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I:l:l Introduction

In oncology, the FDA requests for more rational derivation
of optimal doses [1] through:

Better leveraging of data from dose-finding trials phase Il

|dentification of a dose-response (D-R) signal/shape [2]

For —>broader understanding of the impact of different

doses on efficacy and toxicity

[8]

identification of the optimal dose for further

investigation in confirmatory trials

@ Objectives

To evaluate the performance in identifying a D-R signal/shape of cLRT when
using sum of longest diameter (SLD) continuous data versus MCP when
using the best change in SLD from baseline data as non-time-variant
endpoint in the oncology setting through simulation-based explorations

_6_ Methods

Simulated data

Multiple Comparison Procedure-Modelling (MCP-Mod)
A model-based approach for the design and analysis of

Gained the FDA's qualification [4-7]

Later, combined Likelihood Ratio Test-Modelling
(cLRT-Mod) was proposed as an extension to MCP-Mod

cLRT-Mod :

Based on the principles of NLME modelling
dose-finding trials [3] L everages longitudinal phase Il trial data.
Higher power than MCP-Mod in detecting a D-R signa

ata
ata

Has shown a controlled type | error with simulated d

8] but type | error was inflated with the use of real ©
9].

Challenge the performance under different settings: Evaluate influence of study design variables:
Strong and weak drug effects

Different D-R shapes

Different number of patients
Different number of dose levels
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Figure 1: General design of the simulated studies to explore performance of cLRT and MCP Figure 2: Variables defining the different simulation scenarios
Candidate models MCP analysis [3] cLRT analysis [8] Evaluation

a) Pre-selected set
of candidate models

Tested against the simulated
data

Included same shapes of

data-generating true model b) Multiple contrast tests

Flat shape (no D-R) was
considered the reference

c) Evidence of a D-R

DoseFinding R package.

@(Key findings, Limitations & Conclusion

* Power was higher for cLRT vs MCP (Fig. 3) but at the expense
of an inflated type | error (Fig. 4)
Inflated cLRT type | error was in line with [9] but not [8]. This
observation could be due to the:

1. small sample size compared with [8, 9]
2. placebo model misspecifications [9] derive the critical value and
3. selection bias [9] calculate type | error

At fixed sample size, cLRT power was not sensitive to different study
designs (Fig. 3)

m Results

impact H, distribution used to

a) Fit each candidate model to
each simulated dataset

b) Calculate LRT between best-fitting
candidate model (lowest AIC) and the
no D-R (flat) model

NONMEM® and PsN were used for simulations and (re-)estimations

c) Compare calculated LRT against the
critical value approximated from data
generated under the null hypothesis (H,)
(M=100 simulations), using the same
procedure (a—b) but with placebo arm data

Power of detecting a D-R shape
Type | error

Selection of the best-fitting
candidate model & identification
of the true D-R shape of the data-

d) Evidence of a D-R generating true model

In cLRT, a placebo group is needed to derive the critical value.
Nevertheless, oncology trials generally do not provide these
data.

To overcome this limitation, we suggest to explore ways of
incorporating external data (e.g. RWD), making assumptions
when considered adequate (e.g. using data from very low
dose levels gathered at earlier development stages and
assuming irrelevant exposures), among other possibilities.

Before cLRT can be applied to analyse dose-

finding studies:

1. Investigation of the robustness of cLRT
to model complexities and study
variables, e.g. sample size, is needed to
justify its computational demands for
simulations.
ldentify settings e.g. scenarios /data type
associated with a controlled type | error

a) Power b) Type |l error c) Selection of the best-fitting candidate model and identification
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Figure 3: Power of cLRT and MCP across different study design variables
stratified by strength of drug effect and shape of the data-generating D-R true model.

Increased power with fewer dose levels and more
patients per dose level>observed with MCP

More complex models (Emax, sigmoidal) had a weaker chance of being
successfully detected compared with simpler models.
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