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Abstract 
The technology of data mining is more important in recent years, and it is generally 

applied to commercial forecast and decision supports. Association rules mining algorithms in 
the field of data mining play the important role. Many of association rules mining algorithms 
were proposed to improve the efficiency of data mining or save the utility rate of memory.  
So, our major study tries to improve the efficiency of association rules mining algorithms.   

In this paper, our major study is to improve the defects of the QDI algorithm. Although 
QDI algorithm was one of the most efficient algorithms, but it still has two serious problems; 
in the first place, QDI algorithm can’t mine the transactions of databases whose record length 
is very long; in the second place, QDI algorithm isn’t very efficient at utility rate of the 
memory. Therefore, the QDI algorithm is not very practical. 

Based on above reasons we propose a new algorithm – EFI (An Efficient Approach for 
Filtering Infrequent Itemsets) that is improved from QDI algorithm. The one of the characters of 
EFI algorithm is the two phrase filtrations which can reduce lots of non-frequent itemsets and is 
very suitable to mine the transactions of databases whose record length is very long. To find 
association rules quickly the EFI algorithm only scans database four times and doesn’t generate 
any candidate itemset in mining process. Besides, the EFI algorithm also improves the defect of 
the ICI-like algorithms that need lots of memory spaces to store lots of sub-itemsets which are 
decomposed from the transaction records of database. However, the EFI algorithm uses the two 
phrase filtrations to filter out lots of non-frequent itemsets; it only generates the itemsets which 
are the most possible to be the frequent itemsets. So, the EFI algorithm can decrease a large 
number of non-frequent itemsets and increase the utility rate of memory. The size of the 
databases in the real world is always greater than the size of the memory. In order to solve this 
problem, the EFI algorithm divides a large database into many sub-databases and mines 
association rules from those sub-databases. The EFI algorithm only scans database four times 
and will not be affect by the length of frequent itemsets. The EFI algorithm avoids wasting a lot 
of I/O time and increases the efficiency and the practicability in application. 

Keywords: data mining, association rules, two phase filtrations
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