracy 

rate for missing value imputation using ARM with 

minimum support algorithm shows 91%, and missing 

value imputation using voting system based 

Optimized ARM algorithm shows 95% respectively. 

Thus the proposed voting system based optimized 

ARM outperforms the existing algorithm as shown in 

above fig.4. 

4 Conclusion 

 Handling of imputation involves issues in 

forms of information loss as consequence or 

efficiency, secondly data handling leads to 

computation and analysis due to indiscretion of data 

structures followed by systematic difference found in 

data. Since the Associative Rule Mining with single 

support algorithm results in low accuracy and high 

error rate. A novel algorithm voting system based 

Optimized ARM has been presented. The proposed 

Voting system based Optimized ARM system 

produces highest accuracy rate and greatly reduces 

the error rate with high computational complexity. 

Voting methodology yields a better imputation value 

and produces a best candidate system with highest 

vote and eventually reduces the error rate and better 

accuracy rate compared to the existing algorithm. 
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