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BACKGROUND. The DDMoRe Interoperability Framework (IOF) [1] can execute a desired model using different target tools, requiring a single
model encoding effort, through Modelling Description Language (MDL) and the R ddmore package. The interoperability is based on two
system-to-system interchange standards: the Pharmacometrics Markup Language (PharmML) [2] and the Standard Output (SO) [3].
OBJECTIVE. We integrated WinBUGS, a popular Bayesian estimation tool, in the IOF (downloadable at [4]) and we demonstrated its use to
design and execute a complex interoperable modelling workflow, based on two diabetes-related models.

MATERIALS AND METHODS.
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RESULTS. Parameters estimates obtained at points 1) and 3) were consistent with the published values, which were originally obtained via Matlab.
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