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INTRODUCTION

Purpose:

I To establish PK AND PD parameters
I To find a safe and efficacious dose for further studies

Observed:

I Concentration of the drug candidate in plasma (PK,
continuous)

I Response to the drug candidate
I toxicity, efficacy, no response (trinary)
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INTRODUCTION

I We assume that a set of dose levels is pre-specified from
pre-clinical trials or very early clinical trials.

I The aim of the study is to select an optimum dose level to
be recommended for further investigation in a later phase
clinical trial.

I We consider an adaptive design, where an interim analysis
of the data is performed after treating each cohort of
patients.

I A new decision on optimum PK sampling times and on the
dose allocation is made for the next cohort based on the
updated knowledge of the PK and PD responses.

I We support the choice of dose levels by additional
information on the concentration of the drug in plasma.
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INTRODUCTION

I Recently, interest has grown in the development of dose
finding methods incorporating both toxicity and efficacy as
endpoints. Such trials are often seamless phase I-II trials.

I We introduce a new method which along with efficacy and
toxicity as endpoints also considers PK information in
dose-escalation.

I The goal is to develop an efficient dose finding method that
exposes only a few patients to either sub-therapeutic or
toxic doses.
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POPULATION PK APPROACH
Pharmacokinetics: One Patient
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POPULATION PK APPROACH
Pharmacokinetics: Two Patients
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POPULATION PK APPROACH
Pharmacokinetics: Many Patients
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POPULATION PK APPROACH
Model with Random Effects

yij = η
(
tj,θi

)
+ eij, j = 1, . . . , ni, i = 1, . . . , n.

The model parameters can be expressed as functions of the
population mean parameters and random effects which
represent population variability.

We can write

θi =

 g1(β, bi)
...

gp(β, bi)

 ,

where gl, l = 1, . . . , p, can be linear or non-linear functions of
fixed and random effects.
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POPULATION PK APPROACH
Model with Random Effects

We assume that

bi ∼ N p2(0,Ω), ei|bi ∼ N ri(0, σ
2
eI),

where ei denotes the vector of random errors for subject i.

We denote by Ψ a vector of all the model parameters of
interest, that is

Ψ = (βT,λT)T ∈ Rp̃,

where p̃ = p1 + p3 + 1 and p3 = p2(p2 + 1)/2 is the number of
variances ωi and covariances ωij of elements of bi,

βT = (β1, . . . , βp1) and λT = (ω1, . . . , ωp2 , ω12, . . . , ωp2−1,p2 , σ
2).
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POPULATION PK APPROACH
Design Issues

An experimental design for a single subject can be written as

ξi =
{

t1, . . . , tni

}
.

The experiment is performed over a sample of subjects and the
design for n subjects is denoted by

ζ =
{
ξ1, . . . , ξn

}
if each subject follows a unique design.
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POPULATION APPROACH
Design Issues

If subjects are divided into G groups and each group follows a
different design, then

ζ =

{
ξ1 . . . ξG

w1 . . . wG

}
where, w1, . . . ,wG are the group sizes, that is

∑G
g=1 wg = n.

Another special case is that all subjects follow the same design.
Then

ζ =

{
ξ
n

}
We call ζ a POPULATION DESIGN.

12 / 33



POPULATION APPROACH
Design Issues

If subjects are divided into G groups and each group follows a
different design, then

ζ =

{
ξ1 . . . ξG

w1 . . . wG

}
where, w1, . . . ,wG are the group sizes, that is

∑G
g=1 wg = n.

Another special case is that all subjects follow the same design.
Then

ζ =

{
ξ
n

}
We call ζ a POPULATION DESIGN.

12 / 33



POPULATION PK APPROACH
D-optimality

We are interested in efficient estimation of the model
parameters Ψ and we choose the D-criterion for finding
optimum designs.

The criterion of optimality is defined as

Φ(ζ,Ψ) = log det M(ζ,Ψ),

where M(ζ,Ψ) denotes the Population Fisher Information
Matrix for Ψ.

The Population D-optimum design ζ? maximizes this criterion.
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DERIVED PK PARAMETERS

I Area under the curve: h1(θi) =
∫∞

0 η(t,θi)dt

I Time to maximum concentration: h2(θi) = tmax(θi)

I The maximum concentration: h3(θi) = η(tmax,θi)
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DOSE-RESPONSE MODEL

Zhang et al (2006), Stats in Medicine
We consider three possible responses to a given dose:

y0 - no efficacy and no severe toxicity (“neutral”),
y1 - efficacy and no severe toxicity (“success”),
y2 - severe toxicity (“failure”).

We assign probabilities ψi(x, ϑ) to each of the responses, at a
given dose x, such that:

ψ0(x,ϑ) - decreases with dose,
ψ1(x,ϑ) - decreases or increases with dose or has a

proper extremum,
ψ2(x,ϑ) - increases with dose and

ψ0(x,ϑ) + ψ1(x,ϑ) + ψ2(x,ϑ) = 1.
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DOSE-RESPONSE MODEL

The continuation ratio model of Fan and Chaloner (2004), JSPI,
is used to model the responses, and is given as

log
(
ψ1(x,ϑ)
ψ0(x,ϑ)

)
= ϑ1 + ϑ2x

and

log
(

ψ2(x,ϑ)
1− ψ2(x,ϑ)

)
= ϑ3 + ϑ4x,

where ϑ = (ϑ1, ϑ2, ϑ3, ϑ4)
T is the vector of parameters to be

estimated.
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DOSE-RESPONSE MODEL
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ADAPTIVE DESIGN
Stage k of the Design

Step 1 Treat a cohort of size c with the current best dose.
Step 2 Obtain the PK responses at the population

