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In many organisms, genes may be expressed rhythmically with a

Figure 1. Arabidopsis thaliana is a species of mustard plant. It exhibits
visible circadian rhythms, has a short life-cycle and relatively short
genome, making it very useful for circadian rhythm research.

H : H (Right Picture): The external light cycle helps wild-type plants (left plant)
pe”Od Of around 24 hours’ Correspondlng tO Changes In the set their circadian clock, which then regulates the flowering time. How-
environment, e.g. sunlight and temperature. ever, plants with a mutation to their SPA1 gene (right plant) begin their

flowering cycle weeks too soon.

Amazingly this circadian behaviour persists even if the plantis  Aim: Develop and evaluate hypotheses regarding the structure of the
subjected to constant darkness and temperature! genetic networks which control organ-specific circadian behaviour.

This suggests that circadian rhythms are endogenous — a result  Challenges: Data measurements are typically sparse and very noisy.
not of the environment, but of underlying genetic networks. Current statistical methods are computationally very expensive.

Furthermore, it has very recently been observed that in Arabidop-  Approach: Develop and exploit sophisticated, high-speed Bayesian
sis thaliana (See Figure 1) different rhythms operate in different  statistical methodology to incorporate all sources of uncertainty and av-
parts of the plant coordinated by a central pacemaker clock. erage over all possible solutions. This allows hypothesis comparison
This phenomenon is currently unexplained. even with sparse and noisy biological data.

Model 11ng Statistical Methods

We use differential equations to model gene and protein expression. These Experimental
define a relationship between the level of a protein over time, x(t), and the Inference
rate at which its level changes, dx/dt. | Commonlly used
B SIS methods involve
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which the model response is similar to the experimental data.
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veraging over over all likely moadel responses using bayesian statistics distributions showing the

allows us to answer important questions regarding: most likely parameter values

« Hypothesis comparison

Which model structure better describes the observed behaviour? A Inference Our method involves
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Our method of parameter inference avoids numerically dx/dt estimates.

solving the system of equations explicitly by including Protein and miRNA Smoothed estimates of Inferred probabilty

measurements | experimental data, x, and | distributions showing the

an additional data SmOOthing step. using RT-PCR most likely parameter values

This results in up to a 400 fold increase in speed for

certain classes of differential equation! CO n C -I u S -i O n S
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i e | s | We have developed a statistical methodology for modelling sparse and
b | noisy biological data using differential equations, which allows us to answer

E*‘Z“;‘jjj | I f interesting biological questions regarding the structure and behaviour of
| — organisms at a genetic level with much lower computational expense

than current methods.
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For ordinary differential equations, For delay differential equations,
our method is quicker and more our method is up to 400 times

robust than the current state of the faster than than explicitly solving \We have so far focussed on methodology and submitted two papers [1 ,2]

art method based on data smoothing. the system of equations. : T . . : _
(Ramsay et al., 2007) [3] (Graph shows time taken for 10 iterations) aimed at the statistics community. Future and ongoing work involves:

Applying our statistical methods to larger and more detailed models to
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useful work to the wider biological community




