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Background Models and Dataset

+ Observed PK and Pl following administration of
study drug, active control, or placebo were
modeled as described in [1]. In the CRD models,
the risk of dropping out was modeled as a time-
dependent baseline hazard. In the RD and ID

models, the baseline hazard was combined with « The Pl model (PD_761) was fit using the dataset

« A dataset was created by enriching the dropout
data with a dense set of “other-type event”
records (EVID=2) for each subject and merging
with PK model parameters obtained in a previous
analysis [1].

« Subjects in acute pain studies not
receiving adequate pain relief have a high
risk of dropping out of the study. As the
dropout is not completely at random, this
necessitates the construction of
appropriate dropout models in order to
reproduce the observed data in
simulation.

« Such dropout models may depend on
observed pain intensity (PI) that is
predicted by an underlying model.

« Initially [1], the Pl and dropout models
were developed sequentially, ie. a pain
intensity model was developed
independently of the dropout data, and
then used to explain the dropout data.

* However, when dropout depends on
unobserved Pl (between observations of
PlI), the dropout and PI should
theoretically be modeled simultaneously.

* The objective of this work was to compare
the Pl and dropout model parameter
estimates obtained from fitting Pl and
dropout data sequentially vs.
simultaneously using three classes of
dropout models: Completely random
dropout (CRD), random dropout (RD) and
informed dropout (ID) models [2]. (See
Box 1)

a Pl-dependent term.
« Parameter values were estimated in NONMEM,
using a sequential and simultaneous approach.
« The joint likelihood for observing the Pl data (Y,)
and dropout data (T) is given by [2]:

P(Yo,T) = [ P(TNo,7)P(Yo|n)PCr)dn
« This implies that if the conditional likelihood for

the dropout data depends on the random effect,
n, it should be fit simultaneously with the Pl data.

which was then updated with the estimated PI
model parameters. This was necessary in order
to ensure consistency in the Pl parameter
estimates between sequential and simultaneous
fits of the CRD and RD models.
« By including both PK, PI, and dropout data in
one file, it was possible to use the same dataset
for estimating dropout model parameters for all
three classes of dropout models, re-estimating
the PI model, and to simulate survival curves.
In the RD models, the observed Pl was used as
a covariate on the hazard, and it was therefore
necessary to impute it by carrying forward the
most recent Pl observation to the following
EVID=2 records.

« The error made by fitting the ID model
sequentially, was assessed by comparing
parameter estimates and simulations from a
simultaneous and sequential analysis.

Box 1: Models developed. All models were |
ADVAN6 TOL=6 with FOCE LAPLACE, except
HAZ_315 which had TOL=5. In sequential models,
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Table 2¢ shows that allowing the dropout data to N J
affect the Pl parameter also affects the hazard h
model parameter estimates, which change

between models HAZ_305 and HAZ_315. The /

The parameter estimates from the ID model
(HAZ_315) show minor differences from the
estimates based on Pl data only. Interestingly, the
standard errors on the parameter estimates

Simultaneous and sequential ID
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Figure 1: Observed (black) and median (95% prediction interval) predicted number of surviving patients Abbott
|  based on CRD (upper left), RD (upper right), and ID (lower left) hazard models. Lower right: Comparison of

\\\med\an predicted and observed number of surviving patients.
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