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Introduction

In the report of the FOCUS workgroup on degradation ki-
netics (FOCUS, 2014), the t-test for significant difference
of parameter estimates from zero is listed among the rec-
ommended methods and introduced with the statement (p.
96):

‘If the parameters are normally distributed, ...’

In linear regression, when assuming normally distributed er-
rors in y, parameter estimators are normally distributed as
well. However, in the case of fitting degradation models, the
model] functions are nonlinear and parameter estimators can
not be assumed to be normally distributed.

Therefore, this application of the t-test is questionable.

The purpose of this poster is to discuss reasons for using
best-it parameters for modelling instead of ignoring pa-
rameter estimates when the t-test fails to show significant
difference from zero.
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Materials and Methods

Generation of synthetic datasets, fitting of degradation mod-
els and plotting of results was done using R and the R package
mkin (Ranke, 2015).

Datasets were generated with an initial concentration of the
parent compound of 100. In dataset type 1. the parent
compound degrades with simple first order (SFO) kinetics
and a halt-life of 1000 days. In dataset type 2, metabolite
M1 degrades with SFO kinetics and the same half-life of 1000
days.

In both types of synthetic datasets, a homoscedastic error
term, drawn from a normal distribution with an absolute
standard deviation of 10 was added. Resulting values below
the assumed LOD of 0.1 were set to NA.

1000 instances of each dataset type were generated and the
corresponding kinetic models were fitted to each of them.

Example synthetic dataset type 1
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In dataset type 2, metabolite M1 reaches a level of about 50.
This means that the relative error of M1 towards later time
points is about 20%.

Example synthetic dataset type 2
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The degradation models were fitted with internal transfor-
mation of rate parameters (Bates and Watts, 1988, Ranke
and Lehmann, 2012).
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Results and Discussions

Type 1 datasets. The histogram of y? error levels for the parent compound obtained by

fitting the SFO model to the type 1 datasets shows relative error levels generally smaller than
the error term used for data generation which amounts to a relative error of about 10%. This
is because part of the variability around the supposed model is compensated by fitting the

parameters.

The histogram for the parent DT50 on the log scale shows a bimodal distribution, where
77.1% of the results appear to approximately follow a lognormal distribution around the in-
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put DT50 of 10° days, a second mode around 10° days caused by numerical accuracy with

the cases where degradation is masked by the random disturbance terms, and some (1.4%)
extreme values > 10" days. The histogram of the p values shows that it is smaller than 0.05

in only 30% of the cases.

Type 2 datasets. The histogram of y? error levels for metabolite M1 shows relative errors
around 15%, which was aimed at in order to be around the border of acceptability proposed

by the FOCUS workgroup.

The distribution of the fitted DT50 values of metabolite M1 is also bimodal. 68.6% appear
to roughly follow a lognormal distribution around the input DT50. In 31.4% of the cases,
degradation of M1 is masked by the random error term. The corresponding very low DT50
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values form a second mode whose location and shape depends on the convergence tolerance 0.0 01 0.

used in the numerical fitting routine. Here, less than 15% of the datasets (cf. the height of

the leftmost bar in the histogram) pass the t-test for significant difference from zero.

p value of t-test for significant difference of ky,.en: from zero
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Conclusion

It is shown above that for small degradation rates, the distribution of the estimated DT50 values is bimodal, with a significant fraction of the estimated rate constants being very s
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limited only by numerical aspects. It is also illustrated that in many cases where the parent or a metabolite degrade slowly, the recommended t-test does not show significant degradation.
While discarding such datasets may introduce a bias towards faster degradation, it appears to be conservative to use best-fit values.
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