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Abstract

AN ADAPTIVE DOSE FINDING DESIGN (DOSEFIND) USING A NONLINEAR
DOSE RESPONSE MODEL
By James Michael Davenport, PhD
A Dissertation submitted in partial fulfillment of the requirements for the degree of Doctor
of Philosophy at Virginia Commonwealth University.

Virginia Commonwealth University, 2007

Major Director: R. K. Elswick
Interim Department Chair, Biostatistics

First-in-man (FIM) Phase I clinical trials are part of the critical path in the development of
a new compound entity (NCE). Since FIM clinical trials are the first time that an NCE is
dosed in human subjects, the designs used in these trials are unique and geared toward
patient safety. We develop a method for obtaining the desired response using an adaptive
non-linear approach. This method is applicable for studies in which MTD, NOEL,
NOAEL, PK, PD effects or other such endpoints are evaluated to determine the desired
dose. The method has application whenever a measurable PD marker is an indicator of
potential efficacy and could be particularly useful for dose finding studies. The advantages

in the adaptive non-linear methodology is that the actual range of dose response and lowest

vii



Vi
non-effective dose levels are more quickly and accurately determined using fewer subjects
than typically needed for a conventional early phase clinical trial. Using the nonlinear
logistic model, we demonstrate, with simulations, that the DOSEFIND approach has better
asymptotic relative efficiency than a fixed-dose approach. Further, we demonstrate that,
on average, this method is consistent in reproducing the target dose, that it has very little
bias. This is an indicator of reproducibility of the method, showing that the long-run
average error 1s quite small. Additionally, DOSEFIND is more cost effective because the
sample size needed to obtain the desired target dose is much smaller than that needed in the

fixed dose approach.



CHAPTER 1

1.0 Purpose of Early Clinical Tnals

First-in-man (FIM) clinical trials are the first time that a new compound entity (NCE) 1s
dosed in human subjects. Thus, FIM Phase I clinical trials are part of the critical path in the
development of an NCE, and the designs used in these trials are geared toward patient
safety. Based on Food and Drug Administration (FDA) guidelines (Estimating the
Maximum Safe Starting Dose in Initial Clinical Trials for Therapeutics in Adult Healthy
Volunteers, July 2005), the starting dose of FIM trials are identified from preclinical
animal studies. Typically, trials are conducted such that the dose is escalated in some
sequential manner until some prespecified dose level is attained or until unacceptable

adverse events are observed.

The FIM study 1s usually conducted with healthy normal volunteers (HNVs) using a fixed
set of predetermined dose levels. At each dose level HNVs are randomized to receive
either a single dose of the NCE or placebo. Each dose level or cohort starting with the

lowest dose and proceeding in an ascending manner is evaluated for safety before the next
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cohort is dosed with the NCE. Exceptions to FIM studies that use HNVs are trials that are

conducted with cytotoxic compounds or monoclonal antibodies. The primary objectives of
FIM trials are: the discovery of the maximum tolerated dose (MTD), the no effect level
(NOEL), the no adverse effect level (NOAEL), characterization of the pharmacokinetics

(PK) and, secondarily, the pharmacodynamics (PD) of the NCE (Ting, 2006).

An accurate assessment of the MTD is crucial to the safety of patients in later stage clinical
trials. Likewise, measurement of the pharmacokinetics is essential to the understanding of
the rate and extent of exposure and the NCE half-life. Data from FIM studies will be used
to define appropriate dosing intervals so that hazards associated with repeat dosing, such as
drug accumulation in the body, are avoided. The NOEL and NOAEL, which may not
necessarily occur at the same dose level, provide information regarding the therapeutic and
safety dosing window. Thus, a major concern in these types of trials is the safety of the
participating subjects (Zhou, 2004). Typical sample sizes of an FIM trial are small, ranging
from 20 to 50 subjects. Typically, a fixed range of doses are predefined by the sponsor,
where single doses are given in an ascending order where d; <d, < ... <d,.Often one or

two subjects at each dose level is given a placebo for control purposes (Zhou, 2004).



