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Discovering sequential patterns with efficiency constraints in MOOCCube
PENG Yawei, LI Yanhong', YANG Yang,ZHANG Fa
(College of Computer Science, South-Central Minzu University, Wuhan 430074, China)

Abstract Massive Open Online Course (MOOC) platforms have emerged as crucial tools in online learning, capturing
vast learning behavior data. MOOCube, a significant data repository, encompasses 48640 learning behavior sequences
extracted from XuetangX. However, traditional Sequential Pattern Mining (SPM) algorithms may struggle to handle the
complexity of MOOC data, leading to irrelevant patterns. This paper proposes Efficiency-Constrained Sequential Pattern
Mining (ECSPM) to facilitate the discovery of useful patterns. Three constraints are introduced: attendance, discreteness,
and dropout. These constraints capture the influence of different features of learning behavior on sequential patternsmining.
Importantly, these constraints are proven to satisfy the downward closure property, ensuring their effectiveness in shaping
the mining process. To discover Sequential Patterns, three algorithms were proposed. These algorithms employ level-by-
level search space traversal or recursive projection techniques while integrating the concept of cost into pattern mining.
Experimental evaluation confirms the effectiveness of the proposed algorithm. ECSPM has successfully reduced the number
of discovered patterns while maintaining comparable performance to the classical SPM algorithm.
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