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When is an adaptive design useful in

clinical dose-finding trials?
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Abstract

During the development process for new drugs, dose-finding trials

have to be conducted and the choice of their design is an important

issue. Traditionally, the standard design is a balanced design where

equally large groups of patients are treated with different doses of the

new drug or with a control. However, it has been identified that other

innovative designs might be more efficient: Optimal designs which use

non-balanced allocation to dose, and adaptive designs where the allo-

cation to the doses can be changed during the study based on results

collected earlier in the study. In a simulation study we will compare effi-

ciencies of balanced non-adaptive, optimal non-adaptive, adaptive two-

stage and fully sequential adaptive designs. In all situations considered

one can gain from applying optimal design theory. However, when mov-

ing from the optimal non-adaptive design to an adaptive design, there

are situations where the design is improved and other situations where

there is only a minor or no gain. Based on our considered situations, we

generalize our observations to answer when an adaptive design is useful.

Key words: Adaptive design; Clinical trial; Dose-finding; Efficiency; Fully
sequential design; Interim analysis; Optimal design; Two-stage design.

1 Introduction

The development process of a new drug is divided into several phases: In
Phase I, the tolerability of the drug is investigated in clinical trials and the
aim is to identify a maximal tolerated dose. As the Phase I investigations
often are conducted with healthy volunteers, no or limited information on the
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effect of the new drug is collected. In Phase II, patients are investigated.
The objective in Phase II is to show that the drug has effect, and to obtain
information about the dose-response profile. Often, a Phase II trial for dose-
finding includes some hundred patients. In Phase III, trials are conducted
comparing one chosen dose with placebo or with a control treatment (in some
cases also two or rarely three doses of the new drug are investigated in Phase
III). In Phase III trials, patients are usually treated during a longer time (if
a chronic disease is to be treated) and patients come from a broader patient
population than the Phase II trials. The dose-response profile estimated in
Phase II is important such that the dose(s) for the expensive Phase III trials
are chosen in the most adequate way.

It is therefore especially desirable to choose an efficient design for the
Phase II dose-finding trial. With a more efficient design, there may be the
opportunity to learn better about the new drug without increasing the number
of patients needed (sample size). Traditionally, a common design for a dose-
finding study allocates patients in a balanced way to placebo (or other control)
and to 3-5 doses of the new drug. The same number of patients are therefore
treated with each treatment out of 4-6 possible options. In recent years, the
discussion about adaptive designs became popular. The trial may be started
with a balanced design or with another design. After obtaining a certain
number of results, the data is analysed (interim analysis) and the design for
the remaining patients is chosen based on the results from the first patients.
For example, it might turn out that the doses investigated in the first part
(Stage 1) gave all similar and good effect such that the interest would be to
investigate smaller doses after the interim analysis (in Stage 2).

In the first years when adaptive design ideas were discussed in this context,
the usefulness of adaptivity had been overestimated. One reason was that
no comprehensive simulation-based or analytical comparisons were available.
Some small simulation studies which compared a non-adaptive design with an
optimized adaptive design in a specific situation often showed great benefit
of the adaptive design. However, a major shortcoming was that the adaptive
design was optimized - but the non-adaptive design was suboptimal. This
puts the non-adaptive design at a disadvantage but the interpretation was
anyway that the large gain was due to the feature of adaptivity alone. A
further shortcoming was the investigation of specific situations (sometimes
assuming variances for observations much lower than usual in clinical trials)
which turned out to be beneficial for the adaptation.

The organisation PhRMA (Pharmaceutical Research and Manufacturers
of America) founded a working group on adaptive dose-ranging studies which
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more comprehensively investigated these designs. They published their inves-
tigations in form of two white papers, see Bornkamp et al. (2007); Dragalin
et al. (2010). They investigate several non-adaptive and adaptive designs for
a variety of dose-response scenarios and compare different ways of analysing
the data. Their work shows the potential of innovative methods applied to
dose-finding. In some publications, situations were identified where the gain
of adaptations was limited, see Miller et al. (2007); Dragalin et al. (2010);
Jones et al. (2011); Dette et al. (2013); McCallum and Bornkamp (2015).

