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Minimize the negative log likelihood function:

Measurements:

ODE model:
dx
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Problem Statement
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Hierarchical Approach

In each step of the optimization:
1. Calculate optimal proportionality

factors and variances analytically
for a given θ

2. Use analytical results to do the
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Several experiments, observables and 
replicates

Proportionality factors cil and variances σ2
il for each observable and

replicate, i = 1, . . . ,ny, l = 1, . . . ,nr
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JAK-STAT Signaling Pathway
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Comparison of Computation Times
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Summary

• Development of an hierarchical approach to parameter estimation for  
models with relative data 

• Analytical derivation of equations for proportionality factors and  
variances 

• Implementation of the method  

• Evaluation of the method for JAK-STAT signaling pathway with 
better convergence results and a substantial speed up in computation  
time
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