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SUMMARY
In many applications where data possess scaling properties, it is of importance to decide whether the data are better modelled with
mono- or multifractal processes. However, so far no appropriate test 1s available. For this purpose, we propose here to
use a bootstrap test procedure to decide whether the second cumulant of the log of the wavelet coefficients or wavelet Lead-
ers of the data is zero. We study the p-value and the power of the tests through numerical simulation, using synthetic multifrac-
tal processes, and end up with a powerful procedure for practically discriminating mono- vs. multifractal processes.
MULTIFRACTAL, LEADERS & CUMULANTS
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BOOTSTRAP HYPOTHESIS TEST
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1. At each scale 7, draw B bootstrap resamples blockwise, with replace- 7[990900000000009000000000008]] 19999999900009990000000008

ment, from sample of original Leaders (Block length: A):
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MONTE CARLO SIMULATION AND RESULTS
Fractional Brownian Motion (FBM): Gaussian mono-fractal Significance: o = Pr(d = 1|H_ y true )
C(q) = qH for q € (—00, 00) Power: (= Pr(d = 1|H ;] not true )
Multifractal Random Walk (MRW): non Gaussian multi-fractal . =
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e Tests based on Leaders L y:
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—Significantly larger power 3
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—Maintain large power for ¢y close to zero
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