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Abstract: Algorithm of motif discovery for multiple attributes uncertain data stream is proposed on the basis of
MEME (Multiple Expectation-maximization for Motif Elicitation), which consults the thought of sequential
pattern discovery in bioinformatics to solve the problem of frequent pattern discovery for multiple attributes
uncertain data stream. A new method for update calculation of uncertain sliding window is designed based on
mixed type model, SAX (Symbolic Aggregate approXimation) symbolic strategy is improved, and similarity
analysis method for multiple attributes motifs under different sliding windows is put forward. The proposed
algorithm is verified to be correct functionally by a set of uncertain data stream in the wireless sensor network of
air and missile defense. Its accuracy is measured through planting different number of motifs. Furthermore,
comparison with previous algorithm with tuples’ valid probability set to 1 shows that the proposed algorithm can
discover frequent pattern for multiple attributes uncertain data stream precisely.
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MOTIF LOCATIONS
©® Only Motif Sites [Z] Motif Sites+Scanned Sites (7] All Sequences [Z]
Name (7] p-value [7] Motif Location (7]
1. seq1l 3.40e-4 *
2. seq2 7.18e-4 *
3. seq3 7.00e-3 * < AA
GGGCGACTAG AA CGCCGACGGG
Motif 3
p-value 3.95e-4
Start 14
End 19
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MoTiF LOCATIONS

® Only Motif Sites [Z] © Motif Sites+Scanned Sites 2]
Name (2] p-value [Zl Motif Locatlon [

All Sequences [Z]

1. seql 1.43e-1 *
2. seq2 6.90e-3 '
3. seq3 g.66c 4 * ACM
TCCGGCGCCT ACAA GACCCGGCTG
Motif 1
p value 9.97e-5
Start 25

End 30
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