Proximate Parameter Tuning: a novel strategy for system identification
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We often have knowledge of the qualitative ‘structure’ of a model and some measurements of
the time series of the variables of interest (concentrations and fluxes), but little or no knowledge
of the model’s parameters. This is then a system identification problem [1-5], that is commonly
addressed by running a model with estimated parameters and assessing how far the model’s
behaviour is from the ‘target’ behaviour of the variables, and adjusting parameters iteratively
until a good fit is achieved. However, most of these problems are grossly underdetermined, such
that many combinations of parameters fit a given set of variables.

We introduce the constraint that the estimated parameters should be within given bounds and
as close as possible to stated nominal values.

In general, a model run using the nominal parameter values will give off-target output features
since the parameters have been estimated without regard either to their measured values or to
those of the output measurements. We therefore need to adjust these values so that the simulated
output feature values of the model are closer to the measured (target) values. We have devised an
iterative scheme in which the local sensitivity of the required model outputs with respect to all
the parameters is evaluated at each iteration. This information is then used to formulate a linear
programming sub-problem that predicts the smallest step to take in the parameter space in order
to minimize the error between the model outputs and their target values. The parameters are then
updated to these new predicted best values and the ODE model re-run to determine the actual
simulated values of the output features. This iterative loop is then repeated until the error
between the simulated values and the target values is reduced to a specified tolerance as
illustrated in Figure 1.

This deterministic ‘proximate parameter tuning’ (PPT) algorithm turns out to be exceptionally
effective and performs well compared to other gradient-based and sampling algorithms, e.g.
Hooke and Jeeves, Levenberg-Marquardt, a Genetic Algorithm and an Evolutionary
Programming strategy as encoded in COPASI [6]. When applied to parameter estimation in a
well-established model of yeast glycolysis [7; 8], the PPT performed best 40% of the time, and
70% of the time when only gradient-based algorithms were considered [9], as well as in 3 other
models tested (including the p38 signalling pathway and chemical kinetic models).

Overall, this ability of the PPT algorithm to make use of a priori knowledge to inform the
fitting process is crucial when the measured data are scarce.
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Figure 1: The key steps of the proximate parameter tuning algorithm

The proximate tuning algorithm presented here is a novel and efficient approach with the
ability to transform the vast array of dormant biochemical knowledge using time series of
variables into initial dynamic models and thus kick start the cycle of model prediction,
testing and refinement that will deliver the true potential of systems biology. It also lends
itself naturally to the convenient incorporation of any constraint.
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