Bone remodelling: A data science
approach
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Motivation Understanding the key mechanisms in bone remodelling In order to deepen the knowledge for the
development of bone tissue scaffold for the repair of large bone defects

he finite element method (FEM) Is a highly popular discretization numerical technigue In
computational mechanics. However, nowadays, the numerical applications are becoming
Increasingly complex. Thus, traditional solving technigues also demand increasingly larger
computational capacity and higher computational costs. Machine learning technigues can be
combined with the FEM to reduce the computational cost associated with the numerical
analysis, being applied as surrogate solvers or as a predictive tool.

Differences in the anatomy of this bone occur naturally in the population and will lead to very
different structural responses. Taking for example the angle of inclination the conditions of coxa
vara and coxa valga both alter hip biomechanics. The differences in the load cases ultimately
lead to a different trabecular arrangement.
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