1.1 Current State of Early Stage Clinical Trials

Current conventional statistical methods for FIM trials include the ‘3 + 3’ design
(Schroeder, 2002), Coin up-and-down methods (Stylianou, et al., 2004) and the continual
reassessment method (CRM; O’Quigley, et al., 1990), which will be described in

Section 1.3. The 3+3 and Coin up-and-down methods are based on a frequentist approach,

while the CRM is generally based on a Bayesian approach.

In the Bayesian model the parameter of interest is believed to follow some known prior
distribution. The distribution is not necessarily based on prior data, but can be based on the
beliefs of the investigator. Hence, the resulting statistical inference is subjective. In
contrast, the frequentist approach assumes no prior information about the parameter of
interest beyond information provided by the study (Bickel and Doksum, 2001), but rather

the method is based on model assumptions and empirical observations.

The traditional design used in phase I oncology is the 3+3 design where the MTD is
identified from the data. The 343 design is a dose-escalation design, and the starting dose
is typically the human equivalent dose of 1/10th the MTD in the most sensitive animal
species. Three subjects, usually healthy normal volunteers (HNV) are dosed, concurrently.

The dose escalation procedure is as follows:

. start at the lowest dose d; and dose three subjects;
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. repeat dose d; with three additional subjects, if one of the initial three subjects
had a DLT;
. stop the study if two or more subjects displayed a DLT or;

« 1fno DLTSs were observed then escalate to dose d;+.

The algorithm iterates moving the dose up or down depending on the number of toxicities
observed, and the MTD is defined as the highest dose studied with less than, say, one-third
toxicities. Reiner et al. (1999) showed that the probability of recommending the MTD at
the end of the trial never exceeded 44% for the 343 design. A recent example of the 3+3

design approach can be found in a study by Ryan, et al. (2004).

Hutmacher et al. (2005) describes another type of FIM trial in which subjects are given
single doses of a treatment in a rising fashion. Hutmacher provides an example where
HNV’s were assigned to receive one of seven ascending dose levels with a multiplier on
each succeeding dose level of 1x, 3.3x, 10x, 26.7x, 53.3x, 106.7x and 160x, respectively.
In this design, eight subjects per group were assigned to each dose level and then
randomized in a cross-over fashion to a sequence of either active treatment/placebo or

placebo/active treatment.

Coin up-and-down methods are non-parametric and are used to find the MTD, at which the
probability of toxicity is I', where I (the level of risk) is pre specified by the sponsor. For

[ <0.5, the Biased Coin up-and-down (BCD) steps down by a dose level if a DLT is
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observed at the previous dose, and randomizes with probability b=1"/ (1- I') to the next
higher dose and probability 1- b to the same dose if no DLT is observed at the previous
dose. For I'> 0.5, the BCD steps up a dose if no DLT is observed at the previous dose and
randomizes with probability b = (1- I')/T" to the next lower dose and probability 1 - b to the
same dose if a DLT is observed at the previous dose. The BCD assigns a dose to the next
subject only after evaluation for the last dosing period is completed. If n subjects are
required to complete the study, then the study will require at least n evaluation periods. In
the BCD, as in conventional designs, subjects are dosed sequentially, and escalation only

occurs when no toxicities are observed.

BCD designs have advantages of being nonparametric, having a workable finite
distribution theory, and being simple and intuitive to implement. They generate a cluster of
doses around the quantile of interest and possess some optimality properties (Durham and
Flournoy, 1994). Durham et al. (1997) describes a random walk approach where dose-
levels are sequentially allocated. Here, subjects are assigned the next higher or lower dose
from a finite set of dose levels. The assignment to a dose level can be based on a
probability distribution as well as the patient response. Thus, as Durham et al. point out,

the BCD described above is a special case from the set of random walk designs.



1.2 Review of the Continual Reassessment Method

The original Continual Reassessment Method (CRM; O’Quigley, 1990) was suggested as
an alternative approach to dose finding trials. While the CRM is based on a fixed set of
dose levels, data are evaluated from one dose at a time in a Bayesian approach. Thus, in
contrast to the typical dose response trials, the CRM does not have a fixed sample size.
Additionally, the CRM application does not include a placebo dose group, and its
application is usually in oncology trials where treating terminal patients with placebo is

considered unethical.