We will here in this simulation-based investigation quantify the gain of
several innovative design features, namely we first improve the traditional
balanced design as much as possible without using adaptations. When we then
add on adaptivity, we want to figure out what the adaptivity itself contributes
to the good properties of an adaptive design. Moreover, we consider two
different adaptive designs: a two-stage design with a single interim analysis
(as mentioned before) and a fully sequential design where each new patient
is assigned to a treatment determined based on all available data from the
ongoing study.

Consequently, we consider in this article the following four different types
of designs:

1. Balanced (non-adaptive) design with k treatment arms (placebo and
k − 1 doses). The number of patients in each treatment arm is equal.

2. Optimal non-adaptive design. Optimal dose allocation is done according
to knowledge prior to the study. Optimality is measured by a certain
criterion, which will be specified in Section 2.

3. Adaptive two-stage design (with optimal allocation). Allocation ratios
are updated once during the study. Two different optimal designs are
used before and after the interim analysis.

4. Fully sequential adaptive design (with optimal dynamic allocation). Op-
timal allocation for each patient based on all information which is col-
lected until the inclusion of this patient.

These four designs will be described with more details in Section 3.
In this article, we use a similar setting as considered by Miller et al. (2007);

Fackle-Fornius et al. (2015) but investigate other, varying scenarios of prior
knowledge. By this, we get a feeling in which situations an adaptive design is
useful.

3



31

more comprehensively investigated these designs. They published their inves-
tigations in form of two white papers, see Bornkamp et al. (2007); Dragalin
et al. (2010). They investigate several non-adaptive and adaptive designs for
a variety of dose-response scenarios and compare different ways of analysing
the data. Their work shows the potential of innovative methods applied to
dose-finding. In some publications, situations were identified where the gain
of adaptations was limited, see Miller et al. (2007); Dragalin et al. (2010);
Jones et al. (2011); Dette et al. (2013); McCallum and Bornkamp (2015).

We will here in this simulation-based investigation quantify the gain of
several innovative design features, namely we first improve the traditional
balanced design as much as possible without using adaptations. When we then
add on adaptivity, we want to figure out what the adaptivity itself contributes
to the good properties of an adaptive design. Moreover, we consider two
different adaptive designs: a two-stage design with a single interim analysis
(as mentioned before) and a fully sequential design where each new patient
is assigned to a treatment determined based on all available data from the
ongoing study.

Consequently, we consider in this article the following four different types
of designs:

1. Balanced (non-adaptive) design with k treatment arms (placebo and
k − 1 doses). The number of patients in each treatment arm is equal.

2. Optimal non-adaptive design. Optimal dose allocation is done according
to knowledge prior to the study. Optimality is measured by a certain
criterion, which will be specified in Section 2.

3. Adaptive two-stage design (with optimal allocation). Allocation ratios
are updated once during the study. Two different optimal designs are
used before and after the interim analysis.

4. Fully sequential adaptive design (with optimal dynamic allocation). Op-
timal allocation for each patient based on all information which is col-
lected until the inclusion of this patient.

These four designs will be described with more details in Section 3.
In this article, we use a similar setting as considered by Miller et al. (2007);

Fackle-Fornius et al. (2015) but investigate other, varying scenarios of prior
knowledge. By this, we get a feeling in which situations an adaptive design is
useful.

3

2 Model assumptions and objective of the trial

In our considered dose-finding trial we assume the possibility to use k treat-
ment arms: x0 = 0 (placebo) and k − 1 doses of the new drug 0 < x1 <
· · · < xk−1 ≤ xmax. We use in this article five doses x1 = 20, x2 = 40, x3 =
60, x4 = 80, x5 = 100 mg. A main aim of phase II in drug development is to
obtain knowledge about the dose-efficacy and dose-safety profile of the drug.
In this article, we focus on the dose-efficacy-profile, only. We assume that
the primary outcome measuring the drug effect of patient i in dose group d is
Ydi, d = 0, . . . , k − 1 following the Emax-sigmoid model,

Ydi ∼ N(f(xd, ϑ), σ
2)

with

ϑ = (E0, Emax, ED50, α)
⊤, f(x, ϑ) = E0 +

Emaxx
α

EDα
50 + xα

.

For modelling of both efficacy and safety, we refer to Magnusdottir and Nyquist
(2015) who consider a bivariate Emax model for simultaneous inference.

Here, we want to estimate the dose-efficacy in relation to placebo,

f(x, ϑ)− f(0, ϑ).

