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Multiple Minimum Supports
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ABSTRACT

Data mining fechniques are used to find important and meaningful information fromm huge datfabases, and pattern mining is one
of the significant dafa mining techniques. Pattern mining is a method of discovering useful pattemns from the huge dafabases. Frequent
pattern mining which is one of the patfern mining exiracts patterns having higher frequencies than a minimum support threshold from
databases, and the patterns are called frequent patterns. Traditional frequent pattern mining is based on a single minimum  support
threshold for the whole dafabase fo perform mining frequent pattems. This single support model implicitly supposes that all of the ifems
in the dafabase have the same nature. In real world applications, however, each item in databases can have relatfive characteristics,
and thus an appropriate pattern mining technique which reflects the characteristics is required. In the framework of frequent pattern
mining, where the natfures of items are not considered, it needs fo set the single minimum support threshold to a too low value for
mining patfterns containing rare items. It leads fo foo many patterns including meaningless ifems though. In confrast, we cannot mine
any pattern if a too high threshold is used. This dilemma is called the rare item problem. To solve this problem, the initial researches
proposed approximate approaches which split data info several groups according to item frequencies or group related rare ifems.
However, these methods cannot find all of the frequent patterns including rare frequent patterns due to being based on approximate
techniques. Hence, pattern mining model with multiple minimum supports is proposed in order fo solve the rare item problem. In the
model, each ifem has a corresponding minimum support threshold, called MIS (Minimum Item Support), and it is calculated based on
ifem frequencies in databases. The multiple minimum supports model finds all of the rare frequent patterns without generating
meaningless patterns and losing significant patterns by applying the MIS. Meanwhile, candidate patterns are extracted during a process
of mining frequent patterns, and the only single minimum support is compared with frequencies of the candidate pattems in the single
minimum support model. Therefore, the characteristics of ifems consist of the candidate patterns are not reflected. In addition, the rare
item problem occurs in the model. In order to address this issue in the multiple minimum supports model, the minimum MIS value among
all of the values of items in a candidate pattern is used as a minimum support threshold with respect to the candidate pattern for
considering its characteristics. For efficiently mining frequent patterns including rare frequent patterns by adopting the above concept,
free based algorithms of the multiple minimum supports model sort items in a free according to MIS descending order in confrast fo
those of the single minimum support model, where the items are ordered in frequency descending order. In this paper, we study the
characteristics of the frequent pattern mining based on mulfiple minimum supports and conduct performance evaluation with a general
frequent pattern mining algorithm in terms of runtime, memory usage, and scalability. Experimental results show that the multiple
minimum supports based algorithm outperforms the single minimum support based one and demands more memory usage for MIS
information. Moreover, the compared algorithms have a good scalability in the results.

= keyword : Multiple minimum supports, Frequent pattern mining, Rare frequent pattems, Performance evaluation, Scalability
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(Table 2) Minimum Item Support for each item
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(& 1) MIS-Tree
(Figure 1) MIS-Tree
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(Table 3) Characteristics of Real Datasets

Dataset #Items | Average Length | #Transactions

BMS-Web-view 497 25 59,602

Retail 16,469 103 88,162
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(Table 4) Characteristics of Synthetic Datasets

Dataset #Items | Average Length | #Transactions
T104D200K | 10,000 10 200,000
T104D400K | 10,000 10 400,000
T10M4D600K | 10,000 10 600,000
T104D800K | 10,000 10 800,000
T10M4D1000K | 10,000 10 1,000,000
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(Figure 2) Runtime test (BMS-Webview1)
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