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Conclusion

 Disease progression in ARSACS could be described using a logistic growth function. The
score at onset of disease (Sy)/maximum SARA score (.5,,) was estimated at 8.1/34.3 for
females, 6.1/37.2 for males. Model predicts faster progression for late onset patients

Implementation

+ Parameter estimation performed with the SAEM algorithm (saemix’ in R 4.2.0).
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