The placebo effect f(0, ϑ) is treated here as a nuisance parameter. However,
not all parts of the dose-response curve are of equal importance. Especially,
we do not need precision in estimates for the part of the curve with low effects
below some threshold of clinical importance, δ. Therefore, Miller et al. (2007)
used the following objective: if there exist doses within the dose range up to
xmax with an effect of at least δ compared to placebo, we want to estimate

f(x, ϑ)− f(0, ϑ), x ∈ [xδ, xmax],

where xδ is the dose with effect = δ, i.e. f(xδ, ϑ) − f(0, ϑ) = δ or xδ =
(δ/(Emax − δ))(1/α)ED50. If we have a drug without clinical relevant effect
up to dose xmax, we want to estimate the effect at the highest dose

f(xmax, ϑ)− f(0, ϑ).

This objective is illustrated in Figure 1. We call this objective ”estimation of
the interesting part of the dose-response curve”.

Given the described objective, we want to search for a good, or “optimal”,
design. To do this, we need to further formalize the objective and can then
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Figure 1: Objective of the trial: estimation of the placebo-adjusted effect
between smallest relevant and highest dose (left picture) or – if no such relevant
dose exists in the considered dose range – estimation of the effect at highest
dose (right picture). The smallest relevant dose is the dose with effect δ = 5.

apply optimal design theory. For a general background on optimal design of
experiments, we refer to Silvey (1980); Atkinson et al. (2007).

Let us consider a non-adaptive design which is characterised by allocation
ratios wd ≥ 0,

∑k−1
j=0 wj = 1, for the dose xd, d = 0, . . . , k−1. We estimate the

dose-response curve with the least square estimation in our assumed Emax-
sigmoid model. The variance of the estimated difference in the effect between
a dose x and placebo (dose 0) is approximately proportional to

d(x, ξ, ϑ) = (g(x, ϑ)− g(0, ϑ))
⊤
M−1(ξ, ϑ) (g(x, ϑ)− g(0, ϑ))

where

M(ξ, ϑ) =

k
∑

j=1

wjg(xj , ϑ)g
⊤(xj , ϑ)

is the information matrix, and

g(x, ϑ) =

(

∂f(x, ϑ)

∂E0
,
∂f(x, ϑ)

∂Emax
,
∂f(x, ϑ)

∂ED50
,
∂f(x, ϑ)

∂α

)⊤

=

(

1,
xα

EDα
50 + xα

,
−EmaxαED

α−1
50 xα

(EDα
50 + xα)2

,
EmaxED

α
50x

α(log x− logED50)

(EDα
50 + xα)2

)⊤
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is the gradient of the dose-efficacy-function with respect to ϑ, see also Miller
et al. (2007); Fackle-Fornius et al. (2015).

If there exists no dose within the dose range up to xmax with an effect of at
least δ compared to placebo, we just have to maximise 1/d(xmax, ξ, ϑ). If there
exist doses within this dose range with the required effect, we want to minimise
the average variance of the estimates for f(x, ϑ)− f(0, ϑ), x ∈ [xδ, xmax], and
use the IL-criterion with L = 1, see Fedorov (1972); Dette and O’Brien (1999).
Therefore we search a design ξ with large value of the following criterion
function:

Φ(ξ, ϑ) =

{

{

1
xmax−xδ

∫ xmax

xδ

d(x, ξ, ϑ) dx
}−1

, if f(xmax, ϑ)− f(0, ϑ) > δ,

1/d(xmax, ξ, ϑ), if f(xmax, ϑ)− f(0, ϑ) ≤ δ.
(1)

We define the relative efficiency of an arbitrary design ξ with respect to
the balanced design ξ0 (used as reference design) by

Eff(ξ, ϑ) = Φ(ξ, ϑ)/Φ(ξ0, ϑ).

For example, an efficiency of 1.25 means that the balanced design would need
25% more patients than the design under consideration to obtain estimates
with approximately the same precision.

Optimal designs for Emax dose-finding models based on other optimality
criteria have been derived in the literature. Burman (2015) presentsD-optimal
designs for the Emax-sigmoid model. Magnusdottir (2013) derives c-optimal
designs for the bivariate Emax model. Dette et al. (2008) consider MED-
optimal designs for estimation of the minimum effective dose.

