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optimal design¢; was to be taken as soon as practicably possible &ftexhilst ¢ was to be taken as close to

t3 = 5 as possible. For practicality, we imposed the constraint that observation times were a minimum of 2 weeks
apart. In simple terms, the Maximin-optimal design attempts to maximize the precision of the maximum likelihood
estimator under the worst possible set of parameters, given our initial state. For our model, this is a design that
maximizes the precision given that we have started in quasi-equilibrium (i.e. no initial drift is observed). For
studies such as the spreadfofplanci, this design criteria is likely to be far too pessimistic to be of practical use.
Comparing Figurg3(b) to Figufe 3|a) illustrates just how poorly the design performs given that our metapopulation
did not begin in quasi-equilibrium, with the being grossly under-estimated the majority of the time.

For colonisation of the Ryukyu islands By planci, we have shown that the use of ED-optimal designs with
informative priors fora can lead to estimates af that are seriously biased. In addition, we have shown that
the Maximin-optimality criteria of Pronzato and Walter (1988) considered here is of little practical use for our
model. Future avenues for research could consider the use of other more appropriate Maximin-optimality criteria
that incorporate the magnitude of the prior probability densities.
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