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Performance analysis of Frequent Itemset Mining Technique based on
Transaction Weight Constraints
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ABSTRACT

In recent years, frequent itemset mining for considering the importance of each item has been infensively studied os one of
important issues in the datfa mining field. According to strategies utilizing the item importance, itemset mining approaches for discovering
itemsets based on the item importance are clossified as follows: weighted frequent itemset mining, frequent itemset mining using
fransactional weights, and ufility itemset mining. In this paper, we perform empirical analysis with respect fo frequent itemset mining
algorithms based on transactional weights. The mining algorithms compute fransactional weights by utilizing the weight for each item
in large databases. In addition, these algorithms discover weighted frequent itemsets on the basis of the item frequency and weight
of each transaction. Consequently, we can see the importance of a cerfain fransaction through the database analysis because the
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weight for the transaction has higher value if it contains many items with high values. We not only analyze the advantages and
disadvantages but also compare the performance of the most famous algorithms in the frequent itemset mining field based on the
fransactional weights. As a representative of the frequent ifemset mining using fransactional weights, WIS infroduces the concept and
strategies of tfransactional weights. In addition, there are various other state-of-the-art algorithms, WIT-FWIs, WIT-FWIs-MODIFY, and
WIT-FWIs-DIFF, for extracting itemsets with the weight information. To efficiently conduct processes for mining weighted frequent itemsets,
three algorithms use the special Lattice-ike datfa structure, called WIT-tree. The algorithms do not need to an additional database
scanning operation affer the construction of WiT-free is finished since each node of WIT-free has item information such as item and
fransaction IDs. In particular, the fraditional algorithms conduct a number of dafabase scanning operations to mine weighted ifemsets,
whereas the algorithms based on WIT-free solve the overhead problem that can occur in the mining processes by reading databases
only one fime. Additionally, the algorithms use the tfechnique for generating each new itemset of length N+1 on the basis of two
different itemsets of length N. To discover new weighted itemsets, WIT-FWIs performs the itemset combination processes by using the
information of fransactions that contain all the itemsets. WIT-FWIs-MODIFY has a unique feature decreasing operations for calculating the
frequency of the new itemset. WIT-FWIs-DIFF utilizes a technique using the difference of two itemsets. To compare and analyze the
performance of the algorithms in various environments, we use real datasets of two types (i.e., dense and sparse) in terms of the runtime
and moximum memory usage. Moreover, a scalability fest is conducted fo evaluate the stability for each algorithm when the size of
a database is changed. As a result, WIT-FWIs and WIT-FWIs-MODIFY show the best performance in the dense dataset, and in sparse
dataset, WIT-FWI-DIFF has mining efficiency better than the other algorithms. Compared fo the algorithms using WIT-tfree, WIS based on
the Apriori fechnique has the worst efficiency because it requires a large number of computations more than the others on average.

= keyword : Transaction weight, Data Mining, Frequent Ifemset mining, Performance evaluation, Scalability
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(Table 1) Data information for performance
evaluation

# of # of Avg. Data

Dataset Transactions| Items |Trans. size| Type
Connect 65536 128 43 Dense
Retail 88162 21387 103 Sparse

T1014D1000K | 1000000 1000 101 Sparse
T104D2000K | 2000000 1000 101 Sparse
T10M4D3000K | 3000000 1000 101 Sparse
T104D4000K | 4000000 1000 101 Sparse
T104D5000K | 5000000 1000 101 Sparse
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(Figure 1) Mining time test(Connect)
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