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1. R(T U C;) < R(C U C5) holds for any C # T;, where
T Uy is the new cluster generated by merging T; and C,
and R('T; U C;) is its relative error.
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called the relative error threshold.
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Figure 5: Segmentation with/without Refinement
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THEOREM 1. The production probability of round k is not less
than that of round k — 1, that is:
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Figure 12: Accuracy of Trend Prediction
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Figure 13: Accuracy of binary trend prediction
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