Usually, there exists prior knowledge about possible dose-response scenar-
ios before the study starts. Miller et al. (2007) have investigated an example
based on an AstraZeneca study with seven possible dose-response scenarios.
In this paper, we use as example three possible scenarios: an optimistic sce-
nario, a pessimistic scenario, and a scenario with good effects only at high
doses, see Table 1 and Figure 2. In Table 1, the parameter E0 is not included,
since we treat the placebo effect as nuisance parameter and our investigation
does not depend on the value of E0. Further, a standard deviation of σ = 10 is
assumed leading to reasonable signal-to-noise ratios in clinical studies. With
the knowledge before the study, we assume that the prior probabilities for the
three scenarios are 0.35, 0.35, and 0.30, respectively.
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Figure 2: Prior knowledge about dose-efficacy scenarios (Example 1)

Table 1: Parameters for the dose-efficacy scenarios (Example 1)

Scenario Emax ED50 α prior prob. πj

Optimistic 16.8 70 1 0.35
Pessimistic 11.2 200 1 0.35
Good-high-doses 11.2 70 4 0.30

3 Description of the considered designs

Once we have described the assumed model and the objective of the trial, we
can describe the four considered designs in more detail. In the simulations in
the next sections, we consider a total sample size of n = 300 patients.

3.1 Balanced design

Since we have n = 300 patients and k = 6 treatment arms, we have n/k = 50
patients per treatment arm.
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Table 2: Optimal non-adaptive design
Dose xd 0 20 40 60 80 100
Weight wd 0.385 0.038 0.062 0.096 0.119 0.300
nd 115 11 19 29 36 90

3.2 Optimal non-adaptive design

As mentioned before, a non-adaptive design is characterised by the allocation
ratios w0, w1, . . . , wk−1 for the treatment arms 0 (placebo) and 1, 2, . . . , k− 1
(active doses). In common notation for experimental design, a design char-
acterised by the observational points (here doses) and their allocation ratios
(weights) is often called ξ and can be written as

ξ =

(

x0 x1 . . . xk−1

w0 w1 . . . wk−1

)

.

Our prior knowledge consists of three different scenarios which we can call
ϑj with j = 1 for the optimistic, j = 2 for the pessimistic and j = 3 for the
good-high-doses scenario. We are interested in the design ξ (i.e. the weights
wd) which maximises the average efficiencies for the scenarios,

3
∑

j=1

πjEff(ξ, ϑj), (2)

using the prior probabilities π1 = π2 = 0.35, π3 = 0.30 (see Table 1). We
call this design optimal non-adaptive design. We have calculated this optimal
design by a numerical method using a first order exchange algorithm, see e.g.
Atkinson et al. (2007), see Table 2. The patient numbers nd are obtained by
rounding 300wd (while ensuring a total sum of 300).

The approach to maximize average efficiencies (2) is called “optimal-on-
average approach” in contrast to a “maximin approach” where the minimal
efficiency over the scenarios is maximised, see Fackle-Fornius et al. (2015).

3.3 Adaptive two-stage design

For this design, we start as above with the optimal non-adaptive design but
only for the first part of the study with 100 patients. Given the weights in
Table 2, the patient numbers are 38, 4, 6, 10, 12, 30 for doses 0, 20, . . . , 100,
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respectively (rounding 100wd and ensuring a total sum of 100). Based on the
results Ydi of 100 patients, we calculate posterior probabilities for the three
scenarios according to the Bayes formula. With these posterior probabilities,
we calculate a new optimal non-adaptive design for the whole 300 patients.
We do this in the same way as we did before with the only exception that
we optimise restricted to the fact that we have already a certain number of
patients treated with each dose. In practice, it takes some time to collect and
analyse the data from the first part of the study while recruitment of new
patients is ongoing. Therefore we assume that even patient number 101 to
140 are included according to the starting design. Then, for patient number
141 to 300, the new optimal non-adaptive design is applied.

3.4 Fully sequential adaptive design

As before we assume that we include 140 patients according to the optimal
non-adaptive design. When patient 141 enters the study, the results of the first
100 patients are analysed, posterior probabilities calculated and the treatment
of this patient is chosen in order to maximise our optimality criterion. We
continue in this way, updating the posterior probabilities on an ongoing basis
for determining the treatment of the next patient. We assume throughout the
study that we have a lag of 40 patients, i.e. when including patient number
i+ 1, the results of i− 40 patients are available.

