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= Starting from a predefined set of dose-
response candidate models:
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MCP-MQOD’

= Starting from a predefined set of dose-
response candidate models:

1. MCP-step: Assessment of dose-response
signal using contrast test on the best model
(MS)

2. MOD-step: Estimate the dose-response
curve using either model selection (MS) or
model averaging (MA)

[1] Bretz F . et al, Biometrics, 2005
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MCP-MQOD’

PMX

= Starting from a predefined set of dose-
response candidate models:

1. MCP-step: Assessment of dose-response
signal using contrast test on the best model
(MS)

2. MOD-step: Estimate the dose-response
curve using either model selection (MS) or
model averaging (MA)

[1] Bretz F . et al, Biometrics, 2005

1. Model building using multiple LRT on
nonlinear mixed effect models (MS)

2. Estimate the dose-response curve using the

selected model



MCP-MQOD’ PMX

= Starting from a predefined set of dose-
response candidate models:

Introduction

1. MCP-step: Assessment of dose-response | 1. Model building using multiple LRT on

signal using contrast test on the best model nonlinear mixed effect models (MS)

(MS)

2. MOD-step: Estimate the dose-response 2. Estimate the dose-response curve using the
curve using either model selection (MS) or selected model

model averaging (MA)

Advantages vs PMX Advantages vs MCP-MOD
* Models pre-specified * Longitudinal analysis of the data
* Takes model uncertainty into account 2

e Control the type | error
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MCP-MOD" Rest of

= Starting from a predefined set of both worlds 2
response candidate models:

PMX

Introduction

1. MCP-step: Assessment of dose-response | 1. Model building using multiple LRT on

signal using contrast test on the best model nonlinear mixed effect models (MS)

(MS)

2. MOD-step: Estimate the dose-response 2. Estimate the dose-response curve using the
curve using either model selection (MS) or selected model

model averaging (MA)

Advantages vs PMX Advantages vs MCP-MOD
* Models pre-specified * Longitudinal analysis of the data
* Takes model uncertainty into account 2

e Control the type | error
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Methods

MCP-MQOD’ cLRT-MOD

Predefined set of dose-response candidate
models:

1. cLRT-step: Assessment of dose-response

1. MCP-step: Assessment of dose-response
signal using a corrected-Likelihood Ratio Test?

signal using contrast test on the best model
(MS)

2. MOD-step: Estimate the dose-response
curve using either model selection (MS) or
model averaging (MA)

[1] Bretz F . et al, Biometrics, 2005 | [2] Dette H. et al, Biometrics, 2015



Methods

1. Corrected-LRT step:

* Observed dataset: > fmong the candidate models CAIC*)
2LL(y, Propr) — 2LL(y, Prys) = AOFVyps

[1] Aoki Y. et al, JPKPD, 2017
[2] Buatois S. et al, AAPS, 2018



1. Corrected-LRT step:

=  (Observed dataset:
2LL(y, Propr) — 2LL(Y, Prys) = AOFVyps -

=  CcLRT statistic: @
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2. MOD step:

Linear Loglinear / Emax \ Sigmoid
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=  Model selection (MS): Jose
* Most commonly used approach
* Relies on selection of the model that best describes the data as a function of an
information criterion
* Ignores model uncertainty which could impair predictive performance’-2

[1] Musuamba FT. et al, CPT Pharmacometrics Syst. Pharmacol, 2017
[2] Mould D.R. et al , CPT Pharmacometrics Syst Pharmacol, 2012




2. MOD step:

Linear Loglinear Emax Sigmoid
301 -

Methods
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= Model selection (MS) Jose
=  Model averaging (MA):
* Takes into account the uncertainty across a set of candidate models by

weighting them as a function of an information criterion(®!
* Applications in both NL"* and NLME!6l models comparing MA vs MS

O_

[1] Musuamba FT. et al, CPT Pharmacometrics Syst. Pharmacol, 2017
[2] Mould D.R. et al , CPT Pharmacometrics Syst Pharmacol, 2012

[3] Buckland S.T. et al, Biometrics, 1997

[4] Schorning K. et al, Stat Med, 2016

[5] Aoki Y. et al, JPKPD, 2017

[6] Buatois S. et al, AAPS, 2018




Simulation case study

=  Simplified version of a disease model’ which characterizes the time course of
visual acuity (VA) of wet AMD patients?