D-optimal sampling time points.
Step 3 Observe the dose-response outcomes.
Step 4 Estimate PK and dose-response parameters and

update the fitted models.
Step 5 Select the best dose for the next cohort based on

the chosen criteria.
Step 6 Stop the trial if one of the stopping rules is met,

otherwise set k = k + 1 and repeat Steps 1-5.
Step 7 Carry out a complete analysis of the data to

recommend a dose for further studies.
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ADAPTIVE DESIGN
Dose Selection Criteria

Denote ϑ̂k = (ϑ̂k1, ϑ̂k2, ϑ̂k3, ϑ̂k4)
T . We select the dose xk+1 for the

next cohort of patients so that

xk+1 = arg max
x∈X

ψ1(x, ϑ̂k),

subject to the conditions that

ψ2(xk+1, ϑ̂k) ≤ γ

and

h1(xk+1, β̂k)− AUCtarget

ŝd
(
h1(xk,θi)

) ≤ δ,

where γ is the accepted level for the probability of toxicity and
δ = 1/ψ1(xk, ϑ̂k).
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ADAPTIVE DESIGN
Stopping Rules

I Stop the trial when either of the following two happens:
I the same dose is repeated for r cohorts;
I the trial reaches the maximum number of m cohorts.

I For early stopped trials, the optimum dose (OD) is defined
as the dose that has been repeated r times.

I For trials that reach the maximum number of cohorts m, we
carry out a complete analysis of the data, and define OD
as the dose that would be allocated to cohort (m + 1) if that
cohort were in the trial.
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EXAMPLE
One-compartment PK Model with Bolus Input and First Order Elimination

yij =
x
Vi

exp
(
−Cli

Vi
tij

)
+ εij,

where i = 1, . . . , n , l = 1, . . . , ni, yij is the concentration of a
drug in the blood for the ith individual observed at time tij, x is
the dose received and θi = (Vi,Cli)T is the vector of
parameters: volume of distribution and clearance.

I Assumptions:
I θi = β + bi, where β = (V,Cl)T is the vector of mean

population parameters and bi = (bVi, bCli)
T is the vector of

random effects.
I bi ∼ N 2(0,Ω), where Ω is a diagonal matrix with σ2

1 and σ2
2

on the diagonal.
I εi ∼ N ni(0, σ2I).

I The vector of population parameters to be estimated is
Ψ = (V,Cl, σ2

1, σ
2
2, σ

2)T .
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SIMULATION SETTINGS
I The available doses are X = {0.5, 1.0, . . . , 10.0} and each

trial starts with the lowest dose 0.5 mg/kg.

I Four hypothetical dose-response scenarios are
investigated assuming the same PK profile.

Table: Parameters for simulating PK responses

V Cl σ2
1 σ2

2 σ2

0.5 0.06 0.004 0.00005 0.000225

I For the initial four cohorts in each of the trials, doses are
selected based on an up-and-down design.

I The sampling time for PK responses is assumed to be
from 0 to 30 hours.

I Blood samples are obtained from the ith patient in each
cohort of size c = 3 at the ni = 3 optimal time points,
obtained using the software PFIM 3.2.
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SIMULATION SETTINGS

I The accepted level for probability of toxicity is γ = 0.2.

I AUCtarget is set as the AUC at true OD in the scenario.
I Assume r = 6 and m = 20.
I We apply a joint uniform prior distribution for ϑ for

Bayesian estimation the dose-response parameters.
I The design is not allowed to skip more than one dose level

at a time during the trials when the dose level is increased.
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OPTIMUM DOSE AND DOSE ALLOCATION

Scenario 1 with the OD as 0.5.
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OPTIMUM DOSE AND DOSE ALLOCATION

Scenario 2 with the OD as 5.5.
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OPTIMUM DOSE AND DOSE ALLOCATION

Scenario 3 with the OD as 6.5.
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OPTIMUM DOSE AND DOSE ALLOCATION

Scenario 4 with the OD as 10.0.
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DOSE-RESPONSE PARAMETER ESTIMATES

Box plots of the dose-response parameter estimates for scenario 3
obtained from simulations. The dotted horizontal lines indicate the
respective true parameter values used in the simulations.
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PK PARAMETER ESTIMATES

Box plots of the PK parameter estimates for scenario 3 obtained from
simulations. The dotted horizontal lines indicate the respective true
parameter values used in the simulations.

29 / 33



AVERAGE NUMBER OF COHORTS

Average number of cohorts used in different scenarios by two
different dose allocation scheme.
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% OF BEST AND TOXIC DOSES RECOMMENDED

%BD %TD
Scenario Best Doses PK No PK PK No PK

1 0.5 99.0 52.8 0.6 32.5
2 5.5 and 6.0 80.2 66.2 0.9 8.0
3 5.5 - 7.5 91.8 87.1 0.0 2.5
4 10.0 47.9 46.3 0.0 0.0

Percentage of best doses recommended for further studies
(%BD) and percentage of doses recommended as optimum,
but carrying the probability of toxicity above the maximum
allowed threshold (%TD)
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CONCLUSIONS

I The new design has been found to limit over- and
under-dosing by a considerable amount depending on the
location of true OD.

I The OD has been identified more accurately when the PK
information has been applied.

I The design assigns more patients to the most relevant
doses during the trials with PK information applied.

I PK parameter estimates are very precise.
I The bias and mean square error of most of the

dose-response parameter estimates from the PK guided
approach are similar to that of the other approach.

I The design is less costly, efficient and ethical.
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THANK YOU

33 / 33


	Introduction
	Population PK Approach
	Model with Random Effects
	Optimality Criterion

	Dose-Response Model
	Adaptive Design
	Dose Selection Criteria
	Stopping Rules

	Example
	Conclusions