4 Efficiency for designs

For each scenario and each design, we performed 5000 simulations. Based on
these simulations, we calculated relative efficiencies between the designs.

We need simulations as available asymptotic formulae for the efficiency is to
crude for finite sample sizes when adaptive designs are considered. Therefore,
we compute mean squared errors (MSE) of the estimates in the simulations.
More precisely, for a certain design and a certain simulation scenario, we
obtain the MSE at dose x for estimation of f(x)− f(0) by

MSE(x, ξ, ϑ) =
1

s

s
∑

l=1

[

{f̂l(x)− f̂l(0)} − {f(x)− f(0)}
]2

,

where s is the total number of simulations and f̂l denotes the estimated func-
tion in the lth run of the simulation. We replace then in equation (1) the
function d(x, ξ, ϑ) by MSE(x, ξ, ϑ) and calculate Φ; if the scenario is such

9
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Table 3: Efficiency gain (Example 1)

Scenario Efficiency gain
from balanced from optimal from adaptive

to optimal non-adaptive to two-stage to
non-adaptive adaptive two-stage fully sequential

Optimistic +12% +10% +3%
Pessimistic +62% +1% ±0%
Good-high-doses -4% +7% +8%
Overall +24% +6% +3%

that the first part of the Φ-formula applies we use numerical integration over
[xδ, xmax] where δ = 5 and xδ depends on the scenario. Then Φ(ξb, ϑ)/Φ(ξa, ϑ)
gives us the relative efficiency of Design ξb relative to Design ξa.

We went step by step and calculated the efficiency gain from the balanced
design to the optimal non-adaptive design, from the optimal non-adaptive
design to the adaptive two-stage design and finally from the adaptive two-
stage to the fully sequential design. Results are summarized in Table 3.

We see a quite large efficiency gain of +24% from the balanced design to
the optimal design, which is mainly due to an efficiency gain if the underlying
scenario is the pessimistic one (+62% efficiency gain; note that the increased
allocation to the highest dose is especially important in this scenario). Sur-
prisingly, we cannot improve it much further with the considered adaptive
designs: if we use the adaptive two-stage design, we gain additionally +6%,
and if we go even further and adapt after each patient, we can gain +3% more
efficiency. With these moderate efficiency gains for the adaptive design it is in
most situations hard to justify the additional complexity of an adaptive trial.

Why is there not more gain from adaptive dosing? Let us consider for
example the optimistic scenario and the comparison between the optimal non-
adaptive design and the adaptive two-stage design with average efficiency gain
of 10% (see Table 3). The cumulative distribution function for the MSE from
the simulations of the optimal non-adaptive design and the adaptive two-
stage design are shown in Figure 3 (a). We can see that the cumulative
distribution function for the adaptive design is mostly above the function
for the non-adaptive optimal design which reflects smaller MSE. However, if
we look closer into the tail region of the distribution (Figure 3 (b)), we see
that this is reversed in the part above 0.97 (i.e. for the largest 3% of the
MSE). In the part with large MSE, the adaptive design is even worse than the
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Figure 3: Cumulative distribution function of the MSE for the optimal non-
adaptive design and the adaptive two-stage design (optimistic scenario). (a)
Left figure: whole cumulative distribution, (b) Right figure: tail of the cumu-
lative distribution

non-adaptive. Since the large MSE have also a high impact on the average
efficiency of a design, these approximately 3% of the simulations contribute
that the efficiency of the adaptive two-stage design becomes not too good
compared to the optimal non-adaptive design. How can the high MSEs be
interpreted? Due to the assumed variability, some of the simulations have
interim data suggesting a totally different dose-response-shape compared to
the true scenario. In these cases, the problem for the adaptive design is that
an inferior design is chosen for the part after the interim analysis based on
the wrong interim estimate. This has then an additional negative impact on
the precision of the final estimate.