= Model:
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f(di» tj'(pi) =VAg; — VAgg; - (1 - e_kpr'i.tj) + E(d)

[1] Holford N, British Journal of Clinical Pharmacology 79, 2015
[2] Diack C. et al, http://lwww.page-meeting.org/?abstract=3569, 2015




Simulation case study

=  Simplified version of a disease model’ which characterizes the time course of
visual acuity (VA) of wet AMD patients?

= Model:
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Simulation case study

=  Simplified version of a disease model’ which characterizes the time course of
visual acuity (VA) of wet AMD patients?

= Model:
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Study design

N patients equally distributed across the different dose levels

= 5arms: 0, 100, 200, 400 and 1000 g

= 14 observations per patient: baseline, day 7 & every month during 12 months
(End of trial)
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Study design

N patients equally distributed across the different dose levels

= 5arms: 0, 100, 200, 400 and 1000 g

= 14 observations per patient: baseline, day 7 & every month during 12 months
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Results

|. Strong drug effect & N=300

Type | error & Power
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|. Strong drug effect & N=300

Simulation model
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Il. Weak drug effect & N=50
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Conclusions

=  This work extends the MCP-MOD methodology to use NLMEM in both MCP
and MQOD steps

= By deriving the reference distribution of the LRT under the null-hypothesis for
all candidate models, the method maintains the nominal type-I| error while
using the full longitudinal information

=  The work, furthermore, shows how model averaging provides substantially
better coverage in the MOD step, and how the ignorance of model uncertainty
leads to an under-estimation of the confidence intervals

=  New milestone in the use of pharmacometric methods for primary analysis in
dose finding protocols

15




Perspectives

= Include different disease progression models in the set of candidate models for
both the cLRT and MOD steps

= Derive parameter uncertainty from Sample Importance Resampling (SIR)" or
sampling from Bayesian posterior distribution? instead of the FIM

=  Explore the case where the true model is not in the set of candidate models

[1] Dosne A.G. et al, JPKPD 43, 2016 16
[2] Ueckert S. et al, http://www.page-meeting.org/?abstract=3632, 2015
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Standard LR-test : Limits

=  Variance parameter: Unlike linear mixed effect models!'-2], there is no
results identifying the limiting distribution of the LRT in nonlinear mixed
effects models

= |dentifiability: under the null hypothesis of no dose response certain
model parameters are not identifiable and standard LR-test theory is
not applicablel?]

=  Model uncertainty & multiplicity: Testing several dose-response
candidate models and retaining the best one without adjustment for the
significance may lead to a type one error inflation!“!
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[1] Stram D.O. et al, Biometrics, 1994
[2] Drikvandi R. et al, Biostatistics, 2013
[3] Dette H. et al, Biometrics, 2015

[4] Bretz F . et al, Biometrics, 2005




Nonlinear mixed effect models

2]
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=

Vii = fm(di, tj, @) + &5 €;~N(0,0%)
= y;; is the observation at time t;(1 < j < n) of individual i(1 < i < N)
= d;is the dose administered to patient i
= @, Iisthe vector individual parameters
= g; Is the residual error

Random-effect model Vector of population parameters ¥,
(size P,,)

= Dy =ty X exp(Momi) "= u,, fixed effects

Of tm + N = Variance of the random effects (,,

" Ni~N(0, Q) =  Variance of the residual error ¢2,,




Simulation case study

=  Simplified version of a disease model’ which characterizes the time course of
visual acuity (VA) of wet AMD patients?:
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[1] Holford N, British Journal of Clinical Pharmacology 79, 2015 8

[2] Diack C. et al, http://lwww.page-meeting.org/?abstract=3569, 2015




Coverage probability with MCP-MOD

Coverage Probability

Figure 3: Empirical

[1] Pinheiro J. et al, Stat Med, 2014
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(based on 2000 simulations), of 90% confidence intervals.
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|. Strong drug effect & N=300
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Candidate Model: E Emax - Linear - Loglinear - Sigmoid
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ll. Weak drug effect & N=50
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lll. Strong drug effect & N=50

Type | error & Power

Test ( Simulation model

Linear Log-linear Emax Sigmoid No-DE
Type-l error
Power (%) [3.2-7%]

Linear

Results

Log-linear 4.2
Emax 5.2
Sigmoid 100 5.8
MS 7.4
CLRT 4.6
MCP 4.2
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lll. Strong drug effect & N=50
AVA Coverages
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