Generally, a goal of dose response trials is to define or describe the shape of the dose

response curve. The CRM seeks to estimate a shape parameter on a given dose response

function, say ¥ (x;,0), where x; is the dose level and 6 is the shape parameter. However,

this response curve is based on the observance of adverse events, which do not necessarily
coincide with a clinically relevant efficacy response. Therefore, as only toxicity has been
observed additional studies are still needed to determine if there is any clinical utility for

the NCE under investigation.

The CRM, estimates the MTD as the dose level that yields a particular target proportion of
responses for a predefined set of doses and a binary response. The method operates by
updating the posterior distribution of the model parameters after observing each response.

The dose for the next patient is chosen as the dose with (Bayesian current) probability of



toxicity closest to the target response level. Several modified CRM approaches that
mitigate risk of toxicity exposure above acceptable limits have been developed and
implemented (O’Quigley, et al. 1990; Faries, 1994; Korn, et al., 1994 Goodman et al.,

1995, Piantadosi et al. 1998, Potter 2002). O’Quigley, 1990

6
uses ¥ (xi,ﬁ) = {[tanh (xl. ) + 1} / 2} because the hyperbolic tangent has a sigmoidal shape

which will be sharper and more distinct for increasing values of the shape parameter €. An

example of this is presented in Figure 1.1 below:

Figure 1.1: Dose Response Curves for Values of Theta
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To apply the CRM, a prior distribution function, or g(t?) , must be determined. Often in

the Bayesian approach, the prior distribution is based on data obtained from previous trial
experience. In the absence of any previous data, a non-informative prior can be applied. In

the case of the CRM, the prior is defined as:

-6
g@)=e

The probability distribution of response Y given € is:

. e ) a J’j)
JX16)=9(x(j).y j,0) =y j(x(), 1=y (x()),0)} ,
where x( ) denotes the dose used in the i step.

In order to estimate the shape parameter, the posterior distribution must be obtained. The

posterior distribution is the conditional density of & given ¥, = y,,Y, =y,,....Y, =y,.

Once the posterior distribution is calculated, the CRM estimates the posterior Bayes

estimator, @ (the shape parameter). The posterior distribution is defined as:



j
2(0) 11 ptx(1), v, 14}
1O1Y,=y)=—L=1 ,

J
Jg(w) T1 ¢tx(D), y;» piou
0 I=1

and the posterior Bayes estimator with respect to the prior distribution g (&) is defined as:

u=EB] YY), .Y )= éef(ale =y ;)96

In order to begin estimation, the initial estimates for(8,x,) are chosen, which allow the

evaluation of the dose response. To illustrate, suppose dose levels associated with the

toxicity probabilities for & =1 are as given in Table 1.1.

Table 1.1: Example Dose Levels and Associated Toxicity Probabilities for € =1

1 1 2 3 4 5 6
Xi -1.47 -1.1 -0.69 -0.42 0.0 0.42
[tanh(xj)*+1]/2 | 0.05 0.1 0.2 0.3 0.5 0.7

negative dose these data have been scaled in some fashion.

The data in Table 1.1 are from O’Quigley (1990), and since it is not possible to give a




10

Solving the posterior distribution requires recognizing the following:
1. The numerator is a product of the probability of response that is:

YG().0). fory ;=

Hx())sy ;0= I=¥(x()).0), fory;=0

2. This product is multiplied by the prior distribution g(8).

3. The denominator integrates to:

1
l—log((tanh(xl.)+l)/2)

, when Y, =1 and

log((tanh(xl.)+l)/2)

,when y.=0
log((tanh(xl.)+l)/2)-—l ’

For the first dose level, no toxicity was observed (YI = O) , the posterior distribution

resolves to 1.62e_0[1 - (tanh(x1)+ 1)/2], then solving for the Bayes estimator gives £ =

1.38.

Finally, a decision as to which dose to give to the next subject must be determined. This is
accomplished by choosing the dose x;, which is closest to i ;i ,(6) for the value of L
obtained from the current iteration of the Bayes estimator. The new recommended dose is

—0.39 and the dose closest to this value is chosen for the second dose level, which 1s —0.42

(dose level 4). At this point, the process iterates again.



11

For the second dose level, no toxicity was observed (¥, =0) and the posterior distribution

resolves t01.31e_9[1 — (tanh(x1)+1)/ 2]2 . The Bayes estimator is found to be ¢ =1.18,

the new recommend dose i1s —0.47 and the dose chosen for the third dose level is —0.42 or

dose level 4.