5 When is an adaptive design useful?

We modify now the prior assumptions in order to investigate in which cases
adaptive designs are useful compared to the non-adaptive optimal design. In
our first modification (Example 2), we change the optimistic scenario to a
“realistic” (Emax = 11.2, ED50 = 70, α = 1) which is closer to the other two
scenarios, see Figure 4. Otherwise, we change nothing: we keep the other two
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Figure 4: Prior knowledge about dose-efficacy scenarios (Example 2)

scenarios and prior probabilities.
The efficiency gains based on 5000 simulations per scenario and design are

summarised in Table 4. We have an even larger gain from the balanced to
the optimal non-adaptive design. We explain this as follows: The scenarios
are more similar compared to the example before. Therefore, a non-adaptive
design can be better optimised for all scenarios simultaneously. But when we
go further to adaptive designs we have even an efficiency loss. When there is
a good understanding prior to the trial with a few possible scenarios which
are not too different, then there is no need to introduce interim analyses for
design modification. In these cases, interim analyses could rather lead to an
inferior design due to the variability in the data used for interim decisions.

In our second modification (Example 3), we use exactly the same scenarios
and prior probabilities as in the main example (Example 1, see Figure 2). We
change only the underlying variability. Instead of the assumption σ = 10 in
Example 1 and 2, we use σ = 6. Again, we performed 5000 simulations per
scenario and design with results shown in Table 5. As before, we have a good
gain with the optimal non-adaptive design. In contrast to the examples before,
we see also a good gain with the adaptive two-stage design (+16%) which is
similar for all three scenarios (+18, +13, +16%, respectively). An additional
gain of 5% is made when using the fully sequential design. In this example,
we have seen that the adaptive dosing has value which could justify the more
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complicated logistics of an adaptive trial. Here, the possible scenarios are
sufficiently different in relation to the underlying variability. This makes it
possible to obtain good information from the interim analysis to improve the
prior probabilities to reliable posterior probabilities for the scenarios.

6 Discussion

We have seen that there is a large gain in efficiency when optimal design
theory is applied and an optimal non-adaptive design is chosen instead of a
traditional balanced design. Using interim data to change allocation ratios
(adaptive dosing) is an attractive concept but it depends on the situation
whether it can lead to a further gain in efficiency or not. This is in line with
the observation from a recent simulation study, McCallum and Bornkamp
(2015), concluding that “the benefit of including an interim analysis has not
been shown to universally to improve the performance of a dose-finding study”.

If the possible scenarios are similar or the variance is large, decisions based
on interim data could lead into the wrong direction. In these cases, an optimal
non-adaptive design might be the better choice. If differences between the
possible scenarios are large (in relation to the variability of data in interim
analysis), there is a clear gain from adaptive dosing.

Most investigations in this context are forced to build on simulation stud-
ies as available asymptotic formulae for the efficiency of adaptive designs are
to crude for finite sample sizes. However, in the context of a simplified dose-
response model (one-parameter model), Dette et al. (2013) successfully de-
rived explicit expressions for the asymptotic efficiency of the adaptive design
which are precise and suited for comparison. Based on these expressions, they

Table 4: Efficiency gain (Example 2)

Scenario Efficiency gain
from balanced from optimal from adaptive

to optimal non-adaptive to two-stage to
non-adaptive adaptive two-stage fully sequential

Realistic +48% -4% -1%
Pessimistic +64% +2% -6%
Good-high-doses +8% -1% +2%
Overall +42% -1% -2%
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Table 5: Efficiency gain in case of small variance σ2 = 62 (Example 3)

Scenario Efficiency gain
from balanced from optimal from adaptive

to optimal non-adaptive to two-stage to
non-adaptive adaptive two-stage fully sequential

Optimistic +13% +18% +5%
Pessimistic +79% +13% +4%
Good-high-doses -3% +16% +6%
Overall +31% +16% +5%

were able to compare the efficiency of non-adaptive and adaptive design in
this setting. The combined evidence from simulation studies and algebraic
investigations for simplified models gives a good picture about when adaptive
designs are useful.

Once it is concluded that an adaptive design is useful, it remains the ques-
tion whether it is feasible for the study to be planned. Logistical issues need
to be resolved before such a design can be applied. Miller et al. (2014) discuss
an example where a simplified adaptive dose-finding design was conducted.
The use of an interim analysis offers the important benefit that the study
can be stopped early (so called futility stopping) when results in the interim
suggest that no dose of the drug will be useful.

A further important point for adaptive designs is that the statistical in-
ference at the end of the trial need to take the adaptivity into account. Note
that in the context of clinical studies significance tests and their frequentist
properties (type I error and power) are of importance. For example Miller
(2010) has derived a trend-test which controls the type I error for an adaptive
two stage dose-finding trial.
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