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Understanding Forest Insects: Pine Looper Moth.
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Pine Looper Moth in Cannock Forest

• Has caused severe forestry damage in the UK in the past.

• Can its fluctuations be understood and predicted?
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Understanding Forest Insects: Larch Bud Moth
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• Shows persistent regular cycles, with peak abundance causing significant damage.

• What causes these cycles? Candidates are host pathogen (virus), or host parasitoid dynamics,
or feedback mediated through plant defences.
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Forest Insect Models

• Year to year dynamics can be modelled using non linear models of the general form

nt+1 = g(nt, θ, et)

where nt is a vector of state variables, et a vector random variables, t is year and g is a vector
valued non-linear function with some unknown parameters θ. The form of g is determined by
the supposed mechanisms underlying the model.

• Data, yt, from the system are related to the state variables via an observation equation

yt ∼ f(nt)

where f denotes some distribution dependent on nt (which may, generally have some unknown
parameters itself).

• Many such models yield dynamics with a strong attractor, so that et can be neglected.

• When et can not be neglected then techniques based on iterative linearization, resulting in
working linear mixed models can be effective for some dynamic regimes, but not all. This is a
promising area for future work!
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Model Fitting

• Quasi-Newton or Gauss-Newton methods are usually effective, provided some precautions are
taken.

• Initially fitting the ACF or other frequency domain characteristics, and then trying to match
the phase of the dynamics is usually an effective way of starting.

• Because parameters may behave rather differently in different regions of parameter space, any
finite differencing for derivatives needs to be done with adaptive interval estimation.

• The fact that many dynamic models have discontinuities in their response to parameter varia-
tion requires careful handling. A simple bootstrap technique can be helpful. The following two
steps are iterated . . .

. Starting from parameter vector guess θ∗, optimize the fitting objective l(θ) (based on
the original data vector y) w.r.t. θ, to obtain θ̂∗.

. If l(θ̂∗) is the best so far achieved, set θ̂ = θ̂∗.

. Draw a bootstrap sample y∗ from y and let l∗(θ) be the fitting objective based on this
sample.

. Starting from θ̂ optimize l∗(θ) w.r.t. θ to obtain θ∗.

When the process is stopped, θ̂ gives the optimum parameters.
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Bootstrap restart example: Pine Looper at Tentsmuir

• One particular model, based on a food quality feedback, was completely impossible to fit without
bootstrap restarting.

• Several hundred iterations of the restarting process, did achieve a fit that appears to have the
characteristics of a global minimum.
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Larch Bud Moth Results
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• We were able to show that LBM dynamics are likely to be primarily controlled by parasitoids,
while in turn controlling needle quality, with some modest feedback from quality to the LBM.
Food quality feedback and pathogen interactions could be firmly ruled out, as sole causes, while
parasitoids alone can be marginally rejected. H0 testing was performed by bootstrapping.
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Impact assessment

• Gammarus pulex is a widespread freshwater shrimp, which is susceptible to inadvertent pesti-
cide exposure from run-off and spray drift.

• A good deal is known about its biology, including hard data on basic physiology and population
dynamics.

• Basically, growth and fecundity are largely temperature driven, while death is largely dependent
on population density. Most stages of development are present at most times of year.

• A dynamic model of Gammarus population dynamics, validated and parameterized by fitting
to as much available data as possible would provide a “quantitative synthesis” of the existing
knowledge about this species, to use for making projections about its population level response
to pesticide exposure events.

• The methods used were similar to those employed for the forest insect examples, except that:
. The process models used were more detailed in their representation of the processes

controlling the population, and are intrinsically ‘continuous time models’.
. To facilitate this, the models were formulated using delay differential equations, which

require quite careful numerical handling.
. The models were estimated by fitting to many disparate data sources, not just time

series of model state variables.
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Gammarus model fits I
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• The model includes a number of components describing the relationship between different
aspects of size and temperature with fecundity and development. The best fit that the model
achieved to data on these relationships is shown above left.

• The model includes an annual temperature cycle model for each site at which population
dynamic data are available. The fit of this cycle to the measured temperature data is shown
above right.

• Note how simultaneous fitting systematically shifts some of the fitted curves.
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Gammarus model fits II: population dynamics
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• The fitting data included dynamic data from a natural chalk stream and from some experimental
ponds in the Netherlands. The data and best fit model predictions are shown above.
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