The CRM is designed to find the dose that results in observing toxicity at the desired pre-
specified level. This is accomplished through estimation of the Bayes estimator, which in
this case is the shape parameter of the dose response function. At any point in the study,

the next dose must be either the current dose or the dose immediately prior to or

succeeding the current dose (xl. _pXporX g ) ; small steps can potentially make reaching

the desired dose response a slow and tedious process. Further, with fixed dose levels, it
may not be possible to obtain a true estimate of the desired result as the optimal dose may
be either below or above the specified set of dose choices. Since dose response curves tend
to be non-linear (often sigmoidal) in nature, a linear approach is only useful if the choice of
dose levels was fortuitous enough to be in a linear portion of the sigmoidal curve If dose
response is measured in terms of DLT, and the response curve is well-behaved, and the
predetermined set of doses chosen contains the MTD, then the CRM can do a reasonable
job of estimating a safety dose response curve. However, there is a need for a method that

can handle more complicated cases for the multi-parameter model. In this case, the CRM
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is not likely to provide the desired result, and a non-linear approach is needed to handle

more complex models.

O’Quigley (1990) gives an example for the case of the TD20 (i.e., the dose at which there
1s a 20% chance of observing a DLT), in which doses are administered to one patient at a

time. The probability of a DLT at a dosed,, is given by z,, i =1,...,n. Initial choices or
priors for each 7, are generated by the sponsor. The dose-escalation procedure starts with

a dose at which the initial chosen probability of a DLT is closest to 0.2. Once “r” responses
have been observed, the estimated probability of a DLT (posterior probabilities) at each
dose is updated using Bayes theorem. The (r + 1)™ patient will be administered the dose at
which posterior probability of a DLT is closest to 0.2. This process continues until the

maximum sample size has been reached.

In practice, the original format of the CRM has rarely been used due to ethical concerns
(e.g., Korn, 1994). For example, the starting dose in the CRM might be a dose in the
middle of the dose range. Several authors (Korn, 1994; Faries, 1994; Goodman, 1995,
Piantadosi et al., 1998; Potter, 2002) have recommended modifications to the CRM. These
modifications avoid exposing the first subject to high doses and minimize the risk of
assigning patients to higher, more dangerous doses than the target dose or upper bound

identified in pre-clinical studies. The two-stage version of the CRM starts at the dose d,

and escalates one dose step at a time until the first toxicity is observed. Once the first

toxicity appears, the second stage in which the CRM is used begins.
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O’Quigley and Shen (1996) incorporated the concept of a two-stage version of the CRM
with a likelihood approach, referred to as “The Likelihood CRM” (CRML)). In the first
stage, one patient is dosed at a time, and in the second stage, three subjects are dosed at the
same time. From this point on, the CRML uses a likelihood form to calculate the
probability of a DLT. The CRML is thus no longer a Bayesian method. Thus, the updated
CRML still has the same limitations of the original method in terms of a pre-specified set
of dose levels that contains the MTD. Additionally, there is still a need to estimate cases
where multi-parameter models are needed, and the CRML (like the CRM) is not equipped

to do this.

Piantadosi et al. (1998) present a modified approach to the CRM. In their modification the
true dose-toxicity measured as a dichotomous variable is modeled against dose as a logistic
regression model. The dose-toxicity is defined to be present if a grade 3 or 4 is observed

and absent otherwise. Then the probability of toxicity 1s modeled as,

-1
-pld—-d
Pr{toxicity]=|1+e ( 50) ,

where d is the dose used and d, is the dose for which the probability of a toxicity is one-

half. The parameters B and 5}50 are estimated from preliminary data and for subsequent
doses by updating the estimates of the model parameters and estimating d,,, the dose at

which the probability of toxicity is 30%, as
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~ ~ 0.3 A
d..=d., +log| —— .
30 50 g(l—O.?))/ﬂ

This procedure is repeated until the target dose changes by less than 10 percent. This
method does not require a fixed set of doses or a fixed sample size. Also the target dose for
each new group of patients is computed from the parameter estimates of the data from
previous doses. Since estimating parameters of a logistic regression model heavily depends
on the distribution of successes and failures, sparse cells do not often provide reliable
estimates. Piantadosi, et al, neither discuss this issue in their article nor provide estimates
of variance for the doses in each step. Moreover, when there are no toxicities in some cases
they suggest using data from other trials to improve on the estimates. This is often not
practical, especially in first-in-man trials. The method developed herein named
DOSEFIND will also employ the features of no fixed set of doses or sample size. In
addition, the DOSEFIND uses a non-linear model approach and uses a PD marker for
examination of efficacy. A more complete discussion of the differences in the two methods

is presented in Chapter 4.

