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1. Combining phases II and III

Evaluation of new drug usually involves trials in several phases

Phase II
- exploratory
- selects best from a number of treatments (or doses)

Phase III
- compares selected treatment with placebo
- confirmatory analysis (controls type I error rate)

Phase II/III trial

- aims to combine both aspects in single trial
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Seamless phase II/III trial

Single trial conducted in two stages

Stage 1 (‘phase II’ part)
- k doses + placebo (k > 1)
- n1 observations in each treatment group
- conduct interim analysis to select most promising treatment

Stage 2 (‘phase III’ part)
- selected treatment + placebo
- further n2 − n1 observations in each group

Final analysis
- use data from both stages on selected treatment and placebo
- control overall type I error rate to provide valid comparison
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Group sequential procedure

Response Yij ∼ N(µi, σ
2) for treatment i, i = 0, . . . , k

Let θi = µi − µ0 and test H0i : θi ≤ 0 vs. θi > 0, i = 1, . . . , k

Stage 1: Obtain θ̂i1 and select treatment with largest θ̂i1
Stage 2: Obtain θ̂i2 for selected treatment using all data

(Thall, Simon and Ellenberg, Biometrics, 1989; Stallard and Todd, Stat Med, 2003)

Consider distribution of score statistics:
Sij = θ̂ijIij is efficient score statistic for θi
Iij = 1/var(θ̂ij) = Ij is Fisher’s information for θi (same all i)

Use joint distribution of Si1 and Si2 to get distribution of
max{Si1} and associated Si2.
Hence obtain critical value for final test to control overall type I
error rate
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In detail, we have
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Let X0 be r.v. with X0 ∼ N(0, I1/2), cov(X0, Si1) = −I1/2
Xi = Si1 +X0 ∼ N(θiI1, I1/2) independent with
arg max{Xi} = arg max{Si1}
Obtain density of max{Xi} and hence of max{Si1}; under H0;∫ ∞
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(Si2 − Si1) ∼ N(θi(I2 − I1), (I2 − I1)) independent of Si1
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Example and simulation study

k = 3 experimental treatments plus placebo control
Stage 1: n1 = 40 patients per group
Stage 2: n2 = 200 patients per group in total

Method Stage 2 Type I Power
critical error (θ1 = θ2 = 0, θ3 = σ/3)
value from 100,000 simulations

Phase II/III design 2.19 0.0256 0.782

Separate trials 1.96 0.0244 0.754
Pick at random 1.96 0.0255 0.321
Use best only 1.96 0.916
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Conclusions (so far)

Can combine phases II and III in a single trial
- use data from both phases in final analysis
- control overall error rate
- gain over traditional design approach
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2. Using short-term endpoint information

May observe short-term or surrogate endpoint in stage 1

Stage 1: (long-term endpoint) data for n1 per group

Stage 2: (long-term endpoint) data for n2 in total per group
short-term endpoint for N1 per group (n1 ≤ N1 ≤ n2)

Can we use short-term endpoint data to improve treatment
selection?
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Bivariate model

Normally distributed endpoints:
short-term Xij with mean νi for dose i, i = 0, . . . , k
long-term Yij with mean µi for dose i, i = 0, . . . , k

Joint distribution(
Xij

Yij

)
∼ N

((
νi
µi

)
,

(
σ20 ρσσ0
ρσσ0 σ2

))

Treatment effect of interest: θi = µi − µ0, i = 1, . . . , k
(not φi = νi − ν0, i = 1, . . . , k)
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Group-sequential procedure

Stage 1: Obtain θ̂i1 and select treatment with largest θ̂i1
Use ‘double regression’ method:

rewrite as model for Xij and model for Yij | Xij

regress Xij on treatment group for j = 1, . . . , N1

regress Yij on Xij and treatment group for j = 1, . . . , n1
Stage 2: Obtain θ̂i2 for selected treatment using all long-term data

(Engel and Walstra, Biometrics, 1991; Stallard, Stat Med, 2010)

θ̂i1 ∼ N(θi, 2σ
2/n∗1), corr(θ̂i1, θ̂j1) = 1/2, i 6= j

θ̂i2 ∼ N(θi, 2σ
2/n2), cov(θ̂i1, θ̂i2) = var(θi2)

where n∗1 =
(

1
n1
− ρ2

(
1
n1
− 1

N1

))−1
is ‘equivalent sample size’

Get score statistics and use joint distribution to construct critical
values to control overall type I error rate
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Example and simulation study

k = 3 experimental treatments plus placebo control
Stage 1: short-term data on N1 = 100 patients per group

long-term data on n1 = 40 patients per group
Stage 2: long-term data on n2 = 200 patients per group in total

ρ Effective Expected Type I Power
stage 1 stage 2 critical error (θ1 = θ2 = 0, θ3 = σ/3)
n/gp value from 100,000 simulations

0.0 40 2.19 0.0256 0.782

0.5 47 2.20 0.0246 0.802
0.6 51 2.21 0.0246 0.810
0.7 57 2.22 0.0245 0.819
0.8 65 2.23 0.0249 0.829
0.9 80 2.25 0.0246 0.839
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3. Conclusions and comments

Can combine phases II and III in a single trial
- use data from both phases in final analysis
- control overall error rate
- gain over traditional design approach

Can use additional short-term data for treatment selection
- further gains in power

Group-sequential approach enables extensions to allow
- early stopping for efficacy or futility
- more stages following treatment selection
- construction of eg repeated confidence intervals
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