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Large sample sizes required UNSEEN: The UNprecedented Simulated Extreme Ensemble (Thompson et al., 2017) Methods
to estimate the likelihood and Weather prediction systems across prediction timescales are used to generate large samples
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The GEV distribution is described by a location (u), scale (o), and

. . . _ shape (¢) parameter:
Opportunity to assess whether high-impact events have become more likely
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We allow the location and log-transformed scale parameter
of the GEV distribution to vary linearly with time (¢):

From observations it is complicated to | Il 1981 [l 2015

detect trends in 100-year events
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u(t) = po + pqt
Ino (t) = oy + oyt
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The many realizations from seasonal
prediction can help!
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