Potter (2002) consider the sparseness of toxicity and proposes an improvement to the
Piantadosi method. This method, termed adaptive dose finding algorithm, consists of two
stages. In the first stage, doses are escalated in a fixed order. The second stage begins

when a DLT is observed. According to this method, three patients are used for each dose

sampled. The dose response model is log(p/1— p)=A+Blog(d), where p is the DLT
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probability and A and B are constants that are updated during stage two. Additionally, two
stopping rules have been considered

» At least nine patients treated in stage two; at least three DLTs must have been

observed; the estimated variance of log( p/1— p)at the MTD must be less than

0.4.
- At least nine patients treated in stage two at least four DLTs must have been

observed; at least 18 patients must have been treated.

Although this addresses the issue of fitting models to non-existing toxicities, the issue of
reliability is not well addressed and the focus remains only on toxicity. Unlike the
DOSEFIND, which uses a nonlinear approach, a logistic regression is used by Potter to
determine the next dose. Additionally, the DOSEFIND, method in contrast, is specifically
designed for determining the dose for a specified efficacy target. The outcome therefore is
not necessarily a dichotomous outcome and often is a continuous outcome. This allows the
method to implement a confidence interval around the target dose to set criteria for finding

the appropriate dose.

1.3 Adaptive Clinical Trials Design

An adaptive design is defined as a multistage study design in which accumulating data is

evaluated in order to decide how to modify aspects of the study without undermining the
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validity and integrity of the trial (Dragalin, 2006). In adaptive designs, a main objective for

examination of accruing data is to allow implementation of an adaptation that will govern
some aspect of the conduct of the remainder of the trial (Gallo et al., 2006). A number of
adaptations have been suggested (modification of the planned sample size, patient

population, primary endpoint, trial hypothesis, treatment regimen, statistical analysis plan

and randomization allocation (Gallo, 2006)).

Hence, an adaptive design requires multiple stages with access to the accumulated data
with at least one of the following rules applied to each review of the data: allocation rule,
(how patients are assigned to different arms of the study), sampling rule (how many
patients are to be treated in the next stage), stopping rule (when or how to stop the clinical
trial) and decision rule (changes that are made to the study other than the three rules
previously mentioned) (Dragalin, 2006). Further, this methodology has been developed to
include varying the number and timing of interim analyses and early stopping rules. The
newer adaptive designs also allow for even broader design modifications (such as,
changing the endpoint, switching between superiority and non-inferiority, discontinuation

of treatment arms, etc.) of ongoing clinical trials.

In this Section a description of the salient adaptive designs is presented. In Section 1.3.1,
group sequential, optimal two-stage designs and the linkage of these clinical trial designs
to the adaptive dose response approach are discussed. In Section 1.3.2, the seamless

design, which typically combines objectives from separate trials into one design, is



17

described. In Section 1.3.3, the application of sample size modifications to adaptive
designs is discussed. In Section 1.3.4, adaptive designs where treatment arms are
discontinued are described. In Section 1.3.5, adaptive designs that consider computation of
confidence intervals are reviewed. Finally, in Section 1.3.6 dose response adaptive designs

are discussed.

1.3.1 Adaptive Group Sequential Designs

Based on Dragalin’s rules, group sequential designs would be the considered adaptive
designs. The European Agency for the Evaluation of Medicinal Products EMEA (2006)
subscribes to this definition by acknowledging that group sequential designs have been
developed to avoid inflation of type I error associated with repeated testing of treatment

effects based on accumulating data.

