
(i) The Box-Cox transformation (Eq. 1) 
can transform the normal distribution 
into a skewed one. The direction and 
magnitude of the skewness is 
determined by one parameter ( θ1). 
The sign of the parameter controls 
direction and the value controls the 
magnitude (Fig. 1). This shape 
parameter was estimated 
simultaneously from the data along 
with other parameters as �xed e�ects 
(thetas) in NONMEM. The η1 in the 
equation is transformed into 
η1Transformed which then can be related 
to the population value in a suitable 
manner, e.g. Eq. 2.
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In parametric population analysis interindividual random e�ects are 
assumed to be normally distributed and PK and PD parameters a �xed, 
often exponential, transformation of this distribution. It is possible to 
also estimate parameters that relates to the shape of the transformed 
distribution [1],[2], but this has not become common practise, possibly 
because of implementation di�culties of the previously suggested 
transformation functions. We therefore investigate two transformations 
that can be easily implemented.
The aims of this work were: (i) to evaluate if such transformations can 
improve model �t; (ii) to assess the actual signi�cance level for 
inclusion of these transformations into the models [3]

Background and Objective

Methods

Results and Discussion

Conclusion

A novel method for parameter distribution estimation is introduced, which 
allows for estimation of �exible semi-parametric shapes. Transformations 
are easy to implement and powerful to detect deviations from normality, 
thus model �t may be improved.

New transformations signi�cantly 
improved the model �t in 
14 models out of 27 with drops 
in OFV ranging from 4 to 239 
(Fig. 3) As we can see both 
transformations create drops in 
roughly the same models and for 
the same parameters. Both 
transformations could also 
estimate similar shapes with 
similar drops in OFV (Fig. 4)
The cut-o� values (i.e. drop in 
OFV) for signi�cant inclusion of 
the Logit and Box-Cox 
transformations were 7 and 4 
(p=0.05). Thus nominal and 
actual signi�cance levels agree.

Figure 1. Normal distribution 
transformed with the Box-Cox 
transformation. Shape parameter 
values were 0.5, 1, 2, -0.5, -1, -2. 
(SD= 0.5)

Figure 2. Normal distribution 
transformed with the Logit
transformation. The standard 
deviation and parameter values for 
θ1, θ2 are shown.
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(ii) The Logit transformation (Eq. 3) 
can transform a normal distribution 
both into a skewed  distribution and 
into a bimodal one. This 
transformation has two parameters to 
estimate and o�ers a more �exible 
way to transform the gaussian 
distribution. One parameter ( θ1)
controls the skewness and it can 
vary between 0 and 1 with 0.5 being 
no skewness at all. 
The other parameter ( θ2) determines 
the width of the distribution. This 
must be a positive value. If the 
standard deviation of the parametric 
distribution is large the transformed 
distribution becomes bimodal.

Important features of these transformations are that they both retain rank 
order and that the typical values remain the same. The transformations 
were applied to parameter distributions (etas) in 27 already existing PK 
and PD models, both to a single parameter and to multiple parameters 
within the same model. Monte Carlo simulation studies were performed 
to assess cut-o� values for statistical signi�cance for both 
transformations. [3]
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Figure 3. Drops in OFV for the 27  
investigated models (model # in y-axis). 
PD models in red. Also shown are which 
parameter distributions that are 
transformed.

Figure 4. Estimated non-normal shapes creates significant drops in OFV and 
when no transformation occur there is no drop in OFV.
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ΔOFV: -19.3 & -21.5 ΔOFV: -0.24 & -0.26

The analysis was done using NONMEM VI. Two transformations were 
evaluated.
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