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Is it really worth learning about 
the benefits of management?
Adaptive management is learning by doing; management strategies 
are implemented, their effectiveness is monitored, and then the mix of 
management strategies is adjusted depending on the outcomes of the 
monitoring. The number of examples of adaptive management is increasing, 
with researchers determining the best way to conduct management and 
monitor outcomes to achieve particular objectives. But in most of these 
examples, the benefits of adaptive management are predicted to be small, 
even when monitoring is inexpensive. 
This is a surprising result. It suggests that knowledge and learning are not 
as beneficial as scientists might like to think and that managers should 
mostly implement management strategies using the best available 
information, rather than planning on obtaining more information. 
Are these suggestions reasonable and why does adaptive management 
often predict modest improvements in management? The answers to 
these questions depend on:
1) the way in which knowledge is updated in adaptive management problems;
2) how broadly the results of monitoring are applied; and 
3) the degree by which the value of future returns are discounted. 
The usual way of updating knowledge in adaptive management studies is to use 
Bayes’ rule, which limits the range of outcomes to a pre-conceived set of options; 
complete changes in paradigm are precluded, limiting the perceived value of 
new information. The value of information is limited when adaptive management 
results are only applied within a particular case study. Standard discounting 
of future returns also limits the value of information. 
Adaptive management is most beneficial when changes in paradigm are 
considered, the results of monitoring are applied beyond the case study and 
the future is not heavily discounted. These ideas are illustrated using a number 
of case studies with a particular focus on learning about re-vegetation strategies.
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Take-home messages:

The value of active actively learning 
about environmental management 
problems depends on how:

the future is valued;• 
broadly knowledge is applied; • 
and
success is measured.• 
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Merri Creek revegetation 



Economics

budget & costs
5 areas of high density planting per 5 years (~4,000 / ha)

10 areas of low density planting per 5 years (~2,000 / ha)

success 
>1,500 surviving plants per ha after 5 years

objective 
maximise successful area of revegetation over next 20 years
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Uncertain outcome
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Optimal learning

• maximise outcome (not statistical power)

• trade-off between learning and doing

• Bayesian estimation

• stochastic dynamic programming

McCarthy and Possingham (2007) Conserv. Biol.
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passive adaptive strategy
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active adaptive strategy



When would we want to learn?

discount the future less?
greater applicability of results?
a reward that depends on variance?



Discounting the future
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Previous low density successes
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Factors that influence learning

discount the future less
greater applicability of results
a reward that depends on variance

moa@unimelb.edu.au
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Annual survival of birds

McCarthy et al. (2008) Am. Nat.
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