Thall and Cheng (2001) present optimal two-stage designs based on a multivariate group
sequential hypothesis test including both safety and efficacy outcomes. This approach,
using both safety and efficacy, requires more patients than approaches designed to evaluate
efficacy alone. Hence, this particular method may be more suited to oncology trials where
survival is of interest and an example of this type is discussed in the paper. Emerson
(2006) provides a link between group-sequential designs and adaptive designs. Emerson

points out that sequential methods can be divided into two overlapping categories:



18

‘prespecified’ sequential sampling plans and ‘adaptive’ sampling plans. The in the adaptive

approach the sampling plan is redesigned during the clinical trial.

There is sizeable overlap in the characteristics of adaptive clinical trials. For example,
updating the sample size may be seen as changing a stopping rule. Modification of the
measure for describing treatment effects, likely entails a change in the statistics and
inferential methods. One could also argue that increasing the sample size to power a study

to detect a different alternative is changing the hypothesis.

Jennison and Turnbull (2006) provide additional linkage between group sequential and
adaptive designs. That is, group sequential designs sample the first stage, then evaluate the
data, and then make a decision to stop or continue. Adaptive two-stage designs perform the
same task, but choose new sample sizes and stopping boundaries based on the data from
the first stage. Further, evidence of the relationship between adaptive designs is seen in the
small improvement of optimal adaptive designs over group sequential designs.

The goal in all of these designs is to determine a superior dose through hypothesis testing;
these designs do not evaluate the non-linear characteristics of dose response.

Each of these designs dose share the common feature of repeat analysis on accumulating

data to determine the next step in the trial.
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1.3.2 Seamless Adaptive Dose Response Designs

In a seamless design, objectives that are typically addressed in separate trials are
coordinated into a single study. In the adaptive seamless case, the final analysis is
performed on patients from both before and after any adaptations to the study. In Phase
[I/111 seamless designs, a major advantage is that it allows data from the learning phase
(Phase II) and the confirmatory (Phase III) study to be combined. This also helps in
long-term safety evaluation as patients in the learning phase continue in the study for a

longer period than would otherwise be the case (Maca, et al., 2006).

Bischoff and Miller (2005) demonstrate a two-stage adaptive design with a minimal
number of patients in which they control the type I error rate, detect a given clinically
relevant difference in the means (if it exists), and controls for the probability of an inferior
treatment being chosen after stage one. Bischoff’s approach performs standard hypothesis
testing and is not non-linear in nature. Bauer and K6hne (1994) proposed an adaptive
interim analysis procedure designed to combine the p-values from tests before and after a
preplanned adaptation into a single test statistic controlling the overall a-level. This
approach assumes a fixed sample size, performs standard hypothesis testing and is not a

non-linear approach.

Thall et al. (2001) proposed a sequential Bayesian phase 1I/I1I design. This design was

based on survival time, discrete early events related to survival and a mixture model. The
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decision to stop early, stay in phase Il or move to phase 1l was assessed in the phase 11
portion of the design. This is a confirmatory rather than dose-response design (survival is

the desired outcome) and it is not a non-linear method.

Todd and Stallard (2005) present a frequentist approach to seamless phase 1I/11I studies
design. In this design, it is presupposed that a short-term endpoint is available at the phase
II stage, but a long-term endpoint is not available. Further, the short-term endpoint must be
a reasonable surrogate for determining the selected treatment for phase 111, and it is
presupposed that the long-term endpoint is only of interest in phase III. This method is not
designed to evaluate the dose response curve, but rather to move one of several dose levels

from a phase Il to a phase III trial based on hypothesis testing results.

Wang (2006) proposes an approach where the best of several treatments from a phase 11
learning study are selected for a phase Il pivotal study. This is essentially a drop-the-loser
method, but with the added application of using the conditional error function for
determination of the type I error function in pivotal studies based on information from the

learning stage.

Seamless designs evaluate the data from the learning stage to continue into the pivotal
stage. This includes the evaluation of a fixed set of doses with hypothesis testing to decide

which dose levels give the response of interest for study in the pivotal stage of the trial.
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Seamless designs are not evaluating dose response curve and are not non-linear in

approach.

1.3.3 Adaptive Dose response Designs — Sample Size Modifications

One major consideration of the adaptive design is to allow for sample size modifications,
which reduces the risk of an uninformative outcome due to an underpowered trial (Golub
H., 2006). Cui et al. (1999) propose a method for a new group sequential test that preserves
the type I error rate and allows for increasing the sample size. This is applied to traditional
group sequential designs in which hypothesis testing is of interest. Miiller and Schéfer
(2001) propose blending adaptive and group sequential designs by allowing changes to the
sample size, the alpha spending function and the number of future interim analyses. These

changes can be made at each occurrence of an interim analysis.

