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Efficient Method for Mining Closed Frequent Patterns from
Data Streams Based on Time Decay Model
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Abstract A data stream is a continuous, unbounded and time changed sequence of data
elements. Therefore, there will be a concept drift of mining frequent patterns on data stream. In
some data stream applications, the information embedded in recent transactions is of particular
value. Mining frequent pattern on data stream always generates useless and redundant patterns.
In order to obtain the result set of lossless compression, generating closed pattern is needed. This
paper proposed a method TDMCS for mining closed frequent patterns on data stream efficiently
based on time decay model and closure operator. In order to distinguish between recent and
historical transactions in the sliding window, time decay model is used in algorithm TDMCS. The
frame of minimum support-maximal error rate-decay factor is designed to avoid concept drift. An
average decay factor is designed to balance high Recall with high Precision. The performance of
proposed method is evaluated via experiments, and the results show that the proposed method is
efficient and steady-state, it applies to high density and long patterns data streams, it is suitable

for different sizes of sliding windows, and it is also superior to other analogous algorithms.
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Background

Searching for frequent patterns in a continuous transac-
tional data stream has become important for many applica-
tions, such as web-server log and click stream mining, online
analytical processing, e-business and stock data analysis, and
sensor network data analysis, et al. In most of these applica-
tions, recent transactions are more important than historical
ones. Therefore, researchers have proposed the Sliding
Window Model (SWM) and the Time Decay Model (TDM).
Based on SWM and TDM, some methods were used to discover
frequent patterns on data streams''?*), The drawbacks are
that (1) minimum support is used to discover patterns, but
concept drift is not processed; (2) Although SWM is used,
the weights of transactions are same in it; (3) Although based
on SWM and TDM, complete patterns set are generated which
are difficult to understand; (4) In recent years, two kinds of
decay factors are set in TDM. First, decay factor is set to a
random value in the range of (0,1). Second. decay factor
is set to the upper/lower bound with the estimation of

100% Recall or 100 % Precision of algorithm. In a word, the
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disadvantages of existed techniques are that importance of
one side of Recall and Precision is emphasized, or instable
result sets with a random decay factor are generated.

In order to avoid concept drift, distinguish recent trans-
actions from historical ones, discover compact pattern set,
and apply to high dense transactions and long patterns, a
novel algorithm based on time decay model is proposed in this
paper. Mainly works and innovations are that: (1) a novel
method to set decay factor f is proposed. In order to balance
high Recall with high Precision, an average decay factor on
the basis of lower bound and higher bound is raised; (2) The
three layer frame: minimum support-maximum error rate-
decay factor is proposed to avoid concept drift; (3) Closed
operator is used to generate closed patterns efficiently; (4) A
novel algorithm TDMCS based on SWM and TDM is provided
to discover closed frequent patterns on data streams.
Compared with some classical methods, TDMCS gets

lossless, compact and more accurate result set.



