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A novel method for mining latent events based on scalable patterns

QIU Zhen', WANG Qiyuan®, LIU Di', MENG Hongmin'
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2. State Grid (Beijing) Energy Conservation Design and Research Institute Co. sLtd. , Beijing 100052, China)

Abstract: Big data reflect the peoples living habits, social and natural laws. Data stream, one of the most
important forms of manifestation, has a wide range of applications. In the field of practical application of
data stream, the waveband consisted of continuous data point can show the abundant semantics.
Therefore, it’s significant to take the pattern (waveband) as the granularity and expressive form of data
stream. A Pattern2vec method is proposed based on the scalable patterns mined by SP-tree, mining out
the scalable patterns in data streams and then establishing the vector space for realizing the latent
semantics of the scalable patterns. With the medical and electrical data sets, the experiment results show
better classification performance of the proposed method.
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Fig. 1 Electrocardiographic waveform in hyperacute injury stage
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Fig. 2 Residential daily electricity consumption
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