Banerjee and Tsiatis (2006) consider two-stage designs in which the sample size and the
rejection rule are dependent upon the results of the first stage. They present a two-stage

adaptive design that minimizes the average sample size under the null hypothesis. These
are all traditional study designs in the sense that a hypothesis test is used to determine if
the treatment is better than placebo and is not a dose-response approach where the dose-

response curve is determined. Mehta and Patel (2006) propose an adaptive approach to
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sample size re-estimation for group sequential clinical trials that do so without inflating the

type I error.

Proschan and Hunsberger (1995) suggest a double sampling method approach that uses
information from the significance of treatment differences from the first stage to determine
the additional sample needed and the critical value to use at the end of the study. This is
done by using an increasing conditional error function that specifies the amount of type I
error rate for the second stage of the study. Lehmacher and Wassmer (1999) define a
method based on classical stopping boundaries that simultaneously permits sample size re-
estimation based on observed data. The method is based on the inverse normal method of
combining independent tests to generate an exact solution for the unknown variance and

sample size between stages in the trial.

Liu and Chi (2001) provide a sample size re-estimation approach that protects the type I
error rate, produces the desired statistical power and limits the total sample size. This is
done by extending the conditional error function from Proschan and Hunsberger to the

general case.

All of the designs in Section 1.3.3 use hypothesis testing of a clinical endpoint to
determine superiority of a treatment and take steps to ensure the maintenance of the o-

level, but are not estimating a dose response curve. However, what is common to our



23

method is the combining of data gathered in previous steps with the current step to

evaluate the parameter of interest.

1.3.4 Adaptive Designs - Treatment Discontinuation

Hung et al. (2006) describe methodological issues in adaptive designs. One of their
considerations is allowing for elimination of ineffective treatment arms during clinical
trials. Treatments may be dropped due to lack of efficacy or poor safety profiles. This class
of designs is commonly called the drop-the-losers or play-the-winners rule. The remaining
sample size of a dropped dose level is reallocated to those dose levels still under
consideration. Konig et al. (2006) provide a hierarchical testing procedure starting with
the highest dose and proceeding down to the lowest dose only if the higher dose was

shown to be more effective than placebo.

Morita and Sakamoto (2006) provide simulation examples of treatment selection based on
a Bayesian approach. For the usual hypothesis of active equal to control, their results
indicate that selection of an active treatment that is actually comparable to placebo is
higher than expected. However, with regard to intolerable toxicity or poor efficacy, early
termination of a treatment arm could be expected. Hence, patients would be at lower risk to

exposure of ineffective treatments.



24

These designs can reduce the risk of exposure to ineffective treatments, but do not provide

an evaluation of the dose response curve.

1.3.5 Adaptive Designs — Confidence Interval Estimation

Another measure of interest is the construction of confidence intervals. Ford and Silvey
(1980) demonstrate that the construction of the confidence interval remains reasonable
even though a design is sequential in nature. Hartung and Knapp (2006) confirm this
method in self-designing clinical trials where repeated confidence intervals are derived for
the parameter of interest. The confidence interval can be calculated at each interim analysis
and always holds the predefined overall nominal confidence level. Moreover, the
confidence intervals calculated during the course of the trial are nested in the sense that a

calculated interval is completely contained in the previous intervals.

Mehrotra and Fan (2006) note that the application of repeated confidence intervals can be
applied to any type of adaptive trial design including those that include sample size

adjustment due to an update in the variance estimate.
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1.3.6 Adaptive Designs — Measuring Dose Response

Finally, we consider adaptive designs for measuring dose response. Early phase I trials can
all be considered dose response trials in some sense. Typically, these designs look to
choose an MTD from a fixed set of predetermined dose levels. Toxicity is measured in a
binary fashion as the observance or not of a DLT. Conaway, et al. (2004) present a method
for dose escalation when more than one compound i1s administered simultaneously. A

dosing approach for two compounds is presented in Table 1.2:

Table 1.2: Two treatments used in Phase I Trial: paclitaxel and carboplatin in patients with
solid tumors from Conaway et al., 2004.

