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Abstract Laplace Method

Laplace approximation and its various approximations are some of the most commonly
used techniques in pharmaceutical nonlinear mixed effects modelling to marginalize
the the random effects. Classically, only Gaussian random effects have been used with
transformations applied after the fact. However recently Pumas®-NLME™ introduced
the ability to use non-Gaussian random effects in a nonlinear mixed effects model. In
this study, the use of non-Gaussian random effects in nonlinear mixed effects (NLME)
models in Pumas [1] will be mathematically justified and its practical importance will be
highlighted using 2 experiments.

Laplace Method

Convergence

The modes are the same
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Ratios are not

Nonlinear mixed effects model
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1n: random per subject parameters known as random effects (assume a single subject) 1+ c
nlog f(x2) log f(x2)

z: covariates of the subject, e.g. age, sex, etc.
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n ~ N(0,Q)
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Laplace method - general Gaussian proportional error model:
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Laplace method - NLME
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Generalized FOCE

e 7): integration variables - random effects

e p(y,n): joint probability of the observations y and the random effects 7 - "
ain rule for Hessians:

e 7)9: empirical Bayes estimate
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, , _ , If g;(x) is linear in x for all i:
e &: unconstrained integration variables
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o 7)(&£): transformation function from the unconstrained integration variables
to the random effects
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o |dn/df|: determinant of the Jacobian of the transformation dn/d¢

Conclusion and Future Work
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component of the gradient of f at g(x)

o ©%. the Hessian of g; (i'" output of g) at x

LA and FOCE are generic techniques that can be used to marginalize non-Gaussian random effects. Non-Gaussian random effects are necessary for maximal

modelling flexibility. The unique properties of some non-Gaussian distributions can be used to handle certain data pathologies.
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Syntax and Experiments

Syntax Experiment 1
« Sample N random effects from TDist - one for each subject Deviation percentage from the true parameter
1.2 4 ©
s begin « Sample observations for each subject

m begin

€ RealDomain(lower=0.0, in : ! N

€ RealDomain(lower=0.0, e Fita model with a Normal random effect to the sampled

€ RealDomain( lower=0.0, 1 data 08 -

v € RealDomain( lower
€ RealDomain( Llower R >
 E T ey * Calculate the percentage deviation of the estimated - _ 0
population parameter from the true population parameter °
begin
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Sample N - 1 random effect - one for each subject

Choose the Nth random effect to be the maximum sampled random effect value multiplied by a
multiple

Sample observations for each subject

Fit the model to the data and check the deviation percentage from the true population parameter

Repeat many times and plot a box plot of the deviation percentages
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EBE Diagnostic

e Let [11,7m2,...,mn] be N independent samples from the random effect’s
distribution, one for each subject.

e For each subject 7, let D observations be generated by the given model
and 7 = ;.

model begin

ram begin

Eonh & ; : : ; € VectorDomain(1l, init=[0.5])

e Let the log joint probability of n and the D observations of subject ¢ be R B e
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then

lom begin
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Therefore, the EBEs will have the same distribution as the random effects.
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