Treatment (mg)
Compound 1 2 3 4 5 6
Paclitaxel 54 67.5 81 94.5 67.5 67.5
Carboplatin 6 6 6 6 7.5 9

When more than one treatment is given, the ordering of toxicity between treatments is
unknown. In the above case, one can not determine if treatment 3 is more toxic than
treatment 5 or 1if treatment 4 1s more toxic than treatment 6. This is because the dose
strengths of the two compounds are both different and the synergistic effect on toxicity
could be different. However, a partial ordering approach to the probability of observed of

toxicity can be applied. An example of partial ordering is presented in Figure 1.2.
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Figure 1.2: Example of two partial orders

Simple Order 1—2—3—4—5—6

3—-4

Partial Order 1 -2 <
5 -6

The next treatment to be dosed in the study is determined by examining the estimated
probability of toxicity associated with each treatment 7,. For a set T with more than one
treatment, then a choice is made based on the following rules:

o If Z,>7,,,Vte T, then choose the smallest t for the simple order. For the partial

order, if there is a tie for the lowest probability of toxicity, then choose randomly

from the candidates,
. If #,<7,,, foratleastoneze T then choose the largest dose level in T with
T, < TTppge Tor the simple order. For the partial order, choose randomly among all

te T that have the largest probability of toxicity.

The Conaway design is novel in its approach, is a Bayesian method with a fixed set of

doses, but it is not a non-linear design methodology.

Chang and Chow (2005) propose a hybrid frequentist and Bayesian methodology, is

essentially a variation of the CRM. The CRM is modified in that least squares means are
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used for estimation of all model parameters, and the Bayesian method is used for
re-estimation of the posterior distribution of some parameters. In the simulation, a

hyper-geometric model with three parameters and a non-informative prior for parametera,

was used:

—a,x
0.03x+a e 4 )~1’

p(x,a)=C(ae )

where a, €[0.06,0.1] and aj € [150,200].

— a<a,<bh
a4~g(a4): b—a 4
0, otherwise

In this example, Bayesian method was used to obtain the posterior distribution fora,. Also

applied was a method of randomization such that when patients were randomized to a
treatment, the probability that subsequent patients would be randomized to the same
treatment was reduced. This coupled with rules for drop-the-loser also being included
make this approach innovative in its design and execution. However, the method 1s applied

to a predetermined set of fixed doses and assumed toxicity probabilities.

Zhou et al. (2006) present a Bayes approach to a bivariate dose escalation design. In this
design a logistic regression is used to predict the probability of a DLT and a linear mixed

effects model for the desired outcome (DO). This approach allows for the DO to be
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continuous, albeit a linear response model, in addition to consideration of the usual binary

outcome of observation of a DLT for safety.

Bauer and Rohmel (1995) propose a multistage dose response design methodology. In this
hypothesis-testing design, a null hypothesis is tested based at each stage on the product of
all previous p-values less than the global critical limit. The global critical limit is based on
Fisher’s product test statistics. If Ho is rejected at an intermediate step, it is either
concluded that a dose-response exists or evaluations continue on to the next stage. The

dose levels and number of stages for such a design are a predetermined fixed set.

Adaptive designs in early clinical trials increase the possibility of exposing fewer patients
to ineffective treatments (dose levels below the NOEL), provide a better understanding of
dose response, and decrease the overall cost of drug development. Adaptive designs can
be model based in which patients are assigned to the next dose based on the response of
patients dosed at preceding dose levels. Adaptive designs can also provide a better
understanding of dose responsiveness, which leads to a better choice of doses going

forward into pivotal Phase III trials (Raymond et al., 2006).

Insufficient exploration of the dose-response is often a key shortcoming of clinical drug
development. Initial proof-of-concept (PoC) studies often rely on testing just one dose
level (e.g., the maximum tolerated dose) without much information on which to base the

decision, assuming “more is better” and hoping the “right” dose was selected. Hence,
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consideration of adaptive dose-response designs in exploratory development may lead to

better choices of dose selection for PoC studies (Gaydos et al., 2006).

None of the above methodologies described provide an approach to estimate the dose
response curve by non-linear methods. Our approach is